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Foreword

The mathematics underlying computer vision can be traced back to the work of
A. Rosenfeld on the digital topology,’ G. Matheron” on decidability through reg-
ionals, and J. Serra® on mathematical morphology. Digital topology begins with the
separation of the pixels in a digital image into subsets called segments and studying
the basic properties of the subsets such as adjacency and connectedness. It was
G. Matheron who suggested regionals as a basis for decideability and called
attention to the importance of a hit-or-miss topology in the study of closed compact
subsets in a bounded region in R?. And it was J. Serra who suggested using hit-or-
miss topology* as a basis for mathematical morphology. In practice, we start with a
small set called a structuring element A, used to probe the parts of a binary image.
A probe is used to check whether A, hits a subset B (the intersection A, N B is not
empty) in an image viewed as a hyperspace (collection of closed subsets of a
topological space) or whether A;, misses B (A, N B is empty).

Digital topology has its roots in the work by Archimedes and Apollonius in
defining the locations of points in a plane by their distances from two straight lines
and later by R. Descartes in defining nonnegative coordinates in the plane. Negative
coordinates were introduced by I. Newton. The set theoretic view of digital images
can be traced back to the work by H. Poincaré on the similarities between point-sets
in a physical continuum® and by F. Hausdorff on topological spaces,® focusing on
open and closed sets and on metrizable spaces (spaces that are homeomorphic to
metric spaces). It was Hausdorff who pointed out that every point has a least one
neighborhood.”

see [1].

see, e.g., [2].

see, e.g., [3].

For a detailed view of hit-or-miss topology, see [4].

see, e.g., [5].

see, e.g., [6].

For a detailed view of various types of neighborhoods in digital images, see [7].



vi Foreword

Appropriately, this book begins with an introduction to morphological image
analysis for computer vision applications by Yu.V. Vizilter, Yu.P. Pyt’ev, A.L
Chulichkov, and L.M. Mestetskiy. These authors focus on skeleton-based contin-
uous binary morphology, a morphological pattern spectrum, and what is known as
Pyt’ev morphology. The notion of a skeleton (middle set of points) of a closed
region in the Euclidean plane is a locus of centers of maximum empty circles. This
leads to a very interesting presentation of what is known as a discrete morpho-
logical pattern spectrum.® The Pyt’ev morphology is based on vector algebra and
functional analysis, whereas the Serra morphology is based on nonlinear set-the-
oretic (complete lattice) models.

The central motifs in this book are threefold.

1. Mathematical morphology
Morphological spectral patterns and Pyt’ev morphology (Yu.V. Vizilter, Yu.P.
Pyt’ev, A.I. Chulichkov and L.M. Mestetskiy, Chap. 2), fuzzy morphological
contour basis for image segmentation (V.L. Fox, M. Milanova, S. Al-Ali, Chap. 8).

2. Image correspondence
Structural image similarity based on spectral criteria (Y.S. Radchenko, A.V.
Bulygin, Chap. 3), digital image correlation (R. Kountchev, R. Kountcheva,
Chap. 4), recognition of digital images with geometric transforms (V. Lutsiv,
Chap. 95).

3. Image-Based Signal analysis
Energy and phase-energy spectra in analysing interframe differences in video
signals (A. Bogoslovsky, I. Zhigulina, Chap. 6), cooperative measurement using
multiple visual motion sensors (S. Gepshtein, I. Tyukin, Chap. 7), digital video
stabilization via motion vector separation using fuzzy set theory (M. Favorskaya,
L.C. Jain, V. Buryachenko, Chap. 9), Strip-method of image transformation that
entails cutting a 1-dimensional signal into n strips, forming an n-dimensional
vector, mixing and superimposing image fragments on each other using a
Hadamard matrices and variations of such matrices (L. Mironovsky, V. Slaev,
Chap. 10), and criteria useful in estimating the efficiency of telecommunication
systems (A.A. Borisenko, V.V. Kalashnikov, A.E. Goryachev, N.I. Kalashnykova,
Chap. 11).

This book ably demonstrates the utility of the basic mathematical framework
provided by morphology (and its underlying attention to aspects of set theoretic
topology and the basic geometric structures found in digital images) as well as the
utility of a variety of approaches in image correspondence detection and image-
based signal analysis. The interplay of these concepts is cogently demonstrated by
the contributors to this volume.

8 In this book, see, e.g., Fig. 2.14, page 30.
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Foreword vii

I strongly recommend this book as a concise and very original introduction to the
mathematical foundations of image analysis and the practical application of the
mathematics across a broad spectrum in the study of digital images.

June 2014 James F. Peters
Department of Electrical and Computer Engineering

University of Manitoba

Winnipeg, MB, Canada

and

Faculty of Arts and Sciences
Department of Mathematics
Adiyaman University
Adiyaman, Turkey
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Preface

The research book is focused on the recent advances in computer vision method-
ologies and technical solutions using conventional and intelligent paradigms. The
contemporary solutions based on advanced mathematical achievements emphasize
more information and visual monitoring in natural and human environment. The
real challenge of designing such observation models are to make them close to
realistic visualization and interpretation of events in our world.

The book presents some of the research results from some of the most
respectable researchers in the field of computer vision stressing on mathematical
theory. Of the 11 chapters, the first chapter presents a brief introduction of the
chapters presented in the book. Chapter 2 is on the Morphological Image Analysis
for Computer Vision Applications. Chapter 3 presents techniques for Detecting the
Structural Changes in Computer Vision. Chapter 4 is on Hierarchical Adaptive KL-
based Transform: Algorithms and Applications. Chapter 5 is on Automatic Esti-
mation for Parameters of Image Projective Transforms Based on Object-invariant
Cores. Chapter 6 is on the Analysis of Energy for Image and Video Sequence
Processing. Chapter 7 is on Optimal Measurement of Visual Motion Across Spatial
and Temporal Scales. Chapter 8 presents the Analysis of Scene Using Morpho-
logical Mathematics and Fuzzy Logic. Chapter 9 is on Digital Video Stabilization
in Static and Dynamic Scenes. Chapter 10 presents the Implementation of Had-
amard Matrices for Image Processing. The final chapter is on A Generalized Cri-
terion of Efficiency for Telecommunication Systems.

The book is directed to the Ph.D. students, professors, researchers and software
developers working in the areas of digital video processing and computer vision
technologies.

We wish to express our gratitude to the authors and reviewers for their contri-
bution. The assistance given by the Springer-Verlag and team is acknowledged.

Russia Margarita N. Favorskaya
Australia Lakhmi C. Jain
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Chapter 1
Development of Mathematical Theory
in Computer Vision

Margarita N. Favorskaya and Lakhmi C. Jain

Abstract This chapter presents a brief description of chapters devoted to the
theoretical development of computer vision. Original investigations in mathemat-
ical morphology, estimations of structural changes, the hierarchical adaptive
Karhunen-Loeve and projective transforms, among others, provide the great con-
tribution in mathematical foundations of computer vision. Each theoretical chapter
involves practical implementations, which demonstrate the merit of proposed
methods in practice.

Keywords Computer vision - Image processing - Videos processing

1.1 Introduction

In the past decades, computer vision techniques have progressed significantly and
are widely used in many implementations of control systems. Great advances have
been made in image filtering, segmentation, pattern recognition, and events
understanding. However, the excellent mathematical models and methods cannot be
directly applied in many practical situations. The majority of efforts focus on
designing the efficient and real-time methods to analyze images and video data on
various levels of processing. The contemporary solutions based on advanced
mathematical achievements emphasize on more information and visual monitoring
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in natural and human environment. The goal of current investigations is designing
such observation models, which are close to realistic visualization and interpretation
of events in our world.

1.2 Chapters Included in the Book

The main purpose of this research book is to present a sample of research results on
recent advances in computer vision. This book includes eleven chapters on the
“Mathematical Theory” aspect of the computer vision.

Chapter 2 introduces the morphological framework as a very wide theoretical
platform for creation of mid-level image analysis tools for specialized computer
vision applications. It utilizes the structural image modeling and decides some
image filtering, segmentation, and comparison problems. Mathematical Morphol-
ogy (MM) by Serra [1] and Matheron [2] is still the most well-known version of
MM until these days. Another morphological approach proposed by Pyt’ev is based
on geometrical and algebraic reasoning. In the framework of Pyt’ev morphology,
images are considered as piecewise-constant 2D functions [3]. The tessellation of
image frame by a set of non-intersected connected regions with constant intensities
determines the “shape” of the image. The main idea of this approach is the pro-
jection of one image onto the shape of other image. The detection of morphological
changing is performed by comparison of image and its projection to the reference
image. Such morphological tools are invariant relative to image intensity transforms
and stable relative to noise. The idempotent operators such as morphological filters
or projectors are introduced using a concept of figure filling by structured elements.
In other version, morphological filters are based on merging of grayscale image
connected regions (“flat” zones). The continuous binary morphology is based on
computational geometry and provides very fast tool for computation of continuous
figure skeletons using approximation of 2D binary image by region border poly-
gons and calculation of Voronoi diagram for segments these polygons [4]. A
skeletal representation of the figure is formed as its skeleton and the radial function
determined in skeleton points. The projective morphology is a generalized frame-
work based on Serra’s MM and Pyt’ev’s Morphological Analysis. It combines the
ideas of both morphological approaches and allows construction of some new
morphological systems and operators based on different image decompositions and
transforms and/or criterions (energy functions). Criterion-based projective mor-
phological filters are implemented using numeric optimization techniques (linear
programming, dynamic programming, graph cutting, and so on) [5]. The mor-
phological spectrum as a multi-scale morphological shape analysis tool based on
“granulometry” also contains in this chapter.

Chapter 3 discusses the criteria of Mean Structural Similarity Index Measure
(MSSIM) and the developed Mean Nonparametric Structural Similarity Index
Measure (MNSSIM), as well as the spectral algorithm for detecting structural
changes in a frame, which have been used to good effect in video codec analysis [6].
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These criteria provide the estimations for structural (texture) variations of images.
The growing popularity of these criteria is proved by their quite appropriate com-
pliance with the human vision system [7]. The detection of variations in the image
segment structure is based on spectral and correlation analysis of space-time fields.
At present, the quasi-optimum heuristic algorithms applying variations of field
correlation features, non-invariance of spectrum in various bases (in relation to a
segment movement and change of their texture features) exist. The different esti-
mation methods and algorithms for images presented by numbered blocks as well as
the criteria and metrics being a basis to detect these differences are investigated. In
this chapter, the reader can find practical examples using of pixel and spectral
algorithms in image analysis.

Chapter 4 investigates a novel approach to process a single image or sequences
of frames through the Hierarchical Adaptive Karhunen-Loeve (KL)-based Trans-
form (HA-KLT). This approach is suitable for image block coding and for inter-
frame processing of correlated frames in groups [8]. The basic aim of a new
transform is to achieve a decorrelation of the image blocks, respectively of all
frames in the processed group. This is realized by a multiple applying of the HA-
KLT. After each level of the hierarchical transform, all sub-blocks (respectively
groups) are rearranged so, that the components with highest correlation, which are
obtained in the preceding level, would be placed in a new sub-blocks of the current
level. The kernel of the multi-level transform is the Adaptive KL Transform
(AKLT). The AKLT with a transform matrix of size 2 x 2 and 3 x 3 is used for the
processing of the image sub-blocks and the pixels with same position in the sub-
groups of frames respectively. The algebraic method for the calculation of the
elements of the AKLT transform matrix of size 2 x 2 and 3 x 3 is presented in this
chapter. The 2D and 3D HA-KLT algorithms for the blocks of a single image and
for inter-frame processing of sequences (groups) of frames are also developed [9].
The computational complexity of these algorithms is compared with the “classic”
KLT. On the one hand, the proposed approach ensures a higher accuracy of color
segmentation in all cases, when a distribution of color vectors is not Gaussian. This
is achieved by using a polynomial kernel for the color space expansion, after which
the HA-KLT is applied to the expanded color vectors. In result, a decorrelation of
the transformed vectors and an information concentration in their first components
are achieved. On the other hand, this permits to reduce a number of components of
the transformed vectors, retaining the first two only. In a new 2D space, the color
vectors clusterization in respect to RGB space is enhanced, and they can be clas-
sified with high accuracy by using the support vector machine algorithm or other
similar methods [10]. The HA-KLT method is a basis for the creation of novel
efficient algorithms for a fusion of 3D images in face recognition task, an objects
tracing in videos, a compression with movement compensation and without visual
quality loss of TV and multi-view visual information, medical and multispectral
images, etc [11].

Chapter 5 provides the design of object-invariant cores, which correspond to all
types of spatially compact object images (previously segmented from a back-
ground), under the affine and projective transformations caused by an image
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projection through the spherical (or almost spherical) lenses being the traditional
parts of photo- and video-cameras [12]. The object-invariant core is synthesized by
means of truncating the high-frequency harmonics in a spatial image spectrum.
These rejected high-frequency harmonics present the object peculiarities, while the
rest (extremely low-frequency) harmonics contain the information about spatial
image transformations. It is shown that such object-independent core is mathe-
matically described by elliptic paraboloid (quadratic parabola in 1D image pro-
jection). All parameters of affine geometric transformation (except a rotation and a
mirror-like reflection) are measured analytically from this object invariant core. The
parameters of rotation and mirror-like reflection are calculated from the cyclic
narrow-band harmonic cores of image projection on the angular coordinate in a
polar system. While the 6-parametric affine transformation is entirely linear, the full
projective transformation contains additionally a nonlinear part described by two
additional parameters. Due to this nonlinearity, the specific parameters of projective
transformation cannot be measured analytically. A novel iterative optimization
procedure is proposed to measure all parameters of projective transformation [13].
It is proposed to measure the missing parameters of projective transformation by a
displacement of object-invariant core under the test transformations. The conver-
gence of iterative measurement procedure is rigorously proven. At the end of the
chapter, the examples of practical applications for automatic measurement of all
projective transformation parameters are presented.

Chapter 6 presents a way of energy analysis for image and video sequence
processing as a preliminary processing in vision systems [14]. Usually the object
movements are determined by the analysis of an Inter-Frame Difference (IFD) in
video signals. It is the simplest universal method. However, it doesn’t exhaust
opportunities for intelligent processing, especially in extremely low luminance. The
IFD of energy spectrums and phase-energy spectrums are considered as an alter-
native analysis. The phase-energy spectrum is a product of partial derivatives in
spatial phase-frequency spectrum over their spatial frequencies. It provides the
detailed information about motion in finite frames [15]. The modeling of the IFD of
frequency responses shows the necessity of analysis for pixels located near the
moving boundaries. A processing of such pixels intensities increases a probability
of movement’s detection. Also distortions of moving object’s shape, movement’s
characteristics, and a quantity of moving objects are possible to define based on the
analysis of the IFD types. The phase-energy spectrums are used for edges analysis,
if any movement is detected in a scene. The analysis of the energy spectrums is
applied to design the effective 2D filters. The changes of the energetic indexes in
static images determine the efficiency function on a whole set of impulse responses
of the filter. The function of efficiency has a positively certain quadratic form with
the coefficients of energy spectrum decomposition into the 2D Fourier series over
the cosines. The analysis of stationary points by using this function of efficiency
allows to synthesize the optimum and the quasi-optimum 2D filters. The proposed
way of energy analysis provides some novel possibilities, for example, the detection
of objects with extremely small contrast image.
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Chapter 7 studies on how visual motion can be estimated at the lowest overall
uncertainty of measurement across the entire range of useful sensor sizes (in artificial
systems) [16] or the entire range of receptive fields (in biological systems). In other
words, the following is an attempt to develop an economic normative theory of
motion-sensitive systems. Such norms are derived for efficient design of systems,
and then the norms are compared with facts of biological vision. This approach from
the first principles of measurement and parsimony helps to understand the forces that
shape the characteristics of biological vision. These characteristics include the
spatiotemporal contrast sensitivity function, the adaptive transformations of this
function caused by stimulus change, and also some characteristics of the higher-level
perceptual processes such as perceptual organization [17]. In the following, the
minimax strategy is implemented by assuming the maximal (worst-case) uncertainty
of measurement on the sensors that span the entire range of the useful spatial and
temporal scales. This strategy is used in two ways. First, the consequences of
Gabor’s uncertainty relation are investigated by assuming that the uncertainty of
measurement is as high as possible. Second, the outcomes of measurement on
different sensors are anticipated by adding their component uncertainties.

Chapter 8 presents the segmentation of natural images as a challenging task in
image processing. Many methods have been proposed in the literature regarding
algorithms for segmentation of such images [18]. Many of algorithms are complex
in nature and inefficient in practice with unaltered images. In order to efficiently use
the algorithms it is beneficial to pre-process the natural images. However, natural
images often involve subjects and background that are not easily quantified with
crisp pre-processing parameters. A partial solution to the problem of segmenting
complex images is to use features that discriminate in the active contour algorithms
[19]. These feature descriptions range from curvature to the orientation of level sets
and usually result in better segmentation. An unfortunate side effect of using feature
discriminates is that the complexity of the algorithm greatly increases resulting in
even higher computational cost and difficulty in implementing the method. The goal
is to develop a morphological level set active contour segmentation method that can
robustly and efficiently segment multiphase textural images of high complexity
[20]. To do this the usage of region statistics inside and outside the contour,
membership functions from fuzzy logic methodology, and a Gaussian kernel
function are required. In this chapter, a number of existing methods for shape
feature extraction and representation are presented. At the end, application exam-
ples for using object shape representation in application for object recognition and
human activity recognition are show.

Chapter 9 is devoted to digital video stabilization oriented on removal of
intentional motions from video sequences caused by camera vibrations under strong
wind in static scenes, by motion of robots unstable platforms in dynamic scenes, or
jitters during a human hand-held shooting [21]. The analysis of dynamic scenes is
required in advanced intelligent methods and directly depends from a problem
statement. Several sequential stages connect with the choice of anchor frame, local
and global motion estimations, and the jitters compensation algorithm. The choice
of anchor frame into static scenes may be random with duration 1 s or 24 frames. In
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the case of dynamic scene, the additional problem of scenes’ separation should be
solved for receiving a ‘good’ anchor frame. Most existing methods and algorithms
do not work in real time. For investigation purposes, a non-real time approach is
developed, however practical applications need in fast and reliable solutions.
Several strategies are used for Local Motion Vectors (LMVs) building based on the
keypoint detectors and block-matching algorithm [22]. The application of fuzzy
logic operators improves the separation results between the unwanted motion and
the real motion of rigid objects. For dynamic scenes, the kurtosis estimations are
calculated and tracking curves are built in the case of small vibrations, and frame
interpolation is applied, if vibrations have large values. The fuzzy model based on
triangular, trapezoidal, and S-shape memberships partitions the LMVs concerning
them to an unwanted camera motion and objects motion into a scene. The output of
fuzzy logic model indicates a final reliability of matching quality by using the
Takagi-Sugeno-Kang model. Such zero-order fuzzy model generates the quality
index (a value in the range [0, 1]). The quality of the points matching is classified
into four categories: excellent, good, medium, and bad. Therefore, fuzzy logic is
used for improvement of local and global motion estimations and determines the
novelty of approach. The similar procedure is applied for estimation of Global
Motion Vectors (GMVs). The corrective algorithm compensates the unwanted
motion into frames. Thereby, the scene is aligned. For restoration of current frame,
pixels are shifted on a value of Accumulated Motion Vector (AMV) of unwanted
motion. However, the sizes of stabilized frames became less relatively the original
video sequence and the restoration of “missing” frame edges is required.

Chapter 10 examines the problems of transforming information and studying
data connected with processing and transmitting images. The strip-method for
storage and noise-immune transmission of images is studied [23]. Before trans-
mission, the matrix transformations of an original image are executed, during which
the image fragments are mixed and superimposed on each other. The transformed
image is transmitted over a communication channel, where it is distorted with a
pulse noise, the latter being for example a possible reason for a complete loss of
separate image fragments. In the process of receiving a signal at the receiving end,
an inverse transformation is performed. At the end of this transformation, the
reconstruction of the image takes place. If it is possible to provide a uniform
distribution of the pulse noise over the whole area the image occupies (without any
changes of its energy), then a noticeable decrease of noise amplitude will take place
and an acceptable quality of all fragments of the image reconstructed. In this
chapter, many tasks are considered such as versions of the two-sided strip-trans-
formation of images, choice of optimal transformation matrices, investigation of
root images of the strip-transformation, and illustration of capabilities of the method
suggested using particular examples. In order to get the maximum decrease of the
pulse noise amplitude, it is necessary to achieve a uniform distribution of the noise
over the image by applying the inverse transformation at the receiving end of the
communication channel. This will allow information about distorted or “lost”
fragments to be reconstructed. Now a problem of determining the type of the
transformation matrices A and B arises. The solution of this problem will provide
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the possibility to minimize the noise amplitude in the reconstructed image. A well-
known solution of this problem is related to the cases of n, which can be divided by
four, i.e. the so-called normalized Hadamard matrices [24]. The less-known solu-
tion for even n, not divisible by four, consists in so-called C-matrices (Conference-
matrices). Such matrices have a zero diagonal and their remaining elements are
equal to *1.

Chapter 11 provides a discussion about the generalized criterion of efficiency for
telecommunication systems [25]. Besides the partial criteria, there exists also a need
in developing generalized ones allowing to compare various telecommunication
systems and to choose the most efficient ones among them. To this end, the gen-
eralized criteria should consider and incorporate the partial ones, establish certain
relationships between them, and hence possess the highest possible objectivity.
Such criteria should be rather simple, easily computable, and provide the way to
compare the telecommunication systems within a definite numerical scale, that is,
they should be normalized [26]. The chapter develops a generalized criterion to
estimate the efficiency of telecommunication systems that can be applied to eco-
nomics information systems, too. The criterion combines evaluation of such special
properties as the information quantity, noise immunity, the data transmission speed,
and the transmission cost. In contrast to other criteria, the proposed one is non-
dimensional and normalized, thus estimating a telecommunication system by means
of real number between 0 and 1. The design of the developed criterion based upon
the concept of conditional entropy is rather simple. It allows one to calculate the
system’s characteristic value with sufficient accuracy for practice, thus comparing
various telecommunication systems to transfer the economic information. The
generalized criterion is composed as a product of some partial criteria, which
permits one to estimate the telecommunication systems not only as a whole, but
also with respect to their partial characteristics, such as their productivity, reli-
ability, and transmission cost.

1.3 Conclusion

The chapter has provided a briefly description of ten chapters with original math-
ematical investigations in computer vision techniques applied in advanced control
systems. All included chapters involve the recent achievements in mathematical
morphological theory, advanced criteria for structural similarity and the efficiency
for telecommunication systems, the analysis of energy spectrums, complicated
image transforms such as hierarchical adaptive Karhunen-Loeve transform and
projective transform, optimal measurement of visual motion based on perception
theory, intelligent methods for digital video stabilization, approaches for trans-
mitting images based on Hadamard matrices Each chapter of the book explores
experimental results, illustrating its use and applicability.
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Chapter 2
Morphological Image Analysis
for Computer Vision Applications

Y.V. Vizilter, Y.P. Pyt’ev, A.I. Chulichkov and L.M. Mestetskiy

Abstract Some original and novel morphological concepts and tools are presented
in this chapter as well as required amount of mathematical morphological basics.
The continuous binary morphology based on a computational geometry is presented
as a very fast approach to shape representation via real-time computation of figures’
skeletons. A skeletal representation of the figure is formed as a skeleton graph, and
the radial function is determined in skeleton points. The proposed morphological
spectrum is the multi-scale morphological shape description and analysis tools
based on granulometry. It is shown how the tasks of change detection and shape
matching in images can be solved using a morphological image analysis. The
projective morphology as a generalized framework based on the mathematical
morphology and the morphological image analysis provides fast and efficient
solutions of morphological segmentation problem in complex images.
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2.1 Introduction

The morphological framework is very wide theoretical platform for creation of mid-
level image analysis tools for specialized computer vision applications. It utilizes
the structural image modeling and is useful for some image filtering, segmentation
and comparison problems. The foundation of Mathematical Morphology (MM) by
Serra and Matheron was in 1960 [1], and this original version of MM with struc-
turing elements, erosion/dilation operators, and monotonous opening/closing filters
is still the most well-known version of MM until nowadays. However, the current
morphological framework contains more ideas and tools than the initial MM. Some
of them are just unknown for computer vision developers and engineers. The
purpose of this chapter is to provide a brief sketch of some novel morphological
techniques useful for different practical applications. The chapter contains the
following issues:

Basics of mathematical morphology.

Skeleton-based continuous binary morphology.

Morphological pattern spectrum: concepts and computation.

Morphological image analysis (Pyt’ev morphology).

Projective morphologies, morphological segmentation, and complexity analysis.

The MM is the most well-known morphological technique based on a set theory
and (later) a lattice theory. The idempotent operators (morphological filters or
projectors) are introduced using concept of figure filling by structuring elements. In
other version, the morphological filters are based on merging of grayscale image
connected regions (flat zones). A brief description of basic MM notions and con-
cepts is required for understanding of following techniques.

The continuous binary morphology is a skeleton-based approach for description
and analysis of figure shapes proposed and developed by Mestetskiy. It is based on
a computational geometry and provides very fast tool for real-time computation of
continuous figure skeletons using approximation of 2D binary image by region
border polygons and calculation of Voronoi diagram to segment these polygons. A
skeletal representation of the figure is formed as a skeleton graph, and the radial
function is determined in skeleton points. The computational efficiency of such
approach is based on the fact that skeleton-based continuous binary morphology
uses the finite and relatively small number of analytical structuring elements for
representation of binary image shape. Each analytical structuring element is con-
nected with one edge of continuous skeleton.

A morphological spectrum is a multi-scale morphological shape description and
analysis tool based on granulometry—a set of filters with different grades. Each of
filters provides the details of certain size and shape to pass. The original “Pattern
spectrum” proposed by Maragos is based on the Serra MM filters and describes the
distribution of local figure thickness. Many modifications and generalizations of
this idea are known and utilized now. In this chapter, the fast algorithm for pattern



2 Morphological Image Analysis for Computer Vision Applications 11

spectrum calculation using the continuous binary skeletons is described. Such
implementation allows to apply the morphological spectra in the real-time machine
vision systems.

The Morphological Image Analysis (MIA) proposed by Pyt’ev is well-known in
Russia since 1970. It is based on geometrical and algebraic reasoning. In the
framework of Pyt’ev morphology, images are considered as piecewise-constant 2D
functions. The tessellation of image frame by a set of the non-intersected connected
regions with constant intensities determines the “shape” of the image. From
mathematical point of view, any shape is a hyperplane in a linear space of images.
The crucial idea of this approach is the projection of one image onto the shape of
other image. Here a morphological image comparison is performed using the
normalized morphological correlation coefficients. The morphological change
detection is performed by a comparison of an image and its projection to the
reference image. Such morphological tools are invariant relative to transforms of
image intensity and stable relative to noise. In this chapter, a morphological shape
matching technique is described that generalizes a morphological approach to
shape-to-shape comparison.

A projective morphology is a generalized framework based on the Serra math-
ematical morphology, the Pavel shape theory, and the Pyt’ev morphological anal-
ysis. It combines ideas of these morphological approaches and allows to construct
some new morphological systems and operators based on different image decom-
positions and transforms and/or criterions (energy functions). The criterion-based
projective morphological filters are implemented using numeric optimization
techniques (linear programming, dynamic programming, graph cutting, and so on).
The use of morphological shape complexity as a criterion for shape regularization
provides tools for shape complexity analysis those are more general than tools
based on the MM granulometry concept. In particular, the definitions of the mor-
phological filters and the morphological spectra by complexity are given.

Thus, some original and modern morphological concepts and tools are presented
in this chapter as well as required amount of morphological basics. From one hand,
this material allows to learn of modern morphology techniques without any pre-
vious background in the MM. From the other hand, some tools and techniques
those are applicable for real-time technical vision systems, especially for vision
systems of moving vehicles and other controlled real-time technical devices with
video cameras or several imaging sensors, are selected and presented.

The chapter is organized as follows. The basics of mathematical morphology
are discussed in Sect. 2.2. The skeleton-based continuous binary morphology is
described in Sect. 2.3. The concept and computation of morphological spectrum
are represented in Sect. 2.4. The morphological image analysis (Pyt’ev mor-
phology) is given in Sect. 2.5. Section 2.6 describes the projective morphologies,
a morphological segmentation and a complexity analysis. Conclusion is situated
in Sect. 2.7.
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2.2 Basics of Mathematical Morphology

The MM is a well-known theoretical framework for image processing and shape
analysis. It was originally developed for binary image processing, and classically
stated in the set-theoretical terms. Then the MM was extended to grayscale images,
color images, graphs, among others. At present, the description of the MM in terms
of complete lattices is the widest MM theoretical formalism.

The MM was originally developed by Serra [1] in 1964 and Matheron [2] in
1975. In 1960-1970, the set of popular MM operators was proposed including Hit-
or-miss transform, dilation, erosion, opening, closing, granulometry, thinning,
skeletonization, ultimate erosion, etc. In 1970-1980, some novel MM operators
like morphological gradients, top-hat transform, and the watershed were proposed.
In 1986, the MM generalization based on complete lattices was proposed by Serra.
In 1990-2000, some further theoretical advancement was developed including the
concepts of connection and leveling.

The basic MM concepts and operations in order to explore the interconnections
between well-known morphological tools and some novel morphological concepts and
ideas are briefly introduced in Sect. 2.2.1. A binary morphology and a grayscale
mathematical morphology based on structuring elements are introduced in Sects. 2.2.2
and 2.2.3, respectively. The mathematical morphology as a lattice-theoretic scheme is
discussed in Sect. 2.2.4. The novel morphological concept based on connected filters is
given in Sect. 2.2.5. A building of morphological skeleton is presented in Sect. 2.2.6.

2.2.1 Mathematical Morphology as a Set-Theoretic Scheme

In a set-theoretic terms [1] the MM operations are defined for any Euclidean space
EN equipped by the set-theoric inclusion (C), union (U), and intersection (N). Any
operator (transform) of this space W: EY — EV is called:

The increasing, if it preserves the inclusion (X C Y) = (P(X) C¥Y(Y)), X, Y C EN.
The dilation, if it preserves the union ¥(UX;) = N"W(X;), V X; C EN.

The erosion, if it preserves the intersection W(NX;) = N(Y(X;)), V X; C EN.
The extensive, if W(X) 2 X, and anti-extensive, if W(X) C X.

The idempotent (or algebraic projector), if (Y(¥(X)) = ¥(X)).

All inclusion-preserving operators are called the morphological operators. Well-
known Matheron theorem states that any morphological operator can be represented
as a union of erosions or as an intersection of dilations. Due to this theorem, the
erosion and the dilation are called the basic morphological operators.

The idempotent morphological operators are called the morphological filters:

¢ The anti-extensive morphological filter is called the opening.
e The extensive morphological filter is called the closing.

Let us consider the original implementation of these terms and notions.
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2.2.2 Binary Mathematical Morphology Based
on Structuring Elements

The classic implementation of the formal scheme applying to binary image pro-
cessing is given in [1]. It is called the binary mathematical morphology. In the
framework of this MM, a binary image is considered as a set of non-zero points of
the plane P = R°.

Let us define the translation of the set X C P by the vector z € P as the
transformation X, = {y|y = x + z, x € X}, where the points of the plane are summed
as vectors (coordinates are added component-wise). Let X, B C P, where b € Bis a
Structuring Element (SE). The operation represented by Eq. 2.1 is called the
Minkowski addition.

X@®B={x+blxeX, be B} =U{Bx € X} =U{X,|b € B} (2.1)
The operation provided by Eq. 2.2 is called the Minkowski subtraction.
XeB={z€PB,CX} (2.2)

In the framework of MM these operations (Eqgs. 2.1-2.2) are called the dilatation
and the erosion of an image X with structuring element B. The dilatation and the
erosion are the basic MM operations (see Fig. 2.1). If a structuring element B has a
central symmetry relative to the origin of P, then the erosion of binary image
corresponds to dilation of figure background (set-theoretic completion) and vice
versa (Eq. 2.3).

XoB=X‘@B, xoB=(X*cB)" (2.3)

The combined operation “dilation after erosion” is called the opening of X by
B (Eq. 2.4).

XoB=(X©B)®B (2.4)

It has a clear geometrical meaning—the union of all structuring elements of shape
B completely included in figure X: be the following expression:

XoB={B.|B. CX}.

The combined operation “erosion after dilation” is called closing of X by
B (Eq. 2.5).

XeB=(X®B)OB (2.5)
If a structuring element B has a central symmetry relative to the origin of P, then

the opening of binary image corresponds to closing of figure background and vice
versa as it shown in Eq. 2.6.



14 Y.V. Vizilter et al.

) ) Structuring Element Source Image
Structuring Element Source Image

7

Translation

Erosion ASB 2
rosion AE Dil |l!u|l ABR Closing: X8l = (X®E)OB

Opening

Fig. 2.1 Basic operators and filters of binary MM based on SE

XoB=(X“eB)S XeB=(X0B)" (2.6)

If a structuring element B is fixed, then such opening and closing operators are
idempotent (projectors) and inclusion-preserving. These operators are called the
morphological filters of binary images based on the SEs.

These basic operations and filters of MM were proposed for providing the
mathematically founded tools for solution of different practical shape analysis
problems. For example, the task for detail extraction of figure based on the expected
size and shape can be solved in a way demonstrated in Fig. 2.2.

2.2.3 Grayscale Mathematical Morphology Based
on Structuring Elements

In the framework of grayscale morphology [3—6] the image f(x, y) and a grayscale
structuring element k(u, v) are usually represented as the nonnegative two-dimen-
sional functions determined on the plane P = R? or some square frame F C P. In the
simplest way, the grayscale erosion and the grayscale dilation can be determined by
Egs. 2.7-2.8, respectively.

fx6y) & K, v) = max{f(x —u,y = v) + k(u,v)} (2.7)
Fx,y) © k(u,v) = min{f(x 4w,y +v) — k(u, v)} (2.8)

The grayscale morphological filters—grayscale opening and grayscale closing are
defined as the combinations of grayscale erosion and grayscale dilation provided by
Egs. 2.9-2.10.
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Fig. 2.2 The detail extraction

using basic morphological <
operations — ] —
erpsion chlation —‘
L)
dilation erdsion

fok=(fok) dk, (2.9)
fek=(f®kOk (2.10)

The following systematic formulation of grayscale morphology can be given in
terms of “image umbra” [3]. Let the set of image f values in frame F be denoted as
E. Then umbra of fis a set of 3D points U(f) C F x E lying “under the f”:

U(f) ={(x,y) € F x Ely<f(x)}.
The top surface of the set A C F x E is a set T(A): F — E defined as follows:
T[A](x) = max{y|(x,y) € A}.

Based on these notions, one can define the grayscale morphological operations
in usual set-theoretic way as described above binary MM operators, but for 3D
(F x E) space point sets. Let F, K C EZ, fi F — E, k. K— E. Then

e The dilation of fby k SE is f @ k = T[U(f) © U(k)].
e The erosion of fby k SE is f © k = T[U(f) © U(k)].

These definitions preserve the set-theoretic background, but in computational
sense they are equivalent to previous ones given in terms of min and max opera-
tions on pixels of grayscale images.

Another useful way for definition and computation of grayscale morphological
operators is based on the notion of grayscale image level sets. This approach was
proposed in [7]. For simplicity, let us consider the case of “flat” structuring element
with two levels of intensity k(u, v) € {0, —00} that corresponds to binary SE
b(u, v) = {(u, v)|k(u, v) = 0}, but for general case of grayscale SE such construction
can be defined too.
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Let the level image or a slice of grayscale image f(x, y) at intensity level [/ be a
binary image fi(x, y) = {1: fix, y) = [; 0: fix, y) < 1}. As it was proved in [7], in the
case of “flat” SE all operators of Serra grayscale morphology can be represented as
a combination of corresponding binary morphological operators applied to each
level of level set as it shown in Egs. 2.11-2.14.

S, y) @ k(u, v) = max{l x (fi(x,y) & b(u,v))} (2.11)
) © k(u,v) = max{l x (fi(x,y) © b(u,v))} (2.12)
S, y) o k(u,v) = max{l x (fi(x,y) o b(u,v))} (2.13)
fla,y) o k(u,v) = max{l x (fi(x,y) ® b(u,v))} (2.14)

If a digital image has a fixed and relatively small number of discrete gray levels
(E=0, ..., N— 1), then this approach based on level sets provides the computa-
tionally efficient implementation of grayscale morphological operators. Figure 2.3
demonstrates the grayscale morphological operations and morphological detail
extraction via corresponding background normalization (difference of source image
and morphological filter).

Fig. 2.3 An example of grayscale morphological operators: a the source image, b the erosion,
¢ the opening, d the background normalization by the opening (bright details are extracted), e the
dilation, f the connected closing, g the background normalization by the closing (dark details are
extracted)
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2.2.4 Mathematical Morphology as a Lattice-Theoretic
Scheme

A complete lattice [8] (L, <) is a set L with partial order relation (<) such that any
subset of this set have the least element (infimum symbolized by A) and the greatest
element (supremum symbolized by V) with respect to this relation. The least ele-
ment of lattice is denoted as (). The supremum of lattice U is called the “universe”
of this lattice. Let us note that any pair of elements should have the infimum and
supremum. For example, if lattice L is a set of subsets of some set S and ordering
relation (<) is a set-theoretic inclusion (C), then for any A, B € S (Eq. 2.15).

AANB=ANB AVB=AUB (2.15)

Let L = ({X;}, <). The dilation is an operator : L — L and the erosion is an
operator &: L — L [3] provided by Egs. 2.16-2.17, respectively [9].

V(X)) = o(VX) 8(0)=0 (2.16)
Ne(Xy) = e(AX)) o(U) = U (2.17)

For every dilation J, there is one erosion & such that
X<eY) e o(X)<Y forallX, YeL

and vice versa: every erosion have the dilation satisfying the above condition.
Moreover, if ¢ and ¢ satisfy this condition, then they must be the dilation and
erosion. Such pairs of connected operations are called the adjunctions. For every
adjunction (g, J), the morphological opening and the morphological closing are
defined by Eqs. 2.18-2.19, respectively.

y:L — Ly = ¢ (2.18)

¢:L— L:p =0 (2.19)

2.2.5 Morphologies Based on Connected Filters

The connected filters are the connectivity preserving morphological filters [8, 10,
11]. The image domain (frame) can be partitioned into the disjoint sets based on
connected components (in the binary case) or the connected zones of constant grey/
color levels (in the greyscale/color case). A connected filter works by merging the
disjoint sets in the partition and assigning new grey levels or colors to them. This
means that no new edges are introduced by the connected filters. A connected
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filtering operates with image regions rather than pixels. Obviously, such filtering
depends on a definition of connectivity (8 or 4 neighbors for pixel).

The grayscale connected operators act by merging of flat zones (regions of
constant intensity). A partition is a set of nonoverlapping, nonvoid regions that fills
the entire space. Let P is the partition of the frame, P(n) is a region of P that
contains pixel n. A partial order relationship of complexity among partitions can be
defined as follows: Py is finer than P, (P; C P,), if Vn: Pi(n) C Py(n).

The set of flat zones of image f'is a partition of space P A grayscale operator
is connected, if the partition of flat zones of its input f is always finer than the
partition of flat zones of its output y(f), that is Py € P, Vf.

The connected filters bridge the gap between filtering and segmentation.
Figure 2.4 demonstrates an image and its filtered version with corresponding partition.
This example illustrates the simplification of the image shape by the connected filter.

There are three types of connected filters:

e The filters by reconstruction perform the reconstruction of connected regions
(flat zones) after their processing by some ant-extensive operator, for example,
some SE erosion.

e The area filters delete regions (flat zones) with area lower than some threshold.

e The attribute filters delete regions (flat zones) with some region attributes (area,
perimeter, diameter, inertia moment, etc.) non-satisfying the predefined rules
(for example, lower or higher than some threshold). The area filters and filters by
reconstruction are the particular cases of attribute filters.

The connected and the SE based filters complement each other in the shape
analysis applications providing different tools for morphological image transfor-
mation and object selection. Such transformation means the modification of image
connectivity and shape. The selection presumes an elimination or an extraction
(using the background normalization scheme) of image elements with given shape,
size, and contrast sign. These properties of filters are contradictive, and should be
separated. Connected filters provide the solution of this problem. An example of
morphological corner detection via combination of opening and connected opening
is shown in Fig. 2.5. Figure 2.6 provides an example of grayscale connected
morphological filters—opening and closing by reconstruction [12].

2.2.6 Morphological Skeleton

A morphological skeleton is a compact description of 2D figure shape that can be
obtained by some sequence of morphological operations and provides the possi-
bility for reconstruction of described shape using some other sequence of mor-
phological operations. The morphological formula for the skeleton of a continuous
binary image was proposed in [1, 13]. For discrete case this formula is implemented
as follows. Let {nB}, n = 0, 1, ..., be a sequence of shapes based on some
structuring element B, nB=B @ --- @ B (n times), and OB = {0}, where o is the
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Fig. 2.4 The simplification of image by the connected filter: a the source grayscale image, b the
image filtered by connected version, ¢ corresponding frame partition

Fig. 2.5 An example of morphological corner detection: a the source image, b the result of
connected opening by SE and reconstruction, ¢ the result of SE opening, d the result of the corner
extraction operator (background normalization—difference between connected opening and SE
opening)

origin of 2D image plane, n is a size of the structuring element nB. A discrete
skeleton S(X) of a discrete binary image X C z (Fig. 2.7a, b) is the union of
the skeleton subsets {S,(X)}, n = 0,1, ..., N provided by Eq. 2.20.

S,(X)=(X@®nB)— (X©nB)oB (2.20)

The reconstruction of original shape X from the skeleton is performed by
Eq. 2.21 while the partial reconstruction corresponds to the opening of original
shape is represented by Eq. 2.22.

X = J(Su(X) ®nB) (2.21)

U Su(X) &nB) =X omB (2.22)

n>m

In the next Sect. 2.3, another approach for definition and computation of con-
tinuous skeletons based on concept of medial axes as a set of centers of maximal
inscribed balls (discs) will be considered.
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Fig. 2.6 An example of grayscale connected morphology operators: a the source image, b the
erosion, ¢ the connected opening, d the background normalization by the connected opening, e the
dilation, f the connected closing, g the background normalization by the connected closing

Fig. 2.7 The discrete approach of skeleton building: a the discrete binary image, b the discrete
skeleton, ¢ the continuous binary image, d the continuous skeleton and inscribed circles

2.3 Skeleton-Based Continuous Binary Morphology

This section is devoted to skeleton-based continuous binary morphology. The main
concepts for the skeleton of binary images are presented in Sect. 2.3.1. The con-
tinuous representation of raster image boundary is discussed in Sect. 2.3.2. A
polygonal figure skeleton based on the Delaunay graph is described in Sect. 2.3.3.
Section 2.3.4 provides the novel skeleton-based continuous binary morphologies.
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2.3.1 Skeleton of Binary Image Versus Binary Image
of Skeleton

The skeleton (or medial axis representation) is a powerful and widely used tool for
image shape analysis [14]. The concept of the skeleton (the middle set of points)
was introduced and investigated by Blum [15]. The skeleton of a closed region in
Euclidean plane is a locus of centers of maximum empty circles in this region. The
circle is considered to be empty, if all its internal points are internal points of the
region. One can formulate two approaches to extend the concept of the skeleton to
discrete images.

The first approach, which is the most popular, will be called discrete. It consists
in a morphological transformation of the original image (Fig. 2.7a) and a con-
struction of a new image (Fig. 2.7b), which can be regarded as a skeleton. In this
new bitmap, a medial axis is represented by discrete lines one pixel width. One can
say that the resulting image is a digital image of the skeleton. The discrete approach
is implemented in different ways: based on distance maps, thinning, Voronoi dia-
grams of boundary points [16, 17]. The main advantage of the discrete approach is
the simplicity of the algorithm and a graphic visualization of the skeleton in the
source raster format (Fig. 2.7a, b).

Another approach, which is called continuous, is based on the approximation of
a discrete object by the geometrical figure in terms of a continuous geometry
(Fig. 2.7c) and the construction of the skeleton for this figure (Fig. 2.7d). The
resulting skeleton is considered as a continuous skeleton of discrete objects.

A continuous approach has its advantages. The main advantage of the approach is
the continuous medial representation of the object’s shape [17] as a geometrical graph
with a radial function, which determines the width of the object. The radial function
sets at each point of the geometrical graph radius of the inscribed circle are centered at
this point. A continuous medial representation allows the use of graph theory and
computational geometry algorithms for image shape analysis and recognition.

A comparative analysis shows the advantages of continuous skeleton compared
to discrete one. These advantages are mathematical rigor, information content, and
computational efficiency. This section is based on the studies described in papers
and books [18-23] and provides the full implementation of the continuous approach
to the skeleton construction for binary raster images of any complexity. Here an
original method for continuous skeleton representation as a planar graph, whose
edges are segments of straight lines and quadratic parabolas, is represented. The
concept of continuous skeleton for raster binary image is developed to use the
correct and elegant model of Voronoi diagram of line segments and polygonal
figures to obtain the skeleton of a discrete object.

The proposed idea consists of three parts (Fig. 2.8):

e The approximation of binary image (Fig. 2.8a) by a polygonal figure (Fig. 2.8b).
e The computation of Voronoi diagram of obtained set of figures by methods of
computational geometry (Fig. 2.8c).
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(a) (b)

Fig. 2.8 The continuous approach: a the source binary image, b the polygonal approximation,
¢ the medial representation of the polygon, d the resultant skeleton after pruning

e The obtaining of the skeleton from the Voronoi diagram in a convenient format
for further analysis (Fig. 2.8d).

The choice of a polygonal figure for the approximation is explained by the fact
that the skeleton of a polygonal figure is a fairly simple structure and can be
obtained from the Voronoi diagram of this figure. The implementation of this
approach required solving of several computational problems addressed below.

2.3.2 Continuous Representation of Raster Image Boundary

Let the object points of binary image be black, and the background points be white.
Let us define an adjacency structure on a set of pixels as follows. For a black pair of
pixels, the neighborhood of 8-adjacency and, for a white pair and black-white pair,
the neighborhood of 4-adjacency are defined. A set of one-colored pixels is called
connected, if, for each pair of pixels into it, there is a path from one pixel to another
consisting of sequentially neighboring pixels of the same color. The maximal
connected set of pixels of one color is called a connected component. The discrete
figures are the connected black-colored components.

Let us call a pair of 4-adjacent black-white points as a boundary pair, and a
segment connecting these points as a boundary segment. Two components, to
which points of a boundary pair belong, are called adjacent, and the boundary pair
is called a dividing for these components. A set of all dividing boundary pairs for
two adjacent components let us call a boundary corridor. Each discrete figure
defines one or more boundary corridors.

There is a minimal length path among all closed paths lying in a boundary
corridor. This path is a closed polyline called a separating Minimal Perimeter
Polygon (MPP). The set of all MPP of a discrete figure defines a polygonal figure
(polygon with polygonal holes). Thus, we have defined the polygonal figures with
minimal perimeters, which approximate the discrete figures in a binary image. The
set of approximating polygonal figures exists and unique for any binary image.

The line scanning of image rows is used for tracing of all contours. Such tracing
consists of detection the first boundary pair and sequential finding the next
boundary pairs until the returning to start position. A process ends, when a line
scanning of image rows is completed, and all contours are extracted.



2 Morphological Image Analysis for Computer Vision Applications 23

O0O00O0000O0 0O00000O00O0
(a) eeec0 @O0 © o 0090
L N JNeiN BN Il o - o]
eeeec e o) 3 ® O
L N I el Il o O (o]
eee00O0 oo ocoo
(o] ® ® 000 000 000
oo co0o0o0 000000000
(b)
-] -] -] -] (-] -] OE
-] -] ﬂ/ o o (- ]
—» -] [ -] o »
' : ;

Fig. 2.9 Detection of next corner point for the minimal perimeter polygon: a the initial corner
point, b the obtaining of next corner point by sequential steps for the correction of the coverage
sector, ¢ the minimal perimeter polygon

The sequence of contour points forms an ordered list called a tracing track. All
vertices of MPP are points of a tracing track. Let us call such point a corner.
Figure 2.9 illustrates the process of the MPP constructing. Figure 2.9a shows the
first corner point and a part of the tracing track. Figure 2.9b presents the sequential
steps of coverage sector correction from starting position (left image) until the next
corner is obtained (right image). Figure 2.9c shows the final obtained MPP.

2.3.3 Polygonal Figure Skeleton

The Voronoi diagram and the Delaunay graph of polygonal figure. Let P € R* be a
multiple-connected polygonal domain and S(P) be a set of all sites of P
(S(P) consists of all vertices and sides of P called vertex-sites and segment-sites,
respectively). The medial axis M(P) is a subset of Voronoi diagram VD(P) of the
site set of P. This is the feature most algorithms computing medial axis of a
polygonal figure rely on.

The concept of the Voronoi diagram for line segments is commonly used for a
skeleton construction of a polygonal figure [24, 25]. The polygonal figure boundary
is a union of linear segments and vertices, which are considered as the Voronoi
sites. The Voronoi diagram of these sites is generated, and the skeleton is extracted
as a subset of the diagram. The skeleton of a polygonal figure with n sides can be
obtained from the Voronoi diagram taking O(n) time. By-turn, there are known the
effective O(nlogn) algorithms to construct the Voronoi diagram for the general set
of linear segments [26, 27] as well as for the sides of a simple polygon [28] or
multiple-connected polygonal figures [22].



24 Y.V. Vizilter et al.

A polygonal figure skeleton looks like a planar graph with edges consisting of
line segments and parabolas [29, 30]. Skeleton vertices are convex vertices of a
polygonal figure (one degree vertices) and also points—centers of inscribed circles
tangent to figure boundary in three or more points (three and more degree vertices).
The radial function is defined in each skeleton point as the radius of inscribed circle
centered in this point It is especially necessary to note that the polygonal figure
skeleton always exists and is unique.

The construction of skeleton based on the Delaunay graph. The main idea of the
algorithm is based on constructing the Delaunay graph of figure sites and an
adjacency tree of figure boundary contours (Fig. 2.10).

Let P be a multiple-connected polygonal domain. Two sites of P are adjacent, if
they are adjoining to each other (vertex-site and segment-site of a common side) or
there exists a disk inscribed in P and touching both sites (in other words, if their
Voronoi cells have non-empty intersection). The Delaunay graph DG(P) of P is a
graph (S, Eg), where S is a set of sites of P and Eg € S X S contains all pairs of
adjacent sites from S. Similarly, the Delaunay graph of a subset S’ of S is defined as
a graph (', Eg), where S’ € S and Eg € S’ x S’ contains all pairs of adjacent sites
from §'.

The Delaunay graph of P is a dual structure for the Voronoi diagram of P. The
duality of DG(P) and VD(P) is that there a bijection between their structure ele-
ments exists: every VD(P) vertex with its incident edges and incident faces is
assigned to DG(P) face with its incident edges and incident vertices. Given DG
(P) constructed, the VD(P) can be obtained in O(n) time.

The algorithm to transform the Delaunay graph to the corresponding Voronoi
diagram is described in [31]. Actually, under the non-degeneracy assumption that
no point in the plane is equidistant to more than three sites of P, the Delaunay graph
is the triangulation of a set of the sites of P (possibly, with non-straight edges).

Fig. 2.10 A polygonal domain site set: a the Voronoi diagram, b the Delaunay graph (circles
denote vertex-sites and squares denote segment-sites)
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The algorithm to compute the Delaunay graph of a simple polygon involves the
steps mentioned below:

1. The generating initial elementary chains of sites and constructing their Delaunay
graphs.

2. The iterative pairwise merge of Delaunay graphs of chains. At each iteration the
following operations are performed as follows:

e The clearing Delaunay graphs in every pair so that the Delaunay condition is
satisfied for every edge relative to the union of sites from both graphs in the
pair. At this stage some edges can be eliminated in every pair of the Dela-
unay graphs.

e The “sewing” of the Delaunay graphs in every pair so that the Delaunay
condition is satisfied for every new inserted edge relative to the union of sites
from both graphs in the pair. At this stage, every pair of the Delaunay graphs
is “sewed” and new Delaunay graphs are formed.

The computational complexity of the algorithm is O(nlogn). This algorithm is
similar to one proposed in [29] for merging Delaunay triangulations.

A skeleton of multiple-connected polygonal figure. Fast algorithms for con-
structing skeleton of simple polygon with n vertices through Voronoi diagram have
a computational complexity O(nlogn) in the worst case [28]. The known general-
izations to the case of a polygonal figure with holes [32-34] have computational
complexity O(kn + nlogn), where k is a quantity of polygonal holes, n is a general
number of vertices. Such computational complexity leads to high costs in time. For
example, in the problem of construction of an external skeleton for segmentation of
the text document image [18] values k and n have an order 10° and 10°, respec-
tively. At the same time, the efficient algorithms for Voronoi diagram construction
of linear segment set [26, 27] do not use specific features of segment set of
polygonal figure boundary owing to their universality. In particular, these algo-
rithms build Voronoi partitioning not only inside, but also outside of a polygonal
figure, and this is a superfluous work.

This solution is based on concept definition for adjacency of polygonal figure
boundary contours and on construction of so-called adjacency tree of these con-
tours. Two boundary polygons are adjacent, if the circle inscribed into a figure and
contacted both of these polygons exists. The given relation of contour adjacency
defines a graph of contour adjacency. It is obvious that this graph is connected.
Each spanning set of it (the minimal connected spanning subgraph) is a tree. Such
tree is called a boundary adjacency tree of a polygonal figure. The boundary
adjacency tree gives the chance to reduce a problem of a polygonal figure skelet-
onization to a problem of a simple polygon skeletonization. Let us transform chains
of side of polygons by “cutting-in”’ them into one another. As a result the polygonal
figure conditionally transforms to “polygon”. In details, this process was described
in [18]. The O(nlogn) sweepline algorithm for finding a boundary adjacency tree
and a figure skeleton construction on its basis is described ibidem.
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A skeletal base of polygonal figure. Small irregularities in figure boundary lead
to occurrence of skeleton branches unessential for analysis of image form. A
problem of skeleton regularization consists in removing these branches and leaving
only fundamental part of a skeleton, which characterizes properties of the form.
This fundamental part looks like a skeleton subgraph. Let us call it a skeletal base.
A transformation of a skeleton to a skeletal base consists in removing of unessential
vertices and edges. This process is called a “pruning”.

Let C be a polygonal figure with the boundary 9C, the skeleton S, and the
skeleton radial function p(s), s € S. The skeleton is a planar graph S = (P, E) with
the set of vertices P and edges E. A skeleton vertex with one incident edge is a
terminal, and with two or more edges is an internal. An edge incident to terminal
vertex is also called terminal. An edge incident to two internal vertices is called
linking. The linking edges can be included in one or more cycles, and in this case
they are called cyclic.

A pruning is an iterative removal of “unessential” terminal vertices and skeleton
edges. Essential edges remain in a skeletal base. A pruning preserves a skeleton
connectivity and all cycles. Let S' = (P', E') be some connected subgraph of
skeleton S = (P, E) such that P' € P, E' C E, and there are no cyclic edges of
skeleton S among edges from the set E\E' (Fig. 2.11). Such graph §' is called a
truncated subgraph of S. Consider the set of points formed by union of all inscribed
circles centered in points of truncated subgraph S’, which radiuses are equal p(s),
s € §'. This set of points forms the closed region, which is called a silhouette of
subgraph S’. The important property of a truncated subgraph silhouette is the
topological equivalence to figure C. In particular, it is a connected set.

A skeletal base of figure C is the minimal truncated subgraph S’ of its skeleton
S with e-silhouette Vg satisfying a condition H(C, V) < &, where ¢ > 0 is regu-
larizing parameter and H(C, V) is the Hausdorff distance between a figure C and a
silhouette V. For each value of parameter ¢ the skeletal base always exists and is
unique as well as its e-silhouette. One can call the skeletal base as a continuous
skeleton of a discrete figure (Fig. 2.12). A computational complexity of algorithm
depends linearly on a number of skeleton vertices, i.e. it is equal O(n) at the worst
case, where n is a quantity of polygonal figure vertices.

2.3.4 Skeleton-Based Continuous Binary Morphologies

Let us consider the MM with disk structuring element D(r) of size r. Continuous
binary opening requires the infinite number of disks for shape reconstruction

Po D(V) = UD(r)ng(r).

That is why the continuous MM filters are usually out of consideration.
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(a) f \ (b) fI“ (¢)

Fig. 2.11 A construction of skeletal subgraph silhouette: a the initial image, b the skeleton, ¢ the
truncated subgraph of skeleton, d the silhouette of the subgraph

TN

Fig. 2.12 The skeletal base construction: a the initial image, b the polygonal figure and its
skeleton, c—e the skeleton subgraphs and their silhouettes

On the other hand, considering the notion of continuous skeleton, Eq. 2.23 for
continuous MM opening can be obtained, where D(p, f) is an empty disk of size
t with center p, S(P) is a skeleton of figure P.

PoD(r) = Upesp{D(p,1):t >r, D(p,1) C P} (2.23)

If a figure P is polygonal, then its skeleton consists of finite number of line and
parabolic segments. This allows representing the figure as a union of finite number
of ANalytical struCTure ELements (anxels) (Fig. 2.13). Let each ith edge of
skeleton S(P) is denoted as S;. The silhouette of S; (a union of all empty disks
centered on S;) let us call the ith anxel of figure P and denote it as P;. Thus, an anxel
representation of figure P takes the form of Eq. 2.24, where n is a number of
skeleton edges.

WPi (2.24)

The opening of each anxel can be calculated analytically: a silhouette of
r-opened anxel P; will be empty (if all radial function values on S; are less than r) or
bordered by parts of its initial border and possibly parts of circles of size r.
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Fig. 2.13 A skeleton of
polygonal figure and
analytical structure elements
(anxels)

Let us note that a mapping of figure P to its e-silhouette described above also
satisfies the properties of morphological filter (opening), and such g-opening can be
described in analogous way using the anxel figure representation as a process of
e-exclusion and e-cutting of terminal anxels. In both cases of anxel-based mor-
phologies, a corresponding continuos closing is implemented via continuous
opening of a figure background. Thus, the anxel representation of polygonal figures
allows to define different continuous binary morphologies with different continuous
filters based on selection and/or transformation of figure or background anxels.

In the next Sect. 2.4 the applicability of this approach for efficient calculation of
morphological pattern spectrum will be demonstrated.

2.4 Morphological Spectrum: Concept and Computation

A morphological spectrum is one of special tools from the reach morphological
toolbox. The original Pattern Spectrum (PS) was proposed by Maragos [35] based
on the MM filters with SE [1]. It describes the distribution of local figure thickness.
Later some modifications and implementations were proposed. All modifications
and generalizations of the PS one can refer as the morphological spectra. The
morphological spectra are the sensitive and stable descriptors of image shape
especially useful for texture analysis, object selection, tunning of morphological
filtering and segmentation parameters [11, 36, 37]. However, for many years this
morphological tool was not so popular because of its very expensive computational
implementation. In this section, let us discuss a computationally efficient approach
to morphological spectra calculation based on thickness map concept, continuous
skeletal representation [38], and level decomposition of morphological filters [39].
This approach provides a possibility to use the morphological spectra in real-time
vision applications.
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The pattern spectrum and morphological spectra are discussed in Sect. 2.4.1. The
thickness map and morphological spectrum are located in Sect. 2.4.2. Section 2.4.3
contains a calculation of binary morphological spectra based on continuous skeletal
representation while as well as a calculation of grayscale morphological spectra is
given in Sect. 2.4.4.

2.4.1 Pattern Spectrum and Morphological Spectra

Let B is a figure (compact and convex point set) of the plane P including the origin.
Then the figure 7B of shape B and size r is defined as follows

rB = {rb = (rx,ry)|b = (x,y) € B},r>0.

The morphological PS (PSy) of figure X € P with structuring element B [35] is
defined by Eqgs. 2.26-2.27, where S(X) is an area of figure X. Equations 2.26-2.27
specify the spectrum for positive and negative parts of the r axis, respectively.

PSx(r,B) = —0S(XorB)/orr>0 (2.26)
PSx(—r,B) =0S(X erB)/0rr >0 (2.27)

The Discrete Morphological Pattern Spectrum (DMPS) of X [35] is defined by
Eqgs. 2.28-2.29, where r; = iAr,i € Z, Ar is a sampling step of the scale r.

S(X o r,-B) — S(X o I‘i+lB)

PSx par(ri) = — R
i — Tit

F>0 (2.28)

PSx par(ri) = SX e (-riB) = SX e (ZrinB) (2.29)

Fig1r — 7

The special test image filled by disks of different size is shown in Fig. 2.14. If
B = D is a disk SE, then S(X © rB) will be the step function of r with steps at each
size of disks presented in the image, and the amplitude of the step is equal to the
sum of areas of disks with this size. Hence, positive part of discrete pattern spec-
trum contains peaks corresponding to these steps with the same amplitude.

As noted in [35], the PS conveys four useful types of information about X. A
boundary roughness of X relative B determines peaks in the lower size part of the
PS. The long capes or bulky protruding parts in X consisting of patterns B produce
isolated impulses in the positive part of the PS at r scale value. The B-shapeness of
X is a maximal degree of B in X measured by ratio PSx(r, B)/S(X). The left part of
the spectrum (7 is negative) demonstrates the significant isolated impulses, if cor-
responding gulfs or holes are in X.
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Fig. 2.14 A positive part of morphological spectrum with disk SE and corresponding steps of
opening with increasing disk size providing changes in opened figure area

From theoretical point of view, the PS with all its modifications and general-
izations (morphological spectra) are based on granulometries—the sets of mor-
phological filters of different grades, each allowing details (grains) of certain size
classes to pass. Let {y.}, k=0, 1, ... be a set opening operators VX vo(X) = X,
Yir1(X) € y(X). For example, y(X) = X © r; B. A granulometry function Gi(X) is a
cardinality (area, volume, etc.) of the pattern yx(X): Gi(X) = |y«(X)|- The PS or size
distribution of X will be a sequence of differences, produced by sequential sub-
traction of granulometry function values provided by Eq. 2.30.

PSx(k,7) = Gk(X) — Gy11(X) (2.30)

Another generalized scheme was proposed by Matheron in terms of sieving by
series of sieves with decreasing the sizes of holes. The filtering of X through kth
sieve Wi(X) returns the subset of X sub-elements with sizes not greater than k.

The sieving operators {¥Yi(X)}, k = 0, 1, ... have the following properties:

The anti-extensive: each sieve reduces the amount of grains, i.e. Wi (X) C X.
The increasing: a sieving preserves the inclusion, i.e. X C Y = Wi (X) C V().

e The stable: a passing through two sieves is determined by the smallest hole size,
ie. lPk le(X) = \Pm‘{lk (X) = Tmax(k,m) (X)

Such sequences of operators are the base of granulometry.

From practical point of view, there are two main classes of morphological
spectra: based on filters with SEs and based on the connected filters. The first class
contains the original PS [35], the spatial morphological shape-size PS proposed by
Wilkinson [40], and some other. The second class includes the size pattern spectra,
the shape pattern spectra, the binned 2D shape-size PS [41], and so on.

The morphological spectra based on the SEs are robust and have invariant shape-
size descriptors but they are very computationally expensive because they require
one opening operation per bin of the spectrum. Therefore, the efforts for
improvement of such technique were put to the creation of fast SE filters
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computation algorithms [42-50]. The best result was obtained by Urbach and
Wilkinson [50]. They have proposed the efficient 2D grayscale morphological
transformation with arbitrary “flat” SEs. This algorithm is based on decomposition
of SE into “chords”. However, even the use of this fast algorithm provides the SE
spectrum computation time about s per image in the best case.

The morphological spectra based on the connected filters may use the attribute
openings taking in account both width (thickness) and any other attributes of flat
zones. Some of these spectra (with simplest filtering of flat zones by area) even can
be implemented for real-time processing. Unfortunately, such spectra do not
contain the information about local thickness that characterizes the original PS.
Therefore, for real-time implementation the computational approach of the SE
morphological spectra calculation, which does not require one opening for each bin,
ought to be designed.

2.4.2 Thickness Map and Morphological Spectrum with Disk
Structuring Elements

The PS describes the distribution of local figure thickness. This fact points the
alternative way for calculation based on the notion of thickness map. Let a rect-
angular frame K completely contains figure X: X € K. A binary image consists of
figure X and its background X“® = K\X and described by Eq. 2.31.

Tx(xy) = {(1) iiz z 86:;3 E;C(K) (2.31)

The thickness map #x g(x, y) of continuous binary image fy with structuring
element B is a real-valued 2D function defined on the frame K. In this map, all
points of the figure have positive values equal to the maximal size of inscribed disk
centered in this point. The background values are negative with magnitude equal to
the maximal size of disk centered in this point, and they are inscribed to a figure
completion. A relation between thickness map and Serra MM filters is provided by
Eq. 2.32.

XorB={(x,y)txp(x,y)>r} XerB={(x,y)ixpx,y)> —r} (2.32)

Let us define the function

. 1: lxyg(x,y) >r
XX,B(X,)G r) = {0 otherwise
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and introduce a following measure

.“x,B(”) = ||XX,B(xay7 V)HLI = //XX,B(%% r)dxdy

" | X orB|:r>0
r) =
Hx.z X o (—r)B]|,: r<0

Therefore, the PS according to Eqgs. 2.26-2.27 is a distribution density function
of thickness map determined by Eq. 2.33.

PSx p(r) = —0py p(r)/Or (2.33)

In similar way, one can show that a discrete morphological PS (Egs. 2.28-2.29)
is equal to histogram of discrete thickness map. Let us additionally note that the
positive part of the thickness map (Fig. 2.15) and the positive part of the mor-
phological PS remain unchanged, when a figure is shifted or rotated in frame.

Thus, if a thickness map is built, then one opening or closing operation for each
bin of the spectrum is not required: just to collect the histogram of a thickness map
is needed. However, some computationally efficient algorithm to calculate the
thickness map ought to be designed.

2.4.3 Calculation of Binary Morphological Spectra Based
on Continuous Skeletal Representation

The crucial idea of fast thickness map computation is derived from the fact that the
centers of all empty discs (inscribed in figure and background) belong to the fig-
ure’s skeleton. Thus, the information required for thickness map computation is
already stored in a skeletal representation—skeleton and radial function. In this
section, the continuous binary morphology given by Mestetskiy [38] and briefly
represented in previous sections will be described. This approach provides the

Fig. 2.15 Example of
thickness map: a a binary
figure X, b a positive part of
thickness map for a figure X

(a)
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real-time algorithm for computation of skeletal representation based on the use of
generalized Voronoi diagrams [51].

The thickness map forming algorithm is based on the voting of skeleton points
into the two-dimensional discrete accumulator array with the same size as binary
image to be processed [52—55]. Each continuous skeleton edge is rasterized using the
Brezenham algorithm [56], and then each discrete edge point votes for all discrete
accumulator cells (pixels) covered by empty disk centered in this point. The purpose
of voting is to determine the maximal size (radius) of covering empty disk for each
pixel of binary image. The histogram of accumulated maximal thickness values is
called the Discrete-Continuous Morphological Pattern Spectrum (DCMPS) [55] due
to discrete accumulation based on continuous skeleton. Figure 2.16 demonstrates the
binary image of a figure, the positive part of its thickness map, the positive part of
DCMPS, and the selected parts of figure with minimal width (local thickness) cor-
responding to peaks in a spectrum.

The experiments with software implementation of this algorithm have demon-
strated the computational time for binary pattern spectrum calculation less than
10 ms for 640 x 480 binary image on PC configuration CPU Core i5-2320,
3.0 GHz, RAM 2 GB. Therefore, this algorithm can be applied for real-time
implementations.

2.4.4 Calculation of Grayscale Morphological Spectra

In the grayscale morphology with image f(x, y) and structuring element k(u, v) the
grayscale spectrum PSyis defined by Eqs. 2.34-2.35 [35], where r is the size of SE
rk(x, y) and norm ||f|| is a volume of umbra U(f).

PS¢(r,k) = —0||[f o rk||/Or r>0 (2.34)
PSp(—r,k) = 0||f e rk||/Or r>0 (2.35)

The use of a level decomposition for the morphological operators allows fast
calculation of morphological spectrum for grayscale images and filters with “flat”
SEs. Let us consider the discrete N-level two-dimensional function

fix,y) €{0, 1, ..., N — 1} reconstructable from N binary level sets as it is shown in
Eq. 2.36.
fey= 3 G} =, pay {1xf) (2.36)

,,,,,

The “flat” SE has two levels of intensity k(u, v) € {0, —00} and corresponds to
binary SE b(u, v) = {1 if k(u, v) =0, O if k(u, v) < 0}. As shown in [39], the filters of
Serra grayscale morphology with “flat” SE may be presented as a combination of
corresponding binary MM filters applying to image levels (Egs. 2.37-2.38)



34 Y.V. Vizilter et al.

(a)

(c)

Spectrum

7000
6500
& 000
5500
5000
4500
4000
3500
3000 I
2500 I
2000 l‘
1500 ||-r
1000 i

6 ; \I| || l 0 L]

Fig. 2.16 Illustration of DCMPS: a the binary image of polygonal figure, b the positive part of
thickness map, ¢ the positive part of DCMPS, d the selected parts of figure with minimal width
(local thickness) corresponding to essential peaks in a spectrum (results of opening with relevant
disk size)

Fxy) 0blay) = 37 {filxy) 0 be)} = max {1x fi(x,y) o bluv)}

1=0,....N
(2.37)
flx,y) e b(u,v) = {ix,y) @ b(u,v)} = max {Ix fi(x,y) e b(u,v)}
1=0,...N
(2.38)

Therefore, a grayscale spectrum can be calculated as a sum of level spectra by
Egs. 2.39-2.40.

PSy(r,k)= > PSp(r,k) (2.39)
1=0,...N—1
PSy(—r,k)= > PSp(-rk) (2.40)

1=0,..N—1
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Thus, the calculation of PS with “flat” disk SE for N-level grayscale image will
be N times longer than the computation of the DCMPS for each its binary level
image. However, if an approximate spectrum calculation is admissible, the speed of
computations can be significantly increased through the use of lower number of
binary levels for approximation of the grayscale image. A number n of required
approximation levels is determined by a number of significant histogram modes.

Our level selection technique is based on the multimodal generalization of the
Otsu bimodal separability criterion. Let us consider the (n + 1)-dimensional vector
t=(t, ..., t,), where to =0, t, = 255, t, ..., t,— are free variables corresponding to
the thresholds between the histogram modes. If a number of the histogram modes is
unknown, then the task of histogram segmentation is, generally speaking, incorrect
and requires the regularization [55]. The optimal segmentation corresponds to
solution of optimization problem defined by Eq. 2.41, where DISP(%;, ;) is a value
of the dispersion of the image histogram fragment on the interval (#;, #;,1), o is a
regularization parameter.

> DISP(t;, tiz1) + an — min(n, t1, ..., £, 1) (2.41)

This problem is solved by the Dynamic Programming (DP) [53]. After that, the
approximate morphological spectrum of grayscale image is formed via fast com-
puting and summing of n binary level spectra [53—57]. The negative part of the
spectrum (Eq. 2.40) can be calculated using the same algorithm applied to the
inverted image (background).

2.5 Morphological Image Analysis (Pyt’ev Morphology)

The basic ideas of Morphological Image Analysis (MIA) are proposed and
developed by Pyt’ev since 1960—1970 [58—64]. Further development and gener-
alization of this morphological technique was performed by Pyt’ev, Chulichkov,
Kalinin, Loginov, Smolovik, Falomkin, Zhivotnikov, Antonjuk, Zheltov, Vizilter,
Rubis, and other researchers of Russian morphological school [65-81].

Let us note that the MIA was proposed approximately at the same time indepen-
dently and had the proper evolution in parallel way relative to well-known MM
proposed by Serra and Matheron [1, 2]. Both terms “morphology” and “morpho-
logical analysis” historically belong to both approaches, and they will make some
confusion in this chapter. Therefore, for separating MIA from MM, let us refer the
MM as the Serra morphology and the MIA as the Pyt’ev morphology (with great
respect to all other authors of MM and MIA concepts and results). Unfortunately,
basic and some further papers on MIA were published in Russian only, and due to this
the Pyt’ev morphology is not so known and popular in the world, but its difference and
similarity to the MM are worthy to become a subject of the most fixed consideration.
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From practical point of view, the Pyt’ev morphology is basically a technique for
invariant and robust image comparison and model-based matching (a template
matching in the simplest case). In contrary, the Serra MM is basically a technique
for image transforming (a filtering). However, the difference is not only in basic
tasks of image analysis. Different classes of objects inspired these morphological
approaches in their early days. The Serra morphology was initially developed for
binary images of planar figures and then generalized for grayscale and color images.
The Pyt’ev morphology was initially developed for comparison of grayscale and
color images of 3D scenes. Different target objects produce different concepts of
image shape.

From the theoretical point of view, the MIA is another algebraic approach to
image shape description and analysis. The Serra morphology is based on non-linear
set-theoretic (complete lattice) models. The Pyt’ev morphology is based on vector
algebra and functional analysis. Therefore, the monotonous properties (extensive or
ant-extensive) of Serra morphological filters (projectors) are not satisfied for Pyt’ev
morphological filters (projectors). The Pyt’ev shapes are the rigorous mathematical
objects with clear geometrical sense—the hyperplanes in an image space. The Serra
shape models have no such interpretation. Due to this, the Pyt’ev morphological
correlation coefficient or geometrical correlation coefficients (proposed by Vizilter,
Rubis, and Zheltov in the framework of the MIA) have no analogies in the Serra
MM. On the other hand, in the Serra MM based on connected filters there are many
coincident terms to Pyt’ev notions of shape, shape complexity, and so on. It is
important that formally vector algebra and set-theory (Boolean algebra) are the
particular cases of the lattice theory. It is important that idempotent operators
(projectors) play the central role in both mentioned morphologies. Thus, one can
presume some deep unity of these morphological approaches. It was expressed in
the formalism of projective morphology in section below.

Now let us start the brief consideration of Pyt’ev morphological ideas. The main
purpose of all MIA techniques is the independence of image analysis results on the
conditions of image registration. The invariant image properties determine the
concept of the image shape. More generally, one can speak about the shape of any
data or signal registered by some sensor.

In morphological analysis, it is supposed that any registered signal contains both
“important information” about the source signal and the “secondary information”
forced by conditions of registration. For example, let us try to explore some 3D
scene by means of analysis of its 2D image. An image content depends both on the
objects in the scene and the conditions and technique of image acquisition (lighting,
weather, season, camera presets, etc.). For the task of 3D scene analysis the
information about scene illumination or image acquisition parameters will be
“secondary” information. The part of visible information presented in all images of
this scene and determined basically by the content of the scene is called a shape of
images in this scene. This information should not change, if conditions of scene
registration are modified. Therefore, one can speak about the shape of one image, if
this image contains the complete “important information” relevant to all images of
this fixed scene view.
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In order to define the rigorous mathematical notion of image shape, it is required
to determine the transformation of the image corresponding to the changes of image
acquisition conditions. The invariant of this transformation will be the shape of
image. Based on this shape formalization, one can propose the invariant morpho-
logical methods for solution of different practical problems of data comparison,
matching, recognition, classification, and estimation of sensor parameters for each
proper type of signals or data [65, 68, 69].

A model of image shape invariant for transforms is described in Sect. 2.5.1.
Scene recognition based on image shape is discussed in Sect. 2.5.2. Section 2.5.3
provides a detection of scene change based on image shape. A scene recognition
based on the shape of noisy image is situated in Sect. 2.5.4. A morphological shape
matching is given in Sect. 2.5.5.

2.5.1 Image Shape as an Invariant of Image Transforms

Let image f be a function of two variables (x, y). A domain for definition of this
function is called a field of view X, and the value f{x, y) is called the intensity or
color of the image at the point (x, y) € X.

For defining the shape of the image, it is need to determine a model of image
changing in variations conditions of registration. Let us suppose, for example, that
changes in these conditions lead to intensity changes only and are described by
Eq. 2.42, where F(-) is the unknown function of pixel-wise intensity transform.

gx,y) = F(f(x,y)) (2.42)

Let F be the class of admissible transformations of the image f, and one can
believe that if F(-) € F, then image g = F(f) will be the other realizable image of this
scene corresponding to some certain conditions of registration.

For example, let us suppose that scene objects are the polyhedra with optically
homogeneous flat sides. If they are illuminated by the uniform beam of light, then
the image of this scene will be the piecewise-constant function in Eq. 2.43.

N
fxy) =Y fiar(xy) (2.43)
i=1
Here
_Jrif (x,y)EAF,.
XFi(xay) - {0 if (x,y) gAF,-
is the indicator function of Ag;, i = 1, ..., N, and the regions Ag;, i = 1, ..., N, with

constant intensity form the tessellation of the field of view X:
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N
ArNAg =@, i#jij=1,...N, |JAr =X
i=1

The differences in images of cube captured with different lighting conditions are
shown in Fig. 2.17. Figure 2.18 illustrates a mathematical model of cube image and
its shape represented as a tessellation of a field of view.

In this case, the class of transforms F is specified as a class of all (Borel)
functions {F(:): Ry — R;}. In result of transformation from Eq. 2.42, all sets
(regions) of image points with equal intensity on the image f will have the equal
intensity on the image g. Therefore, all f image regions of constant intensity (“flat
zones” in the Serra MM terms) will preserve their (geometric) shape. However, in
some certain special cases, some regions of the field of view X tessellation, which
have different intensity on the image f, will merge into one region with constant
intensity on the image g. Then the shape of the image g will be simpler than the
shape of the image f.

In the described case (polyhedra world with uniform lighting), the invariant of
transformations of class F is a tessellation {Ag;};-1. . w itself. It can be called the
shape of the image f. Let us denote the set of all possible images of scene obtained
at various registration conditions as follows

Vi = {g = F(f),F € F}.

This set can be equivalently considered as a shape of image f.

If V,is a convex and closed set in the Euclidean space of all images, then there is
the one-to-one correspondence between the set Vy and the operator of projection
onto this set Py. This operator can be easily calculated and also called the shape of
image f. Obviously, the set of images V; is invariant with respect to this Pyt’ev
morphological projector and defined by Eq. 2.44.

PfZPfo = Vf (244)

Fig. 2.17 Images of polyhedral world (cube) captured with different lighting conditions
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(a) (b) A
"4

Fig. 2.18 Mathematical model of cube image: a a visual model, b a shape of cube as a tessellation

Corresponding to Eq. 2.43, an image shape (in this mathematical world) is the
linear cover of indicators of regions with equal intensity. From a geometrical point
of view, this set of images Vis a linear subspace (hyperplane) of the Euclidean
space of all images. Therefore, a projection of any image g onto the Vyis defined as
an orthogonal projection of an image g on this linear subspace.

Constructively, the image projection of g on the set Vyis determined as a solution
of the problem of finding best (closest) image in the set V; to the given image g

s = Prg|*= inf{lls — alFlq € v, }-

For piecewise-constant image f, this problem can be solved in explicit form

N

Pfg — Z (ga XFiQ)XF,-
77,

i=1

Let us consider another example. If F is the class of monotonously increasing
functions, than the shape of the image fis a convex cone in Euclidean space of all
images. The ordering of values of the intensity of piecewise-constant images is
preserved in such monotonous intensity transform model:

) =Y fian ey fi<h < <fv=
i=1
N
F(f) = ZF(ﬁ)XF,-aF(fl)<F(f2)< o <F(fy).

Local maxima and minima of image intensity are preserved in this shape model.
Let us briefly consider some image analysis problems, which can be solved using
the Pyt’ev morphology.
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2.5.2 Scene Recognition Based on Image Shape

Let image f correspond to scene S registered from some fixed viewpoint by some
fixed camera geometry. The inclusion g € V; implies that an image g can be an
image of the same scene S registered from the same viewpoint with the same
camera geometry. The inclusion of g € Vis equivalent to the equality g = Py g. This
simple condition can be easily and quickly verified.

For any € 2 0, the image v is “e-similar” to shape of image f, if condition in
Eq. 2.45 is executed.

[v = Pr(w)[| <ellvl (2.45)

Therefore, the Morphological Correlation Coefficient (MCC) proposed by
Pyt’ev has a view of Eq. 2.46.

. _lenl
vl

(2.46)

The MCC is normalized (0 < K, < 1) and K,,, = 1 corresponds to shape equivalence
by Eq. 2.47, while K,,, = 0 corresponds to shape independence by Eq. 2.48, where
ITv and If are the orthogonal projections of v and f, respectively, onto the set of “flat”
images with constant intensity in all points in the field of view X.

Kn(v,f)=1eveViev="Fv (2.47)
|y — Ppv|| =0, [[IIf — P,f|| =0 (2.48)

The coefficient of morphological correlation does not depend on the brightness
transform F(f(x,y)): K,.(F(f), f) = 1. Moreover, if shape of the image v is simpler
than shape of the image f, then K,,(v, f) = 1.

Let us compare this morphological correlation with usual Normalized Correla-
tion (NC) between two images presented in Eq. 2.49.

W)
K= (2.49)

This NC coefficient is a similarity measure between images taking its values in
interval [—1,1] and invariant relative to class of linear transforms of image intensity:
if v(x, y) = a v(x, y) + b, then |K, (v, f)| = 1.

A linear transform L is a particular case of arbitrary intensity transform F. Hence,
the MCC has greater “invariance power” than the NC: if K, = 1, then K,,, = 1, but if
K,, = 1, then K,, should not be equal to 1. Moreover, as it was demonstrated in [74],
the MCC is always not less than absolute value of the NC: K,,, > |K,|. Figure 2.19
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Fig. 2.19 Geometrical
relation between normalized
correlation and morphological
correlation, o = arccos K,

B = arccos K,,

illustrates this relation geometrically. The NC is a cosine of angle between v and fin
the vector image space. The MCC is a cosine of angle between v and V}; i.e. between
vand Pv. The images are pictured as vectors, and a shape is pictured as a plane (Fig.
2.19). The second angle is always not smaller than the first one, so the MCC is
always not less than the NC, and they are equal, if and only if fi||[f|| = P, v/||P; ]
Another difference between the MCC and the NC is that the MCC is not
symmetrical relative to v and f: in general case K,,,(v, f) # K,,.(f, v). In particular, if a
shape of the image v is simpler than a shape of the image f, than K,,,(v, f) = 1, but
K,(f, v) < 1. The reason of this asymmetry is that the MCC estimates not the
similarity between images v and f or between shapes V, and Vj, but the similarity
between image v and shape V. So, {K,,(v, /) = K,,(v, V)} # {K,.(f, v) = K,.(f, V,)}.

2.5.3 Scene Change Detection Based on Image Shape

Let g and fbe the images of the same scene S with some small changes in this scene
(some small elements in the scene are added or deleted). If P,is a projector onto the
set of images VJ; then by definition, P g is the best approximation of the image g by
images from Vj, and hence, g — P g is a “morphological difference” of the image
g from the shape of image f. This difference is invariant to the conditions of image
registration. Thus, the image g — Py g points to scene changes corresponding to the
changes in image g relative to the shape of image f.

The MIA technique is close to the concept of “background normalization” in the
MM: the detail extraction uses the difference between initial image and image
filtered by morphological filter (projector). Figure 2.20 illustrates this technique for
scene change detection in different lighting conditions.
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Fig. 2.20 Morphological change detection: a the image f determining the shape of scene, b the
image g with small change in scene content (small bead at the legs of the dog) and strong changes
in lighting conditions, ¢ a simple difference of f and g (all pixels have changes, so scene changes
and intensity changes can not be separated), d a morphological difference g — Py g demonstrates
the position of new object (small bead) as an only one bright area

2.5.4 Scene Recognition Based on the Shape of Noisy Image

Let f be the image of scene S;. Let us consider the registration of corrupted image ¢
of some unknown scene: £ = g + v. Here v is the “noise image”—a model of image
corruption by additive noise, and uncorrupted hidden image g is unobservable.

It is required to determine, whether it is possible to consider this image as an
image of the scene Sy. For solving this problem in morphological way, let us define
the morphological noise-to-signal ratio for image ¢ and shape V,by Eq. 2.50, where
II¢ is the orthogonal projection of ¢ onto the set of “flat” images with constant
intensity in all points of the field of view X.

_ le=pelf

(&)
[

(2.50)

Consequently, I1¢ is a constant image filled by the average value of intensity of
the image ¢. The shorter the distance from ¢ to V5 and more difference of Pyfrom the
constant, the smaller the ratio #(¢). The numerator of this ratio contains the squared
norm of difference from image ¢ to closest image from the set Vy. If & & V; then
this difference can be explained only by the presence of noise. The denominator



2 Morphological Image Analysis for Computer Vision Applications 43

is the squared norm of the component of image &, which is comparable in shape with
an image f, and differs from the constant. For decision making about the scene
recognition based on images distorted by noise, one needs to specify the threshold
value for noise-to-signal ratio.

This brief overview presents the MIA as it was basically proposed. Next para-
graphs will be devoted to description of modern generalizations of the MIA, but one
needs to note that the MIA approach itself is still under development and able to
generate some essentially new ideas. For example, in [82] the new MIA concepts of
morphological oblique projectors and relative shapes are proposed by Pyt’ev for the
morphological analysis of classes of images and for comparative analysis of their
shapes as invariants (under image acquisition conditions). These concepts are used
to characterize morphological dependences. More specifically, the relative shapes
are characterized by the morphological independence index, and the absolute
shapes, by the morphological connection index. New methods based on the con-
structs of relative shapes of image classes and on the oblique projection technique
are described in [82] applying to the comparative analysis of absolute and relative
shapes of image classes, the morphological filtration of images, the identification of
images, the determination of unknown objects in scene images, and other problems.

2.5.5 Morphological Shape Matching

This subsection addresses the problem of image matching “just by shape” with no
dependence on the concrete pixel values. For example, one can compare images of
one scene captured at different seasons, time of day, weather and lighting condi-
tions, spectral ranges, etc.

The most popular technique for such image shape comparison utilizes the
Mutual Information (MI) measure based on probabilistic reasoning and information
theory [83]. A mutual information /(A, B) estimates the dependence of two random
variables A and B by measuring the distance between the joint distribution p4z(a, b)
and the distribution of complete independence pa(a)pp(b) provided by
Egs. 2.51-2.53, where H(A) is an entropy of A, H(B) is an entropy of B, H(A, B) is
their joint entropy.

I(A,B) = H(A) + H(B)— H(A, B) (2.51)
H(A) = = pa(a)logpa(a) H(B) =—_ ps(b)logps(b) (2.52)
a b
H(A,B) = = > pap(a,b)logpas(a,b) (2.53)
a b

For two image intensity values a and b of a pair of corresponding pixels in two
images, required empirical estimations for the joint and marginal distributions can
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be obtained by normalization of the joint (2D) and marginal (1D) histograms of
compared image fragments. Maximal (A, B) value corresponds to the best geo-
metrical matching of image fragments.

Such MI approach provides the robust tool for matching of images with different
intensities based on their joint 2D histograms. But these histograms cannot explain
the geometrical idea of image “shape” in some evident form. Such mathematical
“shape” formalism is given in evident form in the morphological approach to image
comparison proposed by Pyt’ev [62].

The Pyt’ev morphological comparison of images f(x, y) and g(x, y) is performed
using the MCC Kj,(g, V) and Ky(f, V,). This comparison is invariant relative to
intensity transforms. However, the Pyt’ev MCC estimates the closeness of image to
the shape of other image, but not the similarity of two shapes. Morphological tools
for shape matching were proposed by Vizilter, Rubis, and Zheltov [84, 85]. The
original Pyt’ev morphological approach was generalized for obtaining the pure
“geometry-to-geometry” shape matching technique. In [85], the transform distance
for geometrical difference evaluation of shapes named Geometrical Difference
Index (GDI) was proposed and normalized similarity measure of image shapes
based on GDI was defined. These new morphological tools were experimentally
compared with the Pyt’ev MCC and the MI applying to multispectral image
matching problem.

In [81], the geometrical shape comparison approach was developed based on
Pyt’ev’s morphological image analysis. Let f{(x, y) form V,is a piecewise-constant
2D function described above. Image g(x, y) from V, is an analogous 2D function
with m as a number of tessellation regions {Agy, ..., Agm}s € = (81, ---.8&m) 1S @
vector of intensity values, xg;(x, ¥) € {0, 1} is a support function of jth region.

For briefness in this subsection, let us use the following notation: F = V; and
G =V, for shapes, F; = Ap; and G; = Ag; for tessellation regions, fg = P, f and
gr = Py g for projections. Let us also introduce following additional set of
“S-variables™: S is an area of the whole frame Q, S; = |[yz(x, y)||* is an area of
tessellation region F, S; = |[xg/(x, y)|I° is an area of tessellation region G;
Sii = (xri(x, ¥), xgj(x, ¥)) is an area of intersection F; N G;. With account of these
S-variables, one can receive the equations mentioned below.

AP =D 128 fellP = > 15

1,...n j=1,...m

Joj = < Z f;SU> /S j=1,...m

i=l,...,n

Let us add the following assumptions about the distributions of probability
densities for intensity values fi, ..., f,:

1. If p(f1, -, f) = p(f1)...p(f,), then values fi, ..., f,, are independent in general.
2. If p(f) = - = p(f,), then values fi,....f, are equally distributed.
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3. IfVi=1, .., n: p(f) = p(—f;), then values f,....f, are distributed symmetrically to
0.

Then the expectation (f;) =0, i =1, ..., n and the covariance has the form of
Eq. 2.54, where o is a dispersion of probability distribution p(f;).

ifi=k

. 2.54
otherwise ( )

aw={g

Thus, the mean square of norm for image f of shape F has a form of Eq. 2.55.

(P =S (RS =S rsi=a Y si—as  (59)
i=1 i=1 i=1

The mean square of projection norm for image f € F and fixed shape G has a
form of Eq. 2.56.

(el = Z (&) 5= Z < <2f5>/ g >
Z<2025> = ZZZS

(2.56)

Let us define the Mean Square Effective Morphological Correlation Coefficient
(MSEMCGC) for shapes F' = Vyand G = V, provided by Eq. 2.57.

(el )
{7y

After evident substitutions, the MSEMCC takes the compact form by Eq. 2.58,
where KQ(F » G;) = S8/ is a normalized influence coefficient for pair of regions F;
and G, KM(G], F) = S,]/S is a square of normalized morphological correlation for
this pair of regions.

K (F,G) = (2.57)

m Sz Sz m_n

J=1

In [85], the special transform distance for geometrical difference evaluation of
shapes named GDI was proposed and some normalized similarity measures of
image shapes based on the GDI were presented. The GDI metrics for two image
shapes F and G are defined by Egs. 2.59-2.61.
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m n

du(F,G) =Y > pydu(Gj, F) (2.59)
=1 =1

du(Gj, Fi) = pi + pj — 2p;j (2.60)

pi = Si/S, pi = Si/S, pi = 5;/S (2.61)

Most useful the GDI-based similarity measure proposed in [85] is a Centered
Metrical Similarity Coefficient (CMSC), which is based on comparison with
assumption about F and G shapes independence. In this case dy;,4(-) has a view
below.

dyna(F,G) =Y > pipj(pi + p; — 2pipy)
=1 =l

Therefore, the CMSC is defined by Eq. 2.62.

duma(F.G) — dy(F,G
Kcus(F, G) _! Hld(dm d)(F GH)( ! (2.62)

The CMSC has the following properties:

. Kens(F, G) € [0, 1].

. Kepys(F, G) =1 F=0G.

. Keps(F, G) = Keps(G, F).

. Vij: pij=pi pj = Kcus(F, G) = 0.

AW N~

For comparison of geometrical correlation techniques and corresponding simi-
larity measures, the MI criterion and the Pyt’ev’s MCC were calculated over a set of
real images including remote sensing and multispectral images [TeleVision (TV)
and InfraRed (IR)] [86]. In all experiments, both the Pyt’ev MCC and geometrical
correlation measures (Eqgs. 2.58, 2.62) provide matching characteristics (signal-to-
noise ratio and elevation of main peak in a correlation field) close to mutual
information characteristics (a little bit worse or better). In the case of small TV
fragments and noisy IR images, the characteristics of the CMSC (Eq. 2.62) were
better than Pyt’ev’s morphological coefficient and mutual information characteris-
tics. Figures 2.21 and 2.22 demonstrate the example of such TV-IR matching test
and corresponding correlation fields. From the computational viewpoint, the geo-
metrical correlation outperforms the mutual information in calculation speed about
20 %.

Thus, the morphological techniques for change detection and scene recognition
are invariant relative to conditions of image registration.
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Fig. 2.22 Correlation fields for TV-IR matching: a the mutual information MI(F,G), b the square
of centered Pyt’ev MCC K1%4 (f — fo,G), ¢ the square of MSEMCC Kfl (F,G), d the square of CMSC
Kcns(F,G)

2.6 Projective Morphologies, Morphological Segmentation
and Complexity Analysis

The projective morphology approach was developed based on the Serra MM [1],
the Pavel shape theory [87], and the Pyt’ev MIA [62]. It presumes structural image
modeling with regularization constrains. This section describes the image seg-
mentation problem from the morphological point of view and introduces the cri-
terion-based morphological filters (projectors) and morphological spectra based on
regularization and analysis of shape complexity [79, 80, 84, 88]. The corresponding
morphological tools have been successfully applied for different practical computer
vision tasks [89-95].

Section 2.6.1 provides the projective morphologies based on morphological
decompositions. The image segmentation in the framework of projective mor-
phology is represented in Sect. 2.6.2. The shape regularization and morphological
filters are discussed in Sect. 2.6.3. The morphological complexity and filters and
spectra by complexity are introduced in Sect. 2.6.4.

2.6.1 Projective Morphologies Based on Morphological
Decompositions

The projective space of patterns (images) is as an algebraic system <V, Q, -, V, 1,
Pr, E>, where ¥ is a set of scalars including 0 and 1, Q is the set of patterns with
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“zero pattern” (), *- is the multiplicative group operation of multiplication of scalars
¥ x ¥ — ¥ and a scalar by pattern multiplication ¥ X Q — Q, “V* € {‘+’, *x’, ‘U,
‘1, VA, ‘min’, ‘max’, ...} is the additive Abel semi-group of scalars fusion
Y x ¥ — ¥ and patterns fusion Q x Q — Q, p is the norm of the pattern Q@ — R
(W) = |A]l, |2]] = 0), set of basic patterns (primitives) E = {Ey, ..., E,} is the basis
of the morphological pattern decomposition. Let E denote the corresponding
morphological subspace E C Q) generated by the algebraic closure of basis E rela-
tive to*-,V’-combination.

The operator of linear projection of pattern onto the pattern has a form of
Eq. 2.63, where (A, B) € ¥ is the coefficient of linear dependence of pattern
A relative to pattern B.

Pr(A,B)=r(A,B) -BQ—BCQ (2.63)
The projection of pattern onto subspace
Pr(A,E):Q — ECQ,Pr(A,E) = Pr(Pr(A,E),E)

is the idempotent operator satisfying the decomposition condition Eq. 2.64, where a
(A, E) = (r(A,Ex));—, _, is the vector of morphological decomposition of pattern
A in basis E.

ey

PV(A,E) = Vk:l ,,Pr(A,Ek) = Vk:l nr(A,Ek)-Ek (264)

The morphological decomposition is a mapping defined by Eq. 2.65.

decg(A) = (F(A, E1), ..., (A, E,)):Q — P (2.65)

2.6.2 Image Segmentation in the Framework
of Projective Morphology

Let the morphological descriptor of pattern A € Q be a data structure of the form of
Eq. 2.66, where E = (Ey, ..., E,) € Q" is a basis of decomposition, n = dim(E) is
the dimension of E, d(A, E)) is the descriptor of decomposition element.

d(A,E) = (n,d(A,Ey), ...,d(A, E,)) (2.66)

The descriptor size v(d) is a memory size required for storing of descriptor
d (Eq. 2.66). The basis X of decomposition is complete on Q if VA € Q: Pr
(A, X) = A. Then for any A € Q its descriptor d(A, X) is a complete descriptor. Any
subbasis Y = (Y7,...,¥,): ¥ C X, dim(Y) < dim(X) determines a subdescriptor d
(A, Y). The set O(X) = {d(A, Y): A € Q, Y C X} is a set of all subdescriptors based
on X.
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In the framework of shape theory [87], the morphological segmentation operator
can be stated as a mapping of pattern from Q to subdescriptor from @(X) provided
by Eq. 2.67.

&:Q — O(X) (2.67)
The operator of morphological reconstruction is defined in a following view
05:0(X) — Q.

Therefore, their combinations will be the morphological filter, and algebraic
projector is computed by Eq. 2.68.

PriA,0(X)) =V, A=0de4 V;Q—Q Y=, (2.68)

Let us define a segmentation criterion or shape cost function with regularization
parameter o in the form of Eq. 2.69, containing a penalty both for the descriptor size
v (complexity criterion) and for deviation of projected pattern from the initial
pattern J (reconstruction criterion).

D(A,Y) =J(A, Pr(A,Y)) + o x v(d(A,Y)) — min({Y:Y C X) (2.69)
The optimal morphological segmentation finds an optimal subbasis Y (Eq. 2.70).
en(A,X) = argminy®(A,Y) (2.70)

Then the pattern A as its projection on this subbasis is reconstructed by Eq. 2.71.
Ve (A, X) = Pr(A, ee (A, X)) (2.71)

In particular, the segmentation without losses provides the exact reconstruction
by Eq. 2.72.

&,(A, X) = argminy {v(d(4,Y)): Y CX Pr(AY)=A}V,(4,X)=4 (2.72)

The segmentation without losses presumes the construction of optimal basis via
elimination of zero-coefficient primitives and grouping of equal-coefficient primi-
tives. Each morphological system has the special constraints on grouping.

Example 1 Let initial complete decomposition X be a pixel tessellation (Eq. 2.73),
where ¢(i, j, x, y) is an indicator function of pixel (x, y), a; = f(i, j).

fx,y) = Zjayo(i,j, x,y) (2.73)

The segmentation scheme without losses is based on grouping of neighbor pixels
with equal values. This scheme automatically generates the Pyt’ev morphological
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shape [62] as an orthogonal projective decomposition of the form of Eq. 2.74,
where y; € {0, 1} is an indicator function of ith connected region with intensity a;.

f(xay) = Z ai - Xi(xvy) (274)

Example 2 A granulometry based on the binary Serra MM with disk SE provides a
monotonous projective decomposition with operation ‘V’ = ‘U’ and complete basis
of binary structuring elements D(x, y, R). In this case, the segmentation scheme
without losses is based on following rule for grouping of structuring elements: the
greater disks absorb the smaller ones that completely belong to them. Thus, the
segmentation provides a minimal set of inscribed disks recovering the pattern A. In
other words, this segmentation scheme automatically generates a morphological
shape descriptor based on a skelitonization technique.

2.6.3 Shape Regularization and Morphological Filters
by Regularization

If optimal segmentation £ (A, X) may return the subbasis Y such that Pr(A, Y) # A,
then such scheme is called the segmentation with losses or shape regularization. If
the operator of shape regularization yg(A, X) is idempotent (projector), then it is a
morphological filter by regularization. For some certain forms of regularization
criterion the projectivity of segmentation operator can be proved. The first type of
projective segmentation is a minimal distance regularization provided by Eq. 2.75,
where a distance p(4, B) = ||A — B|| satisfies the metrics properties by Eq. 2.76.

DO(AY) = ||[A—Pr(A,Y)|| + o x v(d(A,Y)) — min(Y:Y C X) (2.75)
VA, B, C € Q:p(A,B) >0,p(A,A) =0, p(A,B) +pB,C)<p(A,C) (2.76)
Additionally assume that for any basis E Eq. 2.77 is executed.

VA€ QB=Pr(A,E) &BecE VYCecE:|A-B||<||[A-C]| (2.77)

As it was proved in [96], the operators Yo (A, X) satisfying Eqgs. 2.75 and 2.77
are idempotent and called the minimal distance projectors (in particular, the Pyt’ev
projector from Example 1). Thus, one can speak about a class of morphological
systems (X, o, v, p) based on a distance p, a basis X, a weight parameter a, and a
descriptor size v(d(Y)).

Example 3 The minimal L1-distance segmentation of 2D functions using Dynamic
Programming technique (DP-segmentation) requires the description of 2D image
structure by some non-circular graph (tree). Such projective segmentation scheme
based on level set trees is described in [97] (see Fig. 2.23).



2 Morphological Image Analysis for Computer Vision Applications 51

The second type of projective segmentation is a monotonous regularization
provided by Eq. 2.78 or Eq. 2.79, where A £ B < Vx, y: A(x, y) < B(x, y).

VA, X:\ig (A, X) = Pr(A, ep(A, X)) <A (2.78)
VA, X:\ig (A, X) = Pr(A, e (A, X)) > A (2.79)

As it was proved in [96], for any convex criterion J operators yqg(A, X) satisfy-
ing Eqs. 2.78-2.79 are idempotent and called the regularization opening and the
regularization closing, respectively. Therefore, one can speak about morphological
systems <X, a, v, J> based on an initial basis X, a weight parameter o, a descriptor
size v(d(Y)), and a reconstruction cost J(Pr(A, Y)).

Example 4 The monotonous segmentation of 1D u 2D functions using the DP
technique is similar to one in Example 3 with account of Eq. 2.78 for DP-opening
and Eq. 2.79 for DP-closing. Note, that filters in Examples 3 and 4 are the con-
nected filters of the Serra MM.

The DP is not the only effective programming techniques for solution of mor-
phological segmentation tasks. Very efficient solutions can be obtained using the
linear programming, the graph cut technique [98—103] and the Hough-like trans-
forms (see Example 5) (Fig. 2.24)

Example 5 A morphological segmentation based on the Hough transform [88] is
proposed in [104]. It includes the following steps:

Step 1: The application of the Hough Transform (HT).

Step 2: The binarization of the Hough accumulator with fixed threshold value 7.

Step 3: The deletion all dots of source dot pattern, which are not on detected as
straight lines.

Such procedure defines the Hough-projector (the Hough-opening MM filter).
The optimal segmentation problem is reduced to search of optimal segmentation
parameter f,p = (). This approach can be easily expanded to any generalization or
modification of the HT. For example, the Recurrent Hough Transform (RHT) in a

Fig. 2.23 The projective DP-segmentation of grayscale image by level set tree with L1-distance
criterion and regularization parameter o producing different number of support regions n: a o = 0,
n=1395 b a= 1,000, n=102, ¢ o =10,000, n =23, d a = 1,000,000, n = 2
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Fig. 2.24 Projective monotonous DP-opening of grayscale image by level set tree with
regularization parameter o producing different number of support regions n: a a = 0, n = 1,584,
b a = 1,000, n = 120, ¢ o = 10,000, n = 24, d o = 100,000, n = 8

Fig. 2.25 Examples of Hough and RHT-opening: a the initial binary image, b the Hough
accumulator, ¢ the Hough-opening (global linear structures are detected), d the RHT accumulator,
e the RHT-opening (local linear structures are extracted)

sliding window produces the morphological RHT-opening [104]. The examples of
the Hough-opening and the RHT-opening are shown in Fig. 2.25.

2.6.4 Morphological Complexity, Filters, and Spectra
by Complexity

The morphological regularization can be generalized in terms of the morphological
complexity proposed by Pyt’ev. Let us consider two projectors ¢, and ¢, and
corresponding to Pyt’ev shapes (sets of stable elements of projectors). If a shape M,
contains shape M, (i.e. filter @; preserves all patterns filtered by ¢,), then the shape
M, has less (not greater) morphological complexity than shape M,

M; ={0A:A € Q}, M ={p,AA€Q}: M, CM; = 0,9, = ¢,.

Usually one can speak and think about the structural complexity of patterns: the
greater numbers of elements is used in a model of shape, the more complex model
is formed. But such complexity definition requires some structural description (for
example, in terms of morphological decompositions). In contrast, morphological
complexity definition does not require any structural description. It operates just
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with projectors and corresponding stable sets but can be easily interpreted in any
certain morphological system. For example, if one frame tessellation is a partition
of other frame tessellation, it will be relatively more complex both in structural (a
number of elements corresponds to a region) and in morphological sense (based on
comparison of Pyt’ev projectors). In the case of the Serra MM with disk SE
opening, the smaller size of disk corresponds to more complex shape than opening
with greater size of disk in both senses: larger number of small disks required for
reconstruction and opening with smaller disk preserves results of opening with
greater disk.

Thus, one can define the morphological complexity regularization criterion in
the most general form (free of structural morphological decomposition terms)
provided by Eq. 2.80, where A, L € Q are original and reconstructed patterns
correspondingly, J(A, L) is a precision of reconstruction, Q(L) is a complexity of
reconstruction, oo = 0 is a parameter of morphological complexity of the operator
w,, regulating a compromise between J and Q.

FA(A,L) = J(A,L) + 2Q(L) (2.80)
The corresponding morphological filter by complexity is defined by Eq. 2.81.
V,A = argmin;oF,(A,L) (2.81)

In general, J(A, L) can be any function of L that is monotonously growing with
complexity Q(L). The corresponding morphological spectrum by complexity is
defined as a derivative of J by complexity parameter o in Eq. 2.82.

PS(A, ) = J(A, ,A)/du (2.82)

Such definitions are more general than definitions of morphological filters and
spectra based on granulometry sieving or any other structural models considered in
the MM. Thus, the notions of morphological filters by complexity and morpho-
logical spectra by complexity proposed in [105] provide the most general mor-
phological tool for shape analysis based on shape complexity.

2.7 Conclusion

Some original and modern morphological concepts and tools were presented in this
chapter as well as required amount of morphological basics. The morphological
techniques, which are applicable for real-time technical vision systems, were
selected and presented. The continuous skeleton is described by the strict mathe-
matical model. A computation time of continuous skeletonization algorithm out-
performs the best samples of discrete skeletonization algorithms by a factor of ten
or even hundred. If a figure is polygonal, then continuous skeletonization represents
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it as a union of finite number of ANalytical struCTure ELements (anxels). Such
anxel representation allows to define different continuous binary morphologies
based on selection and/or transformation of figure or background anxels. The
effective approach to the calculation of morphological pattern spectra of binary and
grayscale images with the disk structuring elements is described. It is based on the
continuous skeletal representation, the thickness map concept and the level
decomposition of morphological spectra.

Morphological image analysis (Pyt’ev morphology) is described. The Pyt’ev
morphology is developed for matching and comparison of grayscale and color
images of 3D scenes. It is based on vector algebra and functional analysis. The
Pyt’ev shapes are the hyperplanes in an image space. Morphological techniques for
change detection and scene recognition based on image-to-shape and shape-to-
shape similarity estimation are described. These techniques are invariant relative to
conditions of image registration.

The projective morphology is described as a generalized framework based on the
Serra morphology, the Pavel shape theory, and the Pyt’ev morphological analysis.
The projective morphology combines ideas of these morphological approaches and
allows to construct some new morphological systems and operators based on dif-
ferent image decompositions, transforms, and criterions (energy functions). The
morphological shape complexity as a criterion for shape regularization is the basis
of tools for shape complexity analysis.
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Chapter 3
Methods for Detecting of Structural
Changes in Computer Vision Systems

Yury S. Radchenko and Aleksey V. Bulygin

Abstract The automation of experimental investigations based on video recording
and different artificial vision applications often require that changes in a sequence of
frames be detected without the observer’s assistance. Variations in brightness,
color, and size of an object are easily detectable using energy criteria. Nevertheless,
some problems demand the use of algorithms capable of responding to small scale
and texture changes of images. These problems can be solved by applying the
criteria of Mean Structural Similarity Index Measure (MSSIM) and the developed
Mean Nonparametric Structural Similarity Index Measure (MNSSIM), as well as
the spectral algorithm for detecting structural changes in a frame, which have been
used to good effect in video codec analysis. The profitable features of these criteria
are their computational simplicity and their conformance to the human visual
system. The criteria have not only a sensitivity for difference of comparing frames,
but also have high stability of Gaussian and non-Guassian (impulse) noises. This
chapter describes the MSSIM, the own developed MNSSIM algorithms, and the
spectral criterion, which provides the experimental confirmation of operating
characteristics and features. The use of these criteria in automatic detection of
changes in video captured scientific research scenes, the detection of motion or
variable fragments in video frames in the intelligent video systems, and the
application in video coding systems are discussed.

Keywords Image quality assessment - Spectral change - Pixel change - Substance
phase transitions
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3.1 Introduction

The automation of scientific researches based on video recording, smart vision, and
video coding applications require that changes in a sequence of frames be detected
without observer’s assistance. Variations in object brightness, color, and size are
easily detectable by Mean-Square Error (MSE) and Peak Signal to Noise Ratio
(PSNR) energy criteria [1]. However, a number of tasks require algorithms that
react on structural (texture) variations of images. Generally, an image region with
variable structure is formless.

Another problem of vision systems is a variation of observation conditions and
also interference. The problem solution is based on the use of high robust and
interference-immunity decision making algorithms. The detection of variations in
the image segment structure is based on spectral and correlation analysis of spatial-
temporal domain. At present, the quasi-optimum heuristic algorithms applying
variations of correlation features exist. However, they are non-invariant to spectrum
in various bases in relation to a segment movement and change of texture features.

The structural differences of images can be determined by various techniques.
Figure 3.1 shows the criteria and the metrics being a basis to detect these differences.
The authors analyzed difference estimation methods and algorithms for images
presented by the numbered blocks.

The MSSIM criterion [2—4] and its modification MNSSIM [5] are the tri-criterion
functionals that respond to the changes of brightness, contrast, and correlation
features of image. Therefore, the MSSIM, the MNSSIM, and other modifications are
the energy criteria for detecting image variations. They are sensitive to texture
variations as well. The growing popularity of these criteria is proved by their quite
appropriate compliance with the human vision system.

The image as a whole or its separate blocks can be expanded in a generalized
Fourier series by using the system of orthogonal functions @,,,(x, y). The following
methods can be emphasized among a multitude of orthogonal basis: the Discrete
Cosine Transform (DCT) [1] and its integer variant called pseudo-cosine transform
[6], Walsh-Hadamard transform [1], wavelet transform [7, 8]. In the researches
[9-12], the class of discrete polynomial transforms and easily version discrete
Chebyshev transform or the Generalized DCT (GDCT) were proposed. The GDCT
has a number of special properties that allow the efficient image processing.

The current research has proved that the spectral algorithms can be a base to
implement the image structural variation detectors, which are robust to the change
of observation conditions and interference. Let us notice that the MNSSIM algo-
rithms and spectral algorithms are quite simple in computation.

The next Sect. 3.2 covers examples of using the MSSIM and the MNSSIM.
Section 3.3 provides the description of spectral criteria of structural image simi-
larity. Spectral field variation detection is discussed in Sect. 3.4. Experimental
confirmation of structural similarity criteria is situated in Sect. 3.5. Conclusion is
drawn in Sect. 3.6.
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Methods for image
difference detection

J T l

Pixel Correlation Differences Information
differences differences of spectra differences
R
1 2 6
3 4 5

Fig. 3.1 Methods and algorithms for structural image difference detection, where / are algorithms
based on MSSIM, MNSSIMI1, and MNSSIM2 structural criteria, 2 are algorithms based on
difference of generalized orthogonal basis spectra, 3 are algorithms based on difference of
correlation features of moving video sequence fragments, 4 are spectral algorithms for texture
anisotropy detection and estimation, 5 is a spectral algorithm for moving object detection, 6 are
algorithms based on the Kullback and the Bhattacharyya information metrics

3.2 Pixel Structural Similarity Criteria

The task of detection and estimation for the structural similarity of two images
having uncertain structures is a crucial issue in computer vision. The random
images or frames of video sequence can be analyzed. This task cannot be for-
malized in full and has not yet been solved unambiguously. Objective structural
similarity criteria may be classified in the following manner: single factor criteria,
multi-factor criteria, and integral criteria being a combination of single factor and
multi-factor criteria.

One of the simplest single factor criteria is a deviation of MSE. The MSE is
determined by Eq. 3.1 for a separate image brightness or color component, where
X, Y are images under a comparison (X = (xlj) Y= (y,j) i=1..nj=1...m).

2
2o o1 (5 — i)
n-m

MSE(X,Y) =

(3.1)

This criterion cannot be applied to human vision system. According to the MSE
criterion, the images differ from each other, if the brightness reduces by 5 % only
(the human vision system does not recognize this while the brightness options of
different computer screens vary much more). At the same time, the images with the
pronounced color variation of separate point, mild stripes, or frequency distortion
resulting in a sharpness loss will be recognized as “almost unchanged”.

The widely used nowadays PSNR for a separate brightness or color component
of an image is expressed by Eq. 3.2, where MAX; is the maximum value assumed by
the image component element.
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MAX? 2552
PSNR(X,Y) = 10-10g( ) 10 - log,, o (3.2)
MSE i= 1,} 1 (Xij - yl])

For an RGB image, each component R, G, or B occupies 8§ bits and, hence,
MAX,=28—1=255 for this image. This measure is appropriate due to the logarithmic
scale. It has the same drawbacks that root-mean-square deviation does [1, 13].

In a number of cases, the criterion should assume a variation of all image colors.
The total PSNR for a full color RGB image PSNRggg is calculated based on the
summed squared error of the components provided by Eq. 3.3, where the maximum
value is max S% =3.2552. 12y (n x n is a number of pixels in a block, for the

sake of simplicity the blocks are assumed to be square), v is a number of blocks,

n = L...v is a number of the current block, (x f?), y£j>)R G.p are brightness of R, G,

B components of pixels of blocks of images under comparison.

Sé_Z{Z(U _ylj) +Z(l/ _yw) +Z( ij —y,]) } (3'3)

Hence, Eq. 3.3 can be re-written as Eq. 3.4.

2 3.255%-n%-v
PSNRzcs = 10 - Ig (masz/SzE ) —10-1g <S§> (3.4)

The PSNR can be calculated for images in the YUV color format and other
formats by equations similar to Egs. 3.3-3.4. The combined criterion PSNRygg
provides the image similarity performance, which is more relevant for human
vision. However, Eqs. 3.1-3.4 are slightly sensitive to texture image changes.

At the moment one of the criteria closest to the subjective perception of the
recovered image quality, if the MSSIM [2—4, 14] characterizes a similarity of X and
Y images by brightness, contrast, and structure, i.e. it is tri-factor. It appears as
Eq. 3.5, where X,,Y, are the images compared in a block having number

= 1...v, v is a number of blocks.

1 A%
MSSIM = = " SSIM(Xy, Yy) (3.5)
n=I1

The SSIM criterion is a block criterion. This means that it is applied not to the
whole image at once but to its separate parts—equal blocks of the image, and later
this value is averaged by all computed blocks producing the resulting MSSIM value
for the whole image. In the general case, the SSIM(X, Y) value for each block is
calculated by Eq. 3.6, where [(x, y)is a brightness comparison functional, c¢(x,y) is a
contrast comparison functional, s(x,y) is a structure comparison functional, o, B, ¥
are the control coefficients.
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SSIM(X,Y) = I(x,y)%c(x,y)Ps(x,y)" (3.6)

In accordance with control coefficients o = B = y = 1 [4], the comparison
functionals in the blocks are calculated by Eq. 3.7.

2pep, + C
K+ 1+ C

20, C w+ C
c(ry) = 52T ) = 228

= —— (3.7
6§+0_§+C2 6,0y + C3 (3.7)

I(x,y) =

Here variables have the following meanings:
— U, Ly are the sample mean for image blocks X, and Y, respectively,

1 N—-1 1 N—1
Hx:ﬁ'inj HY:ﬁ'Z}’ij'
i,j=0 i,j=0

— o%, o7 are sample variance for image blocks X, and Y,,, respectively,

=
=

1
N

1

= N2 (vij — HY)Z-

0

(i — ,“x)z G?f

=0

2 _
Oy =

o

— Oxy is a moment of correlation between image blocks X,, and Y,

1 N—1
Oxy =37 D (= 1) 3 — tay)-
i,j=0

Within constant C3, a functional s(x,y) coincides with the Pearson’s sample
correlation coefficient. C;, C,, C3 are small constants preventing incorrect behavior
of the criterion when the moments are cleared. In accordance with [2—4] one can
assume C; = (0.01L)%, C; = (0.03L)*,C3 = 0.5C,, L is image bit width.

The MSSIM criterion assumes values from —1 to 1. The value of 1 is obtained
only in the case, when one and the same image is compared. This means that closer
an image compared to the original image, closer the criterion value to 1.

A selection of functional s(x, y) in Eq. 3.7 as a measure of structural difference is
mostly justified, when the comparing vectors have the values with multivariate
Gaussian distribution. Therefore, the MSSIM criterion perfectly distinguishes tex-
tures in a form of Gaussian noise. When the laws of distortion distribution are
unknown (non-Gaussian), it is reasonable to apply estimates of the respective
structural characteristics based on nonparametric statistics [15]. To estimate mean
brightness, it is efficient to use a sample median with higher stability as compared with
the sample mean and one of the rank correlation coefficients instead of the Pearson’s
correlation coefficient. Two modifications of the structural similarity criterion based
on the nonparametric MNSSIM1 and MNSSIM?2 was proposed in [5, 7].
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For MNSSIM1, the functionals below (Eq. 3.8) are suggested instead of Eq. 3.7

2mmy, 4 C)
m?+m? + C

2omomy, + Cy

= =R 3.8
o) = T ) = Re(w), (38)

l(xvy) =

where m, = mediana(X) and m, = mediana(y) are medians of the brightness vec-

tors in image blocks x and y, respectively, om> = mediana [(55 - mx)z} and omﬁ =

mediana [(i — my)z} are medians of the squared vector difference of brightness and

the median, Rs(x, y) is Spearman’s rank correlation coefficient [15]. The Rs values
change from —1 to 1, while Rs = 0 means the absence of correlation.
The functionals (Eq. 3.9) are used in the MNSSIM2.

2memy, + C

20,0y + C
— 5 cxy)=
my + my + C

l = —_—x7y e
(X,y) G%+G§+C2

s(x,y) =Rs(x,y)  (3.9)

In other words, a contrast comparison functional ¢(x, y) should remain the same
as for the MSSIM (Eq. 3.7). The structure comparison functional s(x,y) and
brightness comparison functional I(x,y) should be used as those used in the
MNSSIM1 (Eq. 3.8). Constants C; and C, from Eqgs. 3.8-3.9 are identical to those
used to calculate the MSSIM [2, 4]. The MNSSIM2 criterion is computationally
simpler than the MNSSIMI.

Therefore, the MNSSIM1 and the MNSSIM2 criteria are the tri-factor criteria
that use the nonparametric estimations of random field parameters. Nonparametric
criteria of the MNSSIM1 and the MNSSIM?2 structural similarities are practically
identical to the MSSIM criterion at the presence of Gaussian distortion. However, if
a point interference or other non-Gaussian statistics interference or a block dis-
tortion take place, then the MNSSIM1 and the MNSSIM2 metrics are better for
human subjective vision than the estimation by the MSSIM.

3.3 Spectral Criteria of Structural Image Similarity

The image in a block can be expanded into a generalized Fourier series by the system
of continuous @, (x, y) or discrete orthogonal functions @,,,(, j) [10-12, 17-19].

Let us examine the main types and features of orthogonal transforms for con-
tinuous arguments. A sequence of functions {@;(z)}, k=0,1,...00 is called
orthonormal against p(z)provided by Eq. 3.10, where 9,,, is a Kronecker symbol,
z has no dimension value.

(%wJZ/%ﬂMﬂN@&ZMn (3.10)
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For weight function p(z), ratios p(z) >0and0 < fub p(z)dz<oo exist. The
system of functions {@.(z)}, {¥,(2)}, k=0,1,...,k is called bi-orthogonal
against weight p(z) (Eq. 3.11).

(o) = / (V@) PRz = Sy (3.11)

The full and closed set of functions {@,(z)} is of great interest.
In the following Sects. 3.3.1 and 3.3.2, the polynomial transform and the discrete
transforms are discussed, respectively.

3.3.1 Polynomial Transforms

An important class of functions {@,(z)} with the properties of orthogonality,
completeness and closure is orthogonal polynomials py(z) satisfying the Eq. 3.12,
where d,, is a norm of polynomial p,,(z).

b
/ P(2)pm(2)pi(2)dz = didjon (3.12)

a

To expand the signals, one can apply the following conventional orthogonal
polynomials [11, 20, 21]:
e The Hermitian polynomials H,,(z), Eq. 3.13.

p(z) =exp(—z?) pm(z) = Hyu(z) —oo<z<oo (3.13)

e The Laguerre polynomials, Eq. 3.14.

p(z) =z"exp(—z) pm=L(z) 0<z<o0 (3.14)

e The Jacobi polynomials p,,(z) = P >(z), Eq. 3.15.

PR =(1-2"(1+2)" a> -1 B> -1 —1<z<1 pu(z) =PP(2)
(3.15)
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The Jacobi polynomials form a wide group of orthogonal polynomials. The
important particular cases of Jacobi polynomials are:

e The Legendre polynomials

Py(z) (a=B=0) p(z)=1
e The Chebyshev polynomials of the 1st and 2nd types provided by Eq. 3.16.

T,(z) (a=B=-1/2) 9(1)1(112)1/2 (3.16)

U (=Pp=1/2) pla)=(1-2)"

For practical use, the most convenient Jacobi polynomials are the polynomials of
Legendre and Chebyshev of the 1st and 2nd types.

The Chebyshev polynomials of the 1st type have a number of useful properties
so that their use to expand the signals is very attractive. The Chebyshev polynomial
of the 1st type T,,(z) associated with weight function p(z) = 1/v/1 —z2 can be
determined variously. One of the most appropriate means has a view of Eq. 3.17.

T,,(z) = cos(m - arccos(z)) (3.17)

For the Chebyshev polynomials T7,,(—z) = (—1)"-T,(z). According to
Tni1(z) =27+ Tu(z) — Tru_1(2), one can get Eq. 3.18.

To(z) =1 Ti(z2) =z Ta(z) =22 —1 Ts(z) =47 -3z

3.18
Ty(z) = 87" — 822 + 1 (3.18)
The orthogonality condition of functions T,,(z) is provided by Eq. 3.18.
1 0 k#m
T, (2)T,
/Mdzz T k=m=0 (3.19)
Joovi=2 I k=m#0

Nulls of the Chebyshev polynomials are easily determined from Eq. 3.17, which
can be re-written as Eq. 3.20.

Tu(z) = cos(m - arccos(z)) =0 (3.20)
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Based on the above equations, one can get Eq. 3.21.

2k+1

Zk = COS k=0,1,2,....m—1 (3.21)

Expansion of function f(z) in the Chebyshev polynomials of the 1st type has a

form of Eq. 3.22, where d,, = {g/Z Ziég is a norm of the Chebyshev

polynomials.
- (3.22)

The expansion in the Chebyshev polynomials of the Ist type T,,(z) is the most
converged among all possible expansions in degrees z5, k = 0,1, .. .00.

The above relations are generalized for a 2D case. Let Q2 be a region of the 2D
Euclidian space and z = (z;,22) be a point in this space. The basis of function
orthonormality can be defined by scalar product (Eq. 3.23).

/ P(2) @pn (2) V- (2)dz = OOy (3.23)

Q

The system of functions ¢y,,(z), , ,(z) is bi-orthogonal. The system of functions
{0 (2), V,,(2)} depends on the form of weight function p(z) and geometry of
region Q. Then for function f(z) with the finite norm and weight p(z), there are
possible two equal presentations by Eqgs. 3.24-3.25.

Con = [ P Do)z 102 = 3 Conbia@ (3.24)
Q

B = [ PR 12 = 2 8ut(d) (3.25)
Q

It should be noted, that a bi-orthogonality is a typical feature of multi-dimensional
expansions.

Processing implementation is greatly simplified, when functions @, (x,y) =
@i (x)®,,(y) are factorized. For a signal f(x,y, t), a pair of transforms is performed
by Eq. 3.26, where (x, y) is a non-normalized coordinates of field’s point, T is a
vector parameter of shift, rotation and other affine transformations.
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730 = 3 3 Cuon@ens) Cul®) = [ [ 1530 (ox)dsay
Q

m k

(3.26)

If ay,a, denote a typical size of sub-region Q, z; = x/ay, zo = y/a,, then
Eq. 3.26 can be re-written by Eq. 3.27, where d,, is a norm of orthogonal p,,(z)
polynomials with weight p(z).

flx,y) = Z CokPm (x/ ax)pr(y/ay) (3.27)

m.k

ka = (dn1dk)71//gf(ax21; ayZz)P(Zl)Pm(Zl)P(Zz)Pk(Zz)dZ1dZ2
(3.28)

— ()" / 021 )21 )dz: / Flazr, ayz) plea)pi(z2)dea

It is obvious from Eqs. 3.27-3.28, that the spectral coefficients are determined by
a sequential integration of x, y coordinates that is greatly simplify the computation.

3.3.2 Discrete Transforms

Let us analyze a generality and a difference of continuous and discrete transforms
(Table 3.1). Here {¢y(n)}, n=0...N—1 is a complex basis of orthonormal
vectors. In the general case, it is necessary to use a bi-orthogonal basis

{B(n)}, {l;k(n)} to expand a signal.
Let us consider a vector-matrix transform notation. Let vector F be a column of
signal samples, as show in Eq. 3.29.

£(0)
F= : (3.29)

FN-1)

The transform matrix can be written by Eq. 3.30.

®0(0) ®o(1) ce QN =1
oy 1(0) Ox (1) oo Oy (V=)

A pair of signal-to-spectrum transform in the matrix form has a view of Eq. 3.31.



3 Methods for Detecting of Structural Changes ... 69

Table 3.1 The difference of continuous and discrete transforms

Continuous signal Discrete signal

x€[0,T] x=x,=nAT,n=0..N—1

f(x) f(n) =f(x)

(%) B = (94(0) @ (1) 9 (2) ... 0 (N — 1))

R (B10) = % 0u0)030) = S

G = /f(X)@z(x)dx G = Iff(")q’/t(”)
T n=0
0 =3 G o) =3 Ceoeln)
k=0 k=0
C=®F F=0'C= ®'C (3.31)

If ® ! = ®" det(®) = +1, then ® is an orthogonal matrix and any two lines
of it are orthogonal vectors. For a bi-orthogonal matrix transforms, Eq. 3.32 can be
written.

C=0F F=Y¥YC Yd=1 (3.32)

Let us consider a discrete variant of 2D transform. In this case the function is
setup on a 2D discrete point grid, Eq. 3.33.

The samples form a square matrix F = [f(i, j)]. The same grid could be uniform

or it can be formed non-uniformly by a special law.

A pair of transforms of a signal matrix to a spectral matrix is determined by
Eq. 3.34.

Cin = > fG, @i ) 1) =D Cn@pn(is J) (3.34)
i,j k.m

If the discrete basis functions are factorized, then Eq. 3.35 is accomplished.

Expansion and synthesis are reduced to serial operations in i and j. This oper-
ation is of the form below in the matrix form, Eq. 3.36.

C=®F®" F=o'C(@" (3.36)
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Let us consider the Discrete Fourier Transform (DFT). The basis orthogonal
functions [1, 18, 19] have the form of Eq. 3.37.

- _kn " .2n
O(n) = exp(ﬂnﬁ) =W W= exp(jﬁ> n=0...N—1 (3.37)
k=0..N-1

The orthogonality condition and the functions’ norm are defined by Eq. 3.38.

N—1
> W = {2, I/i i 5 (3.38)
n=0

Then the pair of transforms with non-symmetric normalizing coefficients is
computed by Eq. 3.39.

N-1 N-1
Ci = %Z fW" ) => aw™ (3.39)
n=0 k=0

For the DFT, there are other variants of normalizing coefficients before the sum
up, for example, the expressions from Eq. 3.40.

N—-1 N—-1
Ce=> _fm)W" f(n) = %Z Cw (3.40)
n=0 k=0

When the DFT is applied, it is essential that a discrete signal f(n) is considered to
be periodically extended with the period of N, while spectrum Cy is also discrete and
periodic with the period of N. Therefore, a condition is imposed on border frequency
Af,, of continuous signal f(f) and sampling step T: Af,, T <0.5. The DFT with
reduced number of operations is called Fast Fourier Transform (FFT) [1, 17, 22].
If a signal f(n) is true, then Eq. 3.41 is executed.

|Ck| = ‘CN—k| arg(Ck) = —arg (Cka) (3.41)

Therefore, the FFT for such signal calculates only a half of spectral coefficients.

Let us consider the Discrete Cosine Transform (DCT) in two cases—one-
dimensional and two-dimensional DCT.

One-dimensional DCT.

A non-normalized basis functions [1, 18, 19] are determined by Eq. 3.42, where
n=0...N—1.

~ 2n+1 n+0.5
= = .42
¢y (n) = cos (nk N ) cos (nk N ) (3.42)
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The parameter N may be both even and odd. However, the transform with even
N [1] is often used in practice. The orthogonality condition for these functions is
provided by Eq. 3.43.

N-1 N k=1=0
Or(n)@y(n) = { N/2 k=1+#0 (3.43)
n=0 0 k 7él

During the calculation of a signal spectrum, the orthonormal basis functions is
applied as it shown in Eq. 3.44.

Or(n) = \/% - 8k * €OS (ﬂ:k 0. 5)

In this case, the direct and the reverse DCTs are expressed by Eqs. 3.45-3.46.

\[ ngf cos( +NO'5) (3.45)

0.5
\/>E gkacos(Tck nt ) (3.46)
N
Two-Dimensional DCT.

The transforms with symmetric normalization of direct and reverse transform
matrices have a view of Eq. 3.47, where F = [f(i, j)] is a source block and
C = [Cy,] is its spectrum.

(V05 k=0
_{1 k20 (3.44)

C=O®F®" F=o'Co (3.47)
The matrices of the direct ® and reverse DCT coincide, Eq. 3.48.
214/0.5 k=0
@ = [o(n)] = \/];[cos(nk("t\]m)} [k y 0] k=0.N=1" 3 4
n=0---N—1
Matrix ® is square and orthogonal ® ' = @7,
Integer cosine (pseudo-cosine) transform.

Standard H.264 applies a pseudo-cosine transform for blocks transformations.
For 4 x 4 block, the DCT matrix is determined by Eq. 3.49, where k,n = 0...3.
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cos(2%]
1 1 1 1
(3.49)
1 _ L — S 1
s \/1+\/z \/1 & \/1 . \/1+\/E
2 |1 -1 -1 1
1 na e _ _ L
\/1—ﬁ \/1+ﬂ \/1+ﬁ -
It is proposed to use integer matrix H [6] instead of matrix ®, Eq. 3.50.
1 1 1 1
112 1 -1 =2
H=211 21 -1 1 (3:50)
1 -2 2 -1

On the one hand, such replacement speeds up the integer operations of digital
signal transform. On the other hand, this breaks a transform orthogonality. Such
break should be compensated by the extra transforms in further steps.

The Hadamard system for Walsh functions.

The Walsh-Hadamard discrete basis is appropriate for computing. It is based on
the Hadamard matrix. The matrix is calculated by the recurrent scheme,

Egs. 3.51-3.52.
A (n—1) A (n—1)
Ap= ("2 2 3.51
2 (Az(nl) _Az(n—l) ) ( )
11 1 1
B (1 1 (A A\ | -1 1 -1
Ar=1 A2<1 —1) A4<A2 —Az) 11 -1 -1
1 -1 -1 1
(3.52)

Any line (column) of the Hadamard matrix is a discrete sample of the Walsh
function of any order. The Hadamard matrix structure results in that only signal
sample summation and subtraction operations are performed during the orthogonal
transform. However, a convergence rate of series by the Walsh-Hadamard basis is
less than the DCT provides. Besides, the spectrums are often non-monotonous,
when this basis is applied.

Discrete Chebyshev GDCT.

The above mentioned discrete orthogonal transforms apply a uniform signal
sample grid. However, a sample grid with a special non-uniformity allows to get the
fast converged generalized Fourier series. The discrete Chebyshev transform called
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Generalized DCT (GDCT) [9-12] belongs to this type of transforms. It is a par-
ticular case of transforms in the orthogonal polynomials.

To calculate integrals in the orthogonal polynomial transforms, it is proposed to
use a Gaussian type quadrature formula with the highest algebraic accuracy [20]
expressed by Eq. 3.53, where z; are nulls of orthogonal polynomial py(z) with
weight p(z), A; are the Christoffel numbers.

[ r@p@dz= stz (3.53)

Knots and weights {z;},{/;} are clearly defined by the form of polynomial
pn(z). In general, Eq. 3.53 expands in orthogonal polynomial system. A particular
case of Eq. 3.53, when the Chebyshev polynomials are used, is called the Gauss-
Chebyshev (Meller) formula [20] presented in a view of Eq. 3.54 form, where
zi =cos(n(i+0.5)/N) are nulls of Chebyshev polynomial Ty(z) =0,
A = m/N = const.

f(z) LS
[FLEE v o

For the Chebyshev polynomials, the direct and the reverse transforms (Eq. 3.22)
can be applied (Eq. 3.54) (one-dimensional variant for normalized interval
z € [-1,1]). Then Egs. 3.55-3.56 will be received [9, 11], where g, = 1 with

m >0 and g,, = V0.5 with m = 0.

233 +0.5
Con=gn- \/%Z;f(zi) 'COS(’IU%%) (3.55)
7 M-l
Yu(z) = \/%Z 8m - Cyy - cos(m - arccos(z)) (3.56)
m=0

In accordance with Egs. 3.55-3.56, the sample points and the Chebyshev
samples z; = cos(n(i + 0.5)/N) of signal f(z) are taken non-uniformly (Fig. 3.2). A
synthesis (recovery) of signal Y(z) by M spectral components is performed in
random point z € [—1, 1], but not within a discrete set of sample points as this is
done in the DCT. During recovery, any sample grid can be used, for example,
uniform z, =2n/(L—1) —1,n=0...L — 1, if L # N. The recovered image is a
subject to geometric scaling to downwards the size and upwards the size as well.

In the case of 2D GDCT N x N, the Chebyshev samples of the image are taken
within the sample block of N1 X N1 points (pixels) by Eq. 3.57.
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Fig. 3.2 The Chebyshev block sampling: a N1/N =8/6, b N1/N = 12/8

X =0.5(N1— 1) - (1+ cos(rn(i + 0.5)/N))
¥ =0.5-(N1—1)- (1 +cos(n- (j+0.5)/N)) (3.57)
i,j=0..N—1

This matrix is transformed to spectral coefficient matrix C of M x M size with the
use of direct transform rectangular matrix of M x N size. In the case of reverse
transform, a rectangular matrix of L x M size can be applied. That means that a
recovered block R = [r,,] (i,j=1... L)size is L x L. The Chebyshev samples can
be obtained by using linear interpolation by the nearest pixels [20, 23].

The direct and the reverse Chebyshev transforms (GDCT) in the matrix form are
defined by the operations Eq. 3.58, i.e. the transform Eq. 3.36 falls into the
bi-orthogonal transform class.

C=O0F®" F=Y'CcY (3.58)

The matrix ® is a direct transform matrix (Eq. 3.59).

2 v0.5 .
® = N COS(HH?\;)M)]. m=0..M—-1 i=0..N-1 (3.59)

The matrix ¥ is a reverse transform matrix (Eq. 3.60).

2 [V
w_ /2. | V0S5 5 . m=0..M—1 n=0...L—1 (3.60)
N | cos(m - arccos (2% — 1))

It is obvious from Egs. 3.59-3.60, that in the general case the GDCT matrices @
and ¥ are rectangular. The direct GDCT matrix coincides with the direct DCT
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matrix (Eq. 3.48) with M = N. The reverse transforms differ from each other. It
should be noted that in the DCT, the transform matrices are square and have the size
of (N x N =M x M) as opposed to the GDCT, where M does not equal N in the
general case [11, 12]. The GDCT is much close to the ideal de-correlation Karh-
unen-Loeve [1, 19] transform among all analyzed orthogonal transforms.

3.4 Spectral Image Variation Detection

Let a field f)(r,1) being fragment u(r)lo(r)d(z — ;) of a space-time signal
(dynamic image) at discrete time moment #;, i = 0, 1, ... be observed in a sub-region
r = (x,y) € Q (a block of any frame). Here, Io(r)is a sub-region indication func-
tion. Additionally let us assume that the white Gaussian noise n(x,y) = n(r) is
available into an image. After comparing a separate block of the (i—1)th and ith
frames, one can hypothesize (Eq. 3.61).

O (r) = £ (r)
D(r) # £V (r)
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(3.61)

Basing on observation of &(r), it is necessary to accept or reject the main
hypothesis about a block image invariance. If two images are compared rather than
video sequence frames are observed, then f;(r) is an unvaried texture in frames and
f>(r) is a texture different from f (r).

After checking the sophisticated hypotheses, signal fi(r), f>(r) are formed, and
a structure uncertainty arises. Generally, the processing of the unknown form signal
cannot be solved without the use of some additional factors. One of the most
convenient ways to solve the a priori uncertainty is a signal parameterization. In this
case, a signal form uncertainty transforms to a parametric uncertainty, which
resolving ways are well designed [13, 19]. The convenient signal parameterization
method has its presentation in the form of generalized Fourier series by any
orthonormal basis ¢, [1, 10, 17, 19].

For different hypotheses, the signals can be presented by Eq. 3.62, where

<nkm> 0 D T]km :% ||(pkm||2'
2
£) =3 Cl@un(r) £(0) = > Clog (1)
k,m k,m
(I‘) = Zka(pkm(r) 1’[(1’) = Z nkm(pkm(r)
k,m k,m

(3.62)

The spectral coefficients for expansion of C ,((2,21 are assumed to be unknown. The

coefficients C]({ly)n are reference and defined.
Therefore, the hypotheses in a spectral definition are checked by Eq. 3.63.
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HO :ka = C]EU + Niem

m

(3.63)
Hl :ka = Cl(cfn) + Hiam

Section 3.4.1 provides the optimal detection algorithm and quasi-optimal algo-
rithms are discussed in Sect. 3.4.2.

3.4.1 Optimal Detection Algorithm

The maximum likelihood algorithm [17, 24] is an asymptotically optimum rule for
hypothesis check provided by Eq. 3.64, where L(*) is a log likelihood ratio func-
tional determined by Eq. 3.65.

max L(X|C®) <> ho (3.64)
o | WX (rICP)]
L(X}C( )) =1In W[Xk‘mVI(r|C(l))]] (365)

According to Eq. 3.64 it is required to determine the absolute maximum of log
likelihood ratio functional by an unknown vector of parameters C> and make a
non-randomized decision in favor of the respective hypothesis.

Now our selected spectral signal form parameterization (Eq. 3.62) is taken into
account. To solve the hypothesis, let us check task by Eq. 3.66.

L(x]c®) = (1/N0){2 > Xun(Chl = i) =0 <<C§2)2_(C’%2>}
k,m

k,m
(3.66)
The following maximization by C ,(cz,zl the decision rule [17] is obtained by Eq. 3.67.
N)\? <
(1/No) kZ (Xk,n _ c,ﬁy,L) = ho (3.67)

3.4.2 Quasi-optimal Algorithms

Due to the fact that N, determines the interference power and typically is unknown
in practice, the normalized statistics can be used, They may be written in the general
form [17] by Eq. 3.68.
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1 1
_ Zk.m (XkJ” - Cl(cn)1)2 _ Zk,m (Xk.m - Cl(crL)z

DO 1)~2 or DE 1)\2
(€0 Sim (L)

(3.68)

As Cé(l)) is proportional to mean image brightness in the frame block and

2
> (C,i,ln) ) is a block energy, the statistics Dy, Dg are stable to block brightness

variation, i.e. to observation conditions. Taking into account Eq. 3.68, the decision
rule (Eq. 3.64) is written by Eq. 3.69.

71 71
> >

D() < h() or DE < hE (369)
Yo Yo

The number of summable summands and order of their selection in statistics
Dy, Dg can be setup from peculiarities of a certain task.

3.5 Experimental Research of Structural Similarity
Algorithms

Let us consider the applications of structural similarity algorithms for image
analysis (Sect. 3.5.1), the experimental research of spectral statistics (Sect. 3.5.2),
and the experimental research of MSSIM and MNSSIM1(2) criteria (Sect. 3.5.3).

3.5.1 Practical Using of Pixel and Spectral Algorithms
in Image Analysis

The MSSIM, MNSSIMI, and two structural similarity criteria, the Dy, Dg spectral
criteria were experimentally studied. Such performance as sensitivity to texture
variation, interference tolerance, robustness to observation conditions and decision
making threshold selection were tested [16].

In our research for detection of substance phase transitions, when heating, the
75-frames from video sequence were selected. It was taken by Infinity 1-3C digital
camera during an experiment on heating cesium chloride (CsCl) sample within the
temperature range of (250; 710)"C. (Each frame represents the substance at a certain
temperature and temperature variation differs from frame to frame).

Two phase transitions take place in the CsCl sample into this temperature range.
The sample surface texture changes sharply (stepwise), and, hence, a texture of
successive frames corresponding to this transition also changes abruptly. Figure 3.3
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Fig. 3.3 Fragment of video sequence corresponding to the phase transition (polymorphous
transformation) of the CsCl sample at temperatures: a 462.8 °C; b 468.4 °C

presents the images with small visual differences in the texture of some regions
(blocks), which correspond to the first effect, polymorphous transformation of the
substance (i.e., transition from one solid state to another followed by reconstructive
re-arrangement of the crystal mosaic structure or “grains” in the image).

Figure 3.4 presents the images with noticeable visual differences, which corre-
spond to the second observed effect, substance melting (transition from the solid
state to the liquid one followed by crystal fracture and disappearance of grains in
the image).

At the phase of transition moments, this image structure should have a step. The
MSSIM index, its modification MNSSIM1(2) and spectral metric for detecting
changes in video sequence D, were used.

Figure 3.5 shows the MSSIM(T), the MNSSIM1(7) and the MNSSIM2(7) plots.
Figure 3.6 demonstrates the Dy(T) plot. All these dependences have two clearly

Fig. 3.4 Fragment of video sequence corresponding to the phase transition (melting) of the CsCl
sample at temperatures: a 642.7 °C; b 645.2 °C
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discernible peaks (extrema) corresponding to the phase transitions temperatures. It
is the left jump that has an important physical meaning, since it represents a phase
transition (significant changes appeared); and the right jump means that the changes
ceased. The fluctuations (small peaks) are explained by the random changes in
frame brightness as well as random changes of the substance structure. The
oscillations (see MSSIM(T), MNSSIM1(T), MNSSIM2(T) plot) after the second
high peak at 645.2 °C temperature can be attributed to the fact that, upon melting,
the changes still proceed on the surface of the substance under observation, thus
reflecting on the image texture. It is obvious from Fig. 3.5, that for the given video
sequence, the MSSIM, the MNSSIM1, and the MNSSIM2 dependences are similar.
Therefore, the MNSSIM1 and the MNSSIM?2 plots are almost identical. However,
if the analyzed video sequence is subjected to some distortion factors (e.g., pulse
noise) during a video recording and an artificial improvement of images, then the
MNSSIM1 and the MNSSIM2 criteria seem to be more preferable.

Peak values of the MSSIM, the MNSSIM1, theMNSSIM2 and D,, their mean
values before the peaks (to estimate jumps) and temperatures of the peaks are
provided in Tables 3.2 and 3.3.

The temperature values detected by the analysis of the sharp jumps in the
MSSIM(T) the MNSSIMI1(7), the MNSSIM2(7), and the Dy(T) dependences,
correlate well with data from literature sources [16] T1 = 469 °C, T2 = 645 °C.

Figures 3.5 and 3.6 also result that the MSSIM criterion and its MNSSIM1(2)
modification are inferior to spectral criterion the Dy, in the scale of jumps. In the
peaks, the MSSIM and the MNSSIM1(2) curves change several-fold, whereas
the Dy curve changes several tens of times. This feature of the spectral criterion can
be useful in automatic detection of process change moment. Even such a low
automatically set threshold as 6 + 8 min (D) ensures that fluctuations of the image
brightness and color not followed by texture changes will not belong to useful
effects. Due to higher fluctuations of the MSSIM, the MNSSIM1 and the MNS-
SIM?2 criteria, a threshold selection requires the additional data analysis by the
researcher.

Fig. 3.5 The plots of MSSIM -
(T), MNSSIM(T), _ mgglswlllz/_l;)ﬁ) MNSSIM2(T)
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Fig. 3.6 The plot of DO(T)
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Table 3.2 Values before the peaks
Peak Peak MSSIM MNSSIM1 MNSSIM2 Do, 1073
no temperture, C peak value peak value peak value peak value
1 peak | 468.4 0.526 0.489 0.496 12
2peak | 645.2 0.296 0.259 0.261 70
Table 3.3 Peak values
Peak MSSIM mean MNSSIMI1 mean MNSSIM2 mean Dy mean value
no value before peak | value before peak | value before peak | before peak, 1073
1 peak | 0.686 0.642 0.644 1
2 peak | 0.668 0.626 0.628 1

3.5.2 Experimental Research of Spectral Statistics Dy and Dg,

To estimate the algorithm provided by Eq. 3.68, the experiments with real dynamic
fields were done [17]. During experiment, values of statistics D and Dy (Eq. 3.68)
for block of brightness components of two diverted video sequence frames were
calculated. Blocks characterizing by such change types as practically unvaried,
weakly, or strongly varied were selected as blocks for analysis. Figure 3.7 shows an
example of a frame from the analyzed dynamic sequence. The distinctive blocks,
where statistics values were computed and differences were detected, are marked
with boxes. The GDCT discrete transform is used.

Figure 3.7 shows a frame of video sequence with varied blocks (marked in
boxes) for different thresholds: The results are tuned for iz = 0.01 and kg = 0.04
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Fig. 3.7 Image frames with varied blocks obtained by the full spectrum: a hz = 0.01, b hz = 0.04

(Fig. 3.7a, b, respectively.) Four different blocks were analyzed and average sta-
tistics were calculated for each variation type. The obtained statistics Dy and D for
the brightness component for the image (Fig. 3.7) are presented in Table 3.4.

The given results prove that for blocks with low changes, metrics Dy and Dy, are
quite close. Their difference from metrics for varied (flexible) blocks is 2-3 orders.
This allows to select easily the threshold separating flexible and inactive blocks. It
should be noted that metric Dy change range is 1.7-2 times more than that metric
Dg. Higher change range of statistics Dy proves its preference. Thresholds /g and
hg are connected with the following relation:

S (€0

ho = hp—— "3
(Co,o

Table 3.5 presents the Ay thresholds averaged by frames, calculated thresholds
ho, and percentage of varied block.

It is evident from Table 3.5, that 10-fold threshold change results in number of
blocks varied in less than 3 times. This phenomenon proves a non-criticality
of threshold selection, which separates flexible and inactive blocks being a result of
the above described test.

The possibility for use of decision rules (Eq. 3.68) with the truncated spectrum
was analyzed in different video sequences. Our analysis demonstrated that detection

Table 3.4 Brightness component’s statistics for the image (Fig. 3.7)

Average statistics Flexible fragments Inactive fragments
Eyes Lips Hair Cheeks Forehead

Do - 10° 158.90878 74.04290 39.61026 0.82546 0.11304

Dg - 10° 91.14991 62.19916 25.68643 0.81213 0.11298
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Table 3.5 Thresholds averaged by frame and percentage of block varied

Parameter Frame 1 Frame 2 Frame 3 Frame 4 Frame 5 Frame 6 Frame 7
hg 0.005 0.010 0.020 0.025 0.030 0.040 0.050
ho 0.011 0.021 0.042 0.053 0.064 0.085 0.106
Varied 60.56 50.74 38.52 33.15 30.00 26.11 21.11
blocks, %

can be performed by the truncated spectrum and even by one spectral component
(mean block brightness). Figure 3.8 shows an example of video sequence frames
with varied blocks defined by metrics Dg with the full spectrum (N = 64) (see
Fig. 3.8a) and one spectral component (N = 1) (see Fig. 3.8b). A threshold value
was hp = 0.01 for both figures.

Table 3.6 provides the percentage of the changed blocks detecting by the whole
spectrum (D(N), %) and by one spectral component (D(1), %) as well as by a
relative (AD/Dy) detection error by one spectral component.

Here, % = %. It is evident from the Table 3.6 that the maximum rel-
ative error of variation detection by one spectral component does not exceed 0.16.
Therefore, the block changes can be satisfactorily detected by one spectral com-
ponent. Test performed with test video sequences “Container”, “Foreman”, and
“Suzie” demonstrated the similar results.

The spectral video sequence block variation detection algorithm has been used to
implement the MGDCT video coding concept [25]. Our proposed concept applies
the DCT/GDCT orthogonal transforms in a video codec structure.

To decrease a video codec bit-rate, the algorithm (Eq. 3.68, 3.69) was used to
detect the reliable inter-frame video sequence variations. Figures 3.9-3.10 show
video frames with marked blocks that have varied because of moving objects.
Figure 3.9 applied “Container” video sequence, and Fig. 3.10 presents a frame of a
remote video monitoring system. The detectors apply the GDCT transform.

O
L0000000
O a0
Ll | [ ]

Fig. 3.8 Image frames with varied blocks obtained by full and truncated spectrum: a full
spectrum, b truncated spectrum
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Table 3.6 Percentage of changed blocks

hg 0.005 0.01 0.02 0.025 0.03 0.04 0.05
D(N), % | 60.56 50.74 38.52 33.15 30.00 26.11 21.11
D), % | 56.67 47.96 39.63 36.11 31.85 27.78 24.44
ADIDy, 0.0642 |0.0547 |—0.0288 |-0.0894 |-0.0617 |-0.0638 |—0.1579

Combining the Chebyshev sampling and spectral detection allows to reduce
information processing in 4-8 times depending on frame variations.

3.5.3 Experimental Research of MSSIM and MNSSIM1(2)
Criteria

Notwithstanding that the MSSIM structural similarity criterion is one of the criteria
closest to the human vision system; it has drawbacks of certain types. For example,
in the case of image blur, pulse noise, or blocking, the MSSIM criterion provides
values that are not quite similar with vision system. The MNSSIM 1(2) criteria have
not such effects [5]. Let us investigate the MSSIM, MNSSIM1(2) criteria under
various artifacts.

The MSSIM, MNSSIM1(2) criteria at pulse interference.

The image called “Lena” was used to test impact of pulse interference on the
MSSIM, the MNSSIM1, and the MNSSIM2 criteria. Figure 3.11 shows images
disturbed by pulse noise of “pepper” and “salt/pepper” types with probability
p = 0.05, and the MSSIM, the MNSSIMI1, and the MNSSIM?2 criteria values
corresponding to them.

A pulse noise was setup by two characteristics: an intensity determined by noise
probability in pixel p and a noise type with three variants such as “salt”, “pepper”,
and “salt/pepper”. The mathematical model of pulse noise for different noise peaks
is determined as follows. Let X = [x,j] be a non-distorted image and ¥ = [yij} be a

distorted image. For the “pepper” type noise pulse, the model is setup by Eq. 3.70.

__ J O0:prob.p
Vi = {xij:prob.l—p} (3.70)

For the “salt” type noise pulse, the model is setup by Eq. 3.71.

__ | 255 :probp
Vi = {xij:prob.l —p} (3.71)

For the “salt/pepper” type noise pulse, the model is setup by Eqgs. 3.72-3.73.
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Fig. 3.9 Spectral variation
detection in “Container” test
sequence

Fig. 3.10 Spectral variation
detection in the video
monitoring system

| 0,prob.0.5 : noise pepper”

fo= { 255, prob.0.5 : noise™ salt’ (3.72)
__ JJo:probp

e {x] : prob.1 —p (3.73)

Figure 3.12 shows a behavior of criteria depending on probability of pulse
interference p. Plots from Fig. 3.12a, b confirm that the MSSIM criterion greatly
reduces the image quality at low interference intensity. The MNSSIM1 and the
MNSSIM?2 matrices demonstrate values more identical to human vision system and
close to each other (a human vision filters the low interference intensity). At higher
interference intensity, the MSSIM criterion passes to the “saturation” mode.
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Fig. 3.11 “Lena” image: a “pepper” noise with p = 0.05, MSSIM = 0.371, MNSSIM1 = 0.899,
MNSSIM2 = 0.902, b “salt/pepper” noise with p = 0.05, MSSIM = 0.315, MNSSIM1 = 0.899,
MNSSIM2 = 0.898

Fig. 3.12 The MSSIM, (a) [—e—MsSIM —s— MNSSIMI —— MNSSIM2 |
MNSSIM1 and MNSSIM?2

. 1,00 T
values versus pulse noise o TE——
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The MNSSIMI1(2) criteria values within region of high p values almost reduce,
when this parameter increases

The MSSIM and the MNSSIM1(2) criteria at quasi-Gaussian noise.

Let us clarify the term of quasi-Gaussian interference in a digital image. Each of
color components RGB takes on a value from 0 to 2% — 1 = 255 at integer 8-bit
signal level presentation. Therefore, each color RGB component at quasi-Gaussian
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interference is formed by Eq. 3.74, where n;; € N(0, 1) is the independent Gaussian
values with zero mean and unit variance for each image pixel, 6o <1 is a nor-
malizing factor that control noise variance, [z] is an integral part of number z.

yij: xij +[GO . nlj . 25]—|— 27 (374)

Coefficient 2° = 32 and deviation 2 = 128 are selected so that resulting values
with probability p = 0.995 are within the interval 0 <y; <255. If a resulting value
is beyond this interval, i.e. y; <0 or y; > 255, then a rounding is performed to
yij = 0 or y; = 255, respectively.

The images from database of Laboratory for Image and Video Engineering [26]
were used as test images. Subjective quality values of Difference Mean Opinion
Score (DMOS) values for images from this database were also obtained. For images
noisy with Gaussian noise, the MSSIM, the MNSSIM1, and the MNSSIM?2 criteria
values as well as the rank Spearman correlation coefficients between these criteria
values and DMOS values were calculated.

The rank Spearman correlation coefficients between the MSSIM, the MNSSIM1,
and the MNSSIM?2 criteria and DMOS values are computed as follows. The cal-
culated values of the MSSIM, the MNSSIMI1, and the MNSSIM2 criteria are
assigned with ranks, and ranks are also set to respective DMOS values. Then the
Spearman correlation coefficient is calculated. A number of elements in sequence n
equals 49 for all quality criteria and their respective DMOS values. For each of the
MSSIM, the MNSSIM1, and the MNSSIM?2 quality criteria, the obtained correla-
tion coefficients were checked. Test results of image ‘“Parrots” are provided by
Table 3.7.

It is evident from Table 3.7, that the MSSIM criterion values and variation range
are higher than those of the MNSSIM1 and the MNSSIM?2 criteria at quasi-
Gaussian noise. This is explained by the fact that the MSSIM criteria structure is
more suitable for images with Gaussian statistics. All criteria are strongly correlated
with DMOS.

With strong image block distortion or blue, the MSSIM criterion produces an
overestimate. At the same time the MNSSIM1 and the MNSSIM2 criteria have low
values, thus corresponding to low visual quality of the distorted images. Figure 3.13
presents an image with block distortion and high JPEG algorithm compression.

Table 3.7 Correlation results for image “Parrots”

a0 DMOS MSSIM MNSSIM1 MNSSIM2
1.000 68.72 0.027 0.012 0.017
0.129 47.03 0.252 0.152 0.208
0.063 38.93 0.518 0314 0.359
0.031 28.50 0.788 0.520 0.541
Spearman correlation —0.955 -0.929 -0.921
coefficient
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Fig. 3.13 “Lena” image
recovered after JPEG
compression.

MSSIM = 0.634,
MNSSIM1 = 0.073,
MNSSIM2 = 0.079

Possibilities of use of structural similarity criteria to detect changes of actions.
During research, an issue concerning the ability of structural similarity criteria to
track the contextual similarity of images was investigated. To solve this task, the
MSSIM, the MNSSIM 1, and the MNSSIM? criteria were applied to different images.
It was discovered that, when comparing absolutely different images with the same
spatial sizes the MSSIM criteria gives unreasonably high values, whereas the
MNSSIM1 and the MNSSIM2 criteria values are practically equal to 0. Figure 3.14
shows an example of images compared by the MSSIM, the MNSSIMI1, and the
MNSSIM?2 criteria values. The obtained data proves that the non-parametric modi-
fications are more relevant to the name of structural similarity criterion.

Comparison of pixel and spectral image analysis algorithms.

Multiple tests with real images and video sequences were made by the authors to
discover the features and the abilities provided by the above described algorithms.
The following intermediate conclusion can be performed:

1. The MSSIM and the MNSSIM1(2) structural similarity criteria are efficient to
detect changes in frame and video sequence fragments, when images are pro-
cessed without compression.

2. The non-parametric the MNSSIM1(2) criteria require more operations as
compared with the MSSIM and the spectral algorithm. However, their values
are more compatible with human perception.

3. Among all analyzed algorithms, the MNSSIM1(2) has the highest immunity to
pulse and other non-Gaussian interference.

4. The MNSSIM1(2) non-parametric criteria could be applied to determine
change in a video sequence scene and to detect external frames added to a video
sequence.
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Fig. 3.14 Comparison of two images with MSSIM = 0.339, MNSSIMI1 = -0.004,
MNSSIM2 = —0.006

10.

11.

12.

. The algorithms for spectral structural variation detection obtained by maximum

likelihood method are optimal with Gaussian interference.

The quasi-optimal detection algorithms applying statistics are similar to the
optimal ones by their characteristics. They are not sensitive for threshold
selection and image type. The spectral algorithms are more sensitive to change
of an image type as compared to the MSSIM and the MNSSIM1(2).

The difference in statistics values with or without texture variations are tens/
hundreds times in case of spectral algorithms and several times in the case of
the MSSIM and the MNSSIM1(2) algorithms.

As for computation expenses, the spectral and pixel algorithms are approxi-
mately similar. They can operate in the real-time mode.

The spectral algorithms are very efficient in real-time operation, especially
when they are embedded to video codecs. It has been found that these algo-
rithms can operate in the truncated spectrum width with a few components.
A promising spectral basis is the discrete Chebyshev transform (GDCT). The
GDCT spectrum is the most fast decreasing for orthogonal transforms.

A combining of the Chebyshev sampling and a spectral detection allows to
reduce information processing in 4-8 times depending on a frame variation
nature.

To solve a certain task, the proposed algorithms should be selected by their
resource consumption, computation automation degree, and image distortions.
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3.6 Conclusion

The chapter covers the use of the MSSIM, the MNSSIMI1, and the MNSSIM2
criteria and the spectral algorithms Dy and D to detect changes in a video sequence
or to compare textures of various images. The developed MNSSIM1(2) criteria and
the spectral algorithms Dy and Dg can be used in artificial vision systems, in many
other scopes connecting with variations of texture, spectral and correlation
parameters of recorded signals. To meet a certain challenge, the selection of the
proposed algorithm should be determined by the required resource intensity, an
automation degree, and availability of image distortions. The proposed algorithms
are used to design novel video codecs and intelligent video record systems. To
conclude one can emphasize that evolution of basic PSNR, the MSSIM criteria and
the spectral criteria, etc. is proceeding in [27-31].
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Chapter 4
Hierarchical Adaptive KL-Based
Transform: Algorithms and Applications

Roumen Kountchev and Roumiana Kountcheva

Abstract In this research, a novel approach for processing of single images and
image sequences by using the Hierarchical Adaptive Karhunen-Loeve (KL)-based
Transform (HA-KLT) is presented This approach is also suitable for block image
coding, and for intra-frame processing of groups of correlated images. The main
objective of the new transform is to achieve a high decorrelation of the image
blocks (resp., images in the processed groups) as a result of the multi-level pro-
cessing through adaptive KL transform of the sub-blocks (resp., sub-groups), on
which the corresponding blocks (groups) are divided. After the execution of each
hierarchical transform level, the sub-blocks (sub-groups) are rearranged in corre-
spondence to their mutual correlation, starting from these, with maximum corre-
lation. The kernel of the multi-level transform is the Adaptive KL Transform
(AKLT), whose transform matrix could be a size 2 x 2 or 3 x 3. In the work, the
algebraic method is presented, which calculates the elements of the AKLT matrix of
size 2 X 2 and 3 X 3. Here the algorithms for 2D HA-KLT and 3D HA-KLT are also
given in detail for the blocks of a single image and for the inter-frame processing of
groups of images. The evaluations of the computational complexity of these
algorithms are obtained, compared to that of the famous KLT. The basic advantages
of the new approach for image processing through HA-KLT are a lower compu-
tational complexity and the parallel recursive calculations with small number of
hierarchical levels, which opens the ability for real-time coding of video sequences.
The HA-KLT algorithms are a basis for the creation of new efficient methods for
compression of groups of correlated images and single images without visual loss,
compression with motion compensation for TV and multi-view images, compres-
sion of medical and multispectral images, image fusion, face recognition in the
reduced features’ space, object tracking in video sequences, among others.
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Keywords Images decorrelation - Karhunen-Loeve transform - Adaptive Karh-
unen-Loeve transform - Hierarchical adaptive Karhunen-Loeve transform - Image
compression

4.1 Introduction

The Karhunen-Loeve Transform (KLT), known also as Hotelling transform or
Principal Component Analysis (PCA), is an object of large number of investiga-
tions presented in many scientific monographs [1-8] and papers [9-18]. This
transform is related to the class of linear statistical orthogonal transforms for groups
of vectors, obtained, for example, from the pixels of one image or from a group of
matrix images. The KLT has significant role in the analysis and processing of
digital images, and also in the systems for computer science and pattern recogni-
tion. It has a wide variety of application areas: for the creation of optimal models in
the image color space [9], the compression of signals and groups of correlated
images [2-7, 10, 11], the creation of the recognized objects descriptors in the
reduced features’ space [14—16], image fusion [17] and segmentation [18], image
steganography [19], etc.
The KLT has some significant properties:

e [t is an optimal orthogonal transform for a group of vectors, because as a result
of the transform, the maximum part of their energy is concentrated in a mini-
mum number of their components.

e After reduction of the low-energy components of the transformed vectors, the
corresponding restored vectors have minimum Mean Square Error (MSE).

e The components of the transformed vectors are not correlated. In particular, in
case that the probability distribution of the vectors is Gaussian, after the KLT
their components become decorrelated and independent.

The Independent Components Analysis (ICA) [20] is very close to the KLT in
respect of their calculation complexity and properties.

Analysis of the image transform methods based on the KLT is presented in
Sect. 4.2. The Hierarchical Adaptive Karhunen-Loeve based Transform (HA-KLT)
for a group of images is developed in Sect. 4.3. Section 4.4 provides the analytical
definition of the adaptive KLT matrix of size 2 x 2 and 3 x 3. The HA-KLT
applications for sequences of motion-compensated TV frames are discussed in
Sect. 4.5. Section 4.6 includes the evaluations of the computational complexity of
the two-level HA-KLT 3 x 3 for a group of images, and experimental results for
group of consecutive images are located in Sect. 4.7. Section 4.8 involves the
principle of the HA-KLT for single image. Section 4.9 provides the algorithm for
recursive 2D HA-KLT, and evaluation of the computational complexity of 2D HA-
KLT is drawn in Sect. 4.10. The experimental results for single images are situated
in Sect. 4.11. Conclusion is located in Sect. 4.12.
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4.2 Analysis of the Image Transform Methods Based
on the KLT

One of the basic problems, which limit the use of the KLT, is due to its high
computational complexity, which grows up together with the number of the vec-
tors’ components. Various approaches are offered to overcome this problem. One of
them is based on the KLT calculation through iterative methods, which do not
require the definition of the characteristic polynomial of the vectors’ covariance
matrix (the first approach). In this case, the KLT is executed in two consecutive
stages. In the first stage, the original image matrix is transformed into a three-
diagonal form through QR decomposition [21, 22], and after that—into a bi-
diagonal, by using the Householder’s transforms [23]. In the second stage, on the
bi-diagonal matrix are applied iterative methods, for which the iterations are
stopped, after the needed accuracy is achieved. The iterative KLT calculation
through the methods of Jacobi and Givens [24, 25] is based on the execution of a
sequence of orthogonal transforms with rotational matrixes of size 2 x 2.

One well-known approach is based on the KLT calculation by using neural
networks [26] as a type of generalized hebbian or multilayer perceptron networks
(the second approach). They both use iterative learning algorithms, for which the
number of needed operations can reach several hundreds. The third approach is
based on an algorithm, known as sequential Karhunen-Loeve Transform/Singular
Value Decomposition (KLT/SVD) [27]. The basic idea is as follows: the image
matrix is divided into blocks of small size, and on each the KLT based on the QR
decomposition is applied. In the start of the processing, the KLT is calculated for
the first block (for example, the upper left), and after that the iterative KLT cal-
culations for each of the next blocks, using the transform matrix and already cal-
culated for the preceding block, are used. In the iterative process, the KLT
components with very small eigen values are neglected. The fourth approach based
on the recursive calculation of the covariance matrix of the vectors, its eigen values,
and eigen vectors is presented in [28, 29]. In the paper [30], a hierarchical recursive
block processing of matrices is introduced.

The next fifth approach is based on the so-called Distributed KLT [31, 32],
where each vector is divided into sub-vectors and on each a partial KLT is applied.
Then the global iterative approximation of the KLT through conditional KLT,
based on side information, is executed. This approach was further developed in
[33], where one algorithm for adaptive two-stage KL T, combined with JPEG2000,
and aimed at the compression of hyper-spectral (HS) images is offered. A similar
algorithm for enhanced search is the Integer Sub-optimal KLT (Int SKLT) [34],
which uses the lifting factorization of matrices. This algorithm is basic for the idea
of KLT, executed through a multilevel strategy, also called “divide-and-conquer”
(D&C) [35, 36]. In correspondence with this idea, the KLT for a long sequence of
images is executed after dividing it into smaller groups, for which the corre-
sponding KLT have lower computational complexity. By applying the KLT on
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each group, a local decorrelation is obtained only. For this reason, the eigen images
for the first half of each group in the first decomposition level are used as an input
for the next (second) level of the multi-level transform, etc. In the case, when the
KLT group contains two components only, the corresponding multilevel transform
is called the Pair-wise Orthogonal Transform (POT) [37].

The experimental results obtained for this transform, when used for HS images,
show that it is more efficient than the Wavelet Transform (WT) in respect of rate-
distortion performance, computational cost, component scalability, and memory
requirements. Another approach is based on the Iterative Thresholding Sparse PCA
(ITSPCA) [38] algorithm, aimed at the reduction of the features’ space dimension
with minimum dispersion loss. A fast calculation algorithm (Fast KLT) is known
for the particular case, when the images are represented through the first order
Markov model [39]. In correspondence with the algorithm for the PCA randomi-
zation [40], a certain number of rows (or columns) of the covariance matrix are
selected on the basis of an accidental choice, and on the basis of this approximation,
the computational complexity of the KL T is reduced. In the works [41-43], hybrid
methods for compression of multi-component images through the KLT combined
with SVD, wavelets, adaptive mixture of principal components model, and
JPEG2000 are presented.

The analysis of the famous KLT methods shows that:

e In case of iterative calculations, the number of iterations depends on the
covariance matrix of the vectors. In many cases, this number is very high, which
makes the real-time KLT calculation extremely difficult.

e In case that the method for multilevel D&C is used, the eigen images from the
second half of each group are not transformed in the next levels and as a result,
they are not completely decorrelated. Something more—the selection of the
length of each group of images is not optimized.

In this research, a novel approach for decorrelation of groups (sequences) of
correlated images by using a transform based on the HA-KLT [44, 45] is offered.
This approach permits to reduce the computational complexity, and to use a parallel
processing for all sub-groups of images obtained after dividing the initial sequence
into smaller parts in correspondence with their mutual correlation. The same
approach is generalized for the block coding of single images [46].

The image processing through the KLT could be executed in various directions:
it could be applied on a group of images or on a single image only. In the first case,
the KLT is used for inter-frame (3D) processing of the group, and in the second
case,—for intra-frame image processing, which could be also 1D or 2D.

The Karhunen-Loeve Transform for inter-frame (3D) processing of a group of
correlated images is investigated in Sect. 4.2.1, and the Karhunen-Loeve transform
for intra-frame (2D) processing of single images is presented in Sect. 4.2.2.
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4.2.1 Karhunen-Loeve Transform for Inter-frame (3D)
Processing of a Group of Correlated Images

The way used to define the vectors X, = [X15, X255 - - .,xRx]T, s=1,2,...,5( =N
for a group of R correlated images [X,] (for r = 1, 2, ..., R), each of size N x N is
shown in Fig. 4.1. In this case, the components of the vector X, comprise the pixels
with same spatial position in each of the images from the processed group [X,].
Through applying the KLT on these vectors, the transformed vectors
Y = [Vis, Y2ss - - ,ng] which represent the group of the decorrelated images, are
obtained. They are represented by the group of matrices [El,] of size N x N called
“eigen” (or “principal”) images. To reduce the information surplus in the group
[EL], the first k “eigen” images only are retained, which contain the basic part of the
energy of the whole group, and the remaining (R — k) are cut-off (set to be equal to
Z€ero).

The direct/inverse KLT is applied on the vectors )_('S, resp. ?Y, is defined by

Eq. 4.1, where [@]" = [®,, ®,, ..., Bg] is the transposed KLT matrix of size R x R.

Vo= (@)X, - ) X, =[o]'V+F (4.1)

The transposed KL T matrix contains the eigen vectors 55, = (D, Doy, . .y q5Rr]T

forr=1, 2, ..., R of the covariance matrix [Kx] of the vectors )_fs. The last matrix is
S

of size R x R and is defined by Eq. 4.2, where i = E(X,) = (1/8) 3. X, =

s=1

[y s - - .,uR]T is the mean vector of length R, E(-) is the meaning operator.
s
(1/8)> X X! — " (4.2)
s=1

Each of the orthonormalized eigen vectors 5, of the covariance matrix [Ky] is
the solution of the linear system of (R + 1) Eq. 4.3, where A, are the eigen vectors of

[Kx].
[KX]ir:/lrér H{ﬁr”z = ¢%r+dj§r+'”+¢ir =1 (4.3)
Each eigen value A, of the matrix [Ky] is the root of its’ characteristic equation
(a polynomial of degree R) provided by Eq. 4.4, where [I] is a singular matrix of
size R X R.
det|[Kx] — A4, [I]| =0 (4.4)

Since [Kx] is a symmetrical matrix towards the main diagonal, its eigen values A,
are real numbers [47], whose sequential numbers are defined by Eq. 4.5.
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Fig. 4.1 Direct and inverse KLT for a group of R = 4 images, each of size N x N pixels. The
number of the retained eigen images is k = 3, and the number of the 4-dimensional vectors for each
group of images is § = N?

M2I0>03> - > g (4.5)

The algorithm for inter-frame (3D) processing of a group of R correlated images
through KLT comprises the following basic steps:

e Calculation of the covariance matrix [Ky] in correspondence with Eq. 4.2 on the
basis of the vectors )_('X.

e (Calculation of all roots 4, of the characteristic Eq. 4.4, numbered in accordance
with Eq. 4.5.

e Solving the system of Eq. 4.3 for each eigen value 4, and definition of the
components of the corresponding eigen vector ir = [Py, Popy . . oy @R,]T for
r = 1,2,...,R. When all vectors (15, are calculated, is built the KLT matrix
[@®]" = [®,, D, ..., Bg] of size R x R.

e The direct KLT is applied on each vector X, = [X15s X2, - - .,st]T for
s =1, 2, ..., 8 and, as a result, the group of eigen images [EI,] for
r=1,2, ..., R in accordance with Eq. 4.1 is obtained.

e The first k < R eigen images [EI,] for r=1, 2, ..., k are retained and is executed

the inverse KLT on the vectors Y in correspondence with Eq. 4.1. On the basis
of the so obtained vectors X, is restored the whole group of images [X,] for
r=1,2,..,R

Let us assume that the components of the vectors X, and Y, have same
dimension. Then the Compression Ratio (CR) for the group of R images of size
N x N obtained in result of the use of KLT, is defined by Eq. 4.6, where R (1 + R) is
the global number of the components [@] of the matrix and of the vector fi, needed

for the execution of the inverse KLT on the vectors 175.
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N’R R
CR(k) = = 4.6
(k) N2k+R(1+R) k+ (R/N?)(1+R) (4.6)
Since practically R << N* from Eq. 4.6 it follows.
CR(k) ~R/k fork=1,2,.. ,R—1 (4.7)

For small values of k, the compression ratio is high, but then also grows up the
MSE of the approximation ¢2, which for the KLT is minimum in respect of other
famous linear transforms [11]. This error is defined in accordance with Eq. 4.8,
where af(y) represents the variance of the components y,, of the transformed vectors
Y.

20 =3 1=3 20 (4:8)
r=k+1 r=k+1

CR(g)%2 8_2<§): S (4.9)

Ifk=R—1,then CR~ 1 and &2 ~ 0. In this case, there is no compression and no
information loss. Then for the group of eigen images [El,] for r=1, 2, ..., R, could
be used only algorithms for the lossless compression. The main problem of the
described algorithm for 3D KLT is the high computational cost, which grows up
together with the number of images R in the group.

4.2.2 Karhunen-Loeve Transform for Intra-frame (2D)
Processing of Single Images

For every single image, represented by the matrix [X] of size N X N, could be
applied 2D KLT on blocks of size R X R for R << N, and usually NV/R is set to be
integer. The implementation of the 2D-KLT is simplified, executing it as two 1D

KLTs. For this, the 2D KLT is calculated in two consecutive steps. In the first step,

the 1D KLT is applied on the horizontally oriented vectors X, = [X15, X2, - - -5 st]T,

fors =1, 2, ..., S = N*/R, which are contained in each image block [X] in corre-
spondence with Fig. 4.2. From the transformed vectors 17 s = [Visy Vasy -« o yRS]T, the
matrix [Y] of size N X N is built. In the second step, the 1D KLT is applied on the
vertically oriented vectors of the blocks of the matrix [Y].



98 R. Kountchev and R. Kountcheva

e G
§§ @iiwﬁ
- i

Fig. 4.2 Two-step transform through the direct 1D KLT of the vectors for each block of size
R x R: first step is in a horizontal direction, second step is in a vertical direction

The calculation of the 1D KLT in each step is executed in correspondence with
Egs. 4.1-4.5 for S = N*/R. In the first step, the direct 1D KLT is applied in

horizontal direction (1D KLT,), Eq. 4.10, where [i, = E ()?v) is an R-dimensional
mean vector, [®,] is a matrix of size R x R, which contains the eigen vectors 5,.,)( of
the covariance matrix [Kx]. This matrix is defined by Eq. 4.10.

=

)_}s = [(p’c](xé - ﬁx) (410)

The vectors ¥, = [Vis, Vass - - - yRS]T build the matrix [Y] of size N x N, which is
divided again into blocks of size R % R. In the second step on the vertically oriented
vectors of each block is applied the direct 1D KLT in vertical direction (1D KLT,),
Eq. 4.11, where ji, = E(Y'A) is an R-dimensional mean vector, [®,] is a matrix of
size R X R built from the eigen vectors q_ﬁrﬁv of the covariance matrix [Ky].

Z = [®)(F. - i) (4.11)

The covariance matrix [Ky] is defined by Eq. 4.12.
B} - —
[Ky] = (1/8) Y V¥ — i forS=N*/R (4.12)
s=1

The vectors Z, = [z15, 225, - - .,sz]T build the matrix [Z] of size N x N, which
contains blocks of size R X R. The energy of the elements of each block is con-
centrated in a small number only, placed in the upper left corner of the block.

When k < R* high-energy coefficients from each block are retained, the image
[X] could be restored after inverse 2D KLT based on the inverse 1D KLT (executed
in two steps in vertical and horizontal directions) with minimum MSE. The com-
pression ratio for the image [X] after using the block 2D KLT is defined by
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Eq. 4.13, where 2R (1 + R) is the global number of the components of the matrices
[®,] and [D,] of vectors [,, [i,, needed for the execution of the two-step inverse 1D
KLT in horizontal and vertical directions.

N? R?
CR = = 4.13
kN?/R>+2R(R+1) k+[2R}(R+1)]/N? ( )
Practically R> << N°, and as a result from Eq. 4.13 it follows.
CR(k) ~ R*/k fork=1,2,... R (4.14)

The basic difficulties in the use of the 2D KLT for image processing are men-
tioned below:

e The higher computational complexity of the KLT compared to that of the
determined orthogonal transforms of the kind Discrete Fourier Transform
(DFT), Discrete Cosine Transform (DCT), Hadamard Transform, etc.

e In general, there is no “fast” KLT algorithm (there is such only for the class of
images, which can be represented as a first order Markov process [39]).

4.3 Hierarchical Adaptive Karhunen-Loeve Based
Transform for a Group of Images

In this research, a novel method for decorrelation of groups (sequences) of corre-
lated images [44, 45] is proposed, which reduces the computational complexity of
the transform and permits a parallel processing of the sub-groups of images
obtained after dividing the original sequence into smaller parts (Sect. 4.3.1). The
novel approach called as the HA-KLT and based on sub-groups of three images or
two images is investigated in Sects. 4.3.2 and 4.3.3, respectively.

4.3.1 Determination of the Length of the Group of Images,
Processed with the Hierarchical Adaptive KLT

It is assumed that a sequence of P images will be processed. For this, the sequence
is divided into groups, which contain R < P correlated images each. Prior to
execution of the HA-KLT for each group, it is necessary to select the optimal group
length R, which is defined on the basis of the cross-correlation between the images
[X:] and [X,] in the sequence P, all of them of same size (N x N).
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e The normalized cross-correlation coefficient p;, where (0 < p;, < 1) for the
couple of images [X;] and [X,] (u = 1, 2,..., P), is defined by Eq. 4.15 [47],
where S = N x N is the number of pixels in the images[X,], x| = E(x!),
%, = E(x*), x;, x! are the values of the pixels with same spatial position in the

images [X;] and [X,].

o= SO —®) x (- %)
S )k - w)?

foru=1,2,...,P (4.15)

e The number of images R in the group is defined by Eq. 4.16, where ¢ is a preset
threshold with a small value (0 < ¢ << 1), experimentally defined. In case, that
the so obtained value for R does not satisfy the condition R/2 or R/3 to be integer
number, a new value is calculated for the number of images in the “extended”
group R, = R + my,;, where R,/2 or R,/3 is integer. However, the number of
added images m;,,, should be minimal.

|Pl,u(u=R)}§5 foru=1,2,...,P (4.16)

tL)

An example for m;,, = 1 (group extension with one interpolated image “int”,
colored in green) is shown in Fig. 4.3. The “extended” images could be defined in
various ways, for example, by using zero interpolation (in this case the last Rth
image in the group substitutes each interpolated image) or through linear interpo-
lation (the pixels of each interpolated image are calculated through weighted mean
of the corresponding pixels with same spatial position in the images R and (R + 1).
For m;,; = 0, R, = R, and the group is not extended. One example for the definition
of R, for R =4, 5, ..., 16 and changing number of images in the sub-groups (two or
three) in each hierarchical level of the HA-KLT is given in Table 4.1.

Sequence of P Images min=1 (zero interpolation)
1 2 = == = R-2| |R-1]|| R Int | |R+1| |R+2[ 2R
B Group of Images 1 —» R f 1 t 1
1 Extended Group of Images 1 — Re=R+miy Group of Images 2 — R

Fig. 4.3 One example for setting the number of images R, in the extended group on the basis of
the cross-correlation coefficient value
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Table 4.1 Setting the number of images in the group, the hierarchical levels, and the number of
interpolated images for sub-groups of two or three images

R Number of Number of sub-groups Number of sub-groups Min, | Re

hierarchical with two images in one with three images in one

levels, n level level
4 2 2 - 0 4
5 3 3 - 1 6
6 3 3 - 0 6
7 3 4 - 1 8
8 3 4 - 0 8
9 2 - 3 0 9
10 |3 - 4 2 12
11 3 - 4 1 12
1213 - 4 0 12
13 |3 - 5 2 15
14 |3 - 5 1 15
15 |3 - 5 0 15
16 |4 8 - 16

4.3.2 Hierarchical Adaptive KLT Based on Sub-groups
of Three Images

Let on the basis of the already done correlation analysis, the sequence P is divided
on Groups Of Pictures (GOP) with length R = 9. Then, each GOP is divided into 3
sub-groups, each containing three images. In this case the HA-KLT algorithm with
n = 2 hierarchical levels is shown in Fig. 4.4.

In the first HA-KLT hierarchical level each group of three images is processed
by the AKLT with a transform matrix of size 3 X 3. As a result, three eigen images
from one sub-group (colored in yellow, blue, and green, respectively) are obtained.
All nine eigen images are then rearranged so that in the first group to be placed the
images, colored in yellow color only, which are on first place in their initial sub-
group; in the next new sub-group—only the eigen images, colored in blue, which
were on second place in their initial group, etc.

In the next (second) hierarchical HA-KLT level, the AKLT with a new transform
matrix of size 3 x 3 calculated on the basis of the eigen images in the new sub-
groups is applied on each three eigen images from all new sub-groups of the
processed GOP. In result, three new eigen images for each sub-group (colored in
yellow, blue, and green again) are obtained. After that a new rearrangement of the
so obtained nine eigen images in the way, already explained for the first HA-KLT
level, follows. The new group of 9 images is decorrelated, and the main part of its
energy is concentrated in the first image, a small part is in the second image, and the
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Fig. 4.4 Processing of a group of R = 9 images through two-level hierarchical adaptive KLT 3 x 3

remaining 7 images contain a negligible part of the global group energy only. In this
way, a possibility for efficient compression of the processed GOP and its successful
restoration after inverse transform is created, because the HA-KLT is a reversible.
For the restoration of the processed GOP, it is needed additional information about
the transform matrix of each three images in all hierarchical levels. For the HA-
KLT processing of a GOP of R = 9 images, the global number of transform matrices
of size 3 x 3 is 6, and they contain 54 elements in total. In case, that the elements of
each transform matrix are represented through 3 Euler rotation angles, their number
is reduced down to 18.
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4.3.3 Hierarchical Adaptive KLT Based on Sub-groups
of Two Images

In this case, let us assumed that a sequence P divided on the basis of the correlation
analysis into GOPs of length R = 8 is processed. Then each GOP is divided into
sub-groups of two images each. In this case, the HA-KLT algorithm with n = 3
hierarchical levels is shown in Fig. 4.5. In the first hierarchical level of the HA-
KLT, the AKLT with a transform matrix of size 2 x 2 is applied on each sub-group
of two images [48]. As a result, two eigen images for each sub-group colored in
yellow and blue, respectively, are obtained. After the rearrangement of all eight
eigen images, only the first images from the first two initial sub-groups (yellow) are
placed in the first new sub-group, and in the next new sub-group—only the second
images from the first sub-groups (blue), etc. In the next hierarchical levels of the
HA-KLT, the processing of the couples of eigen images from each sub-group of the
GOP is executed in similar way through the AKLT with a matrix of size 2 X 2,
calculated on the basis of the two eigen images in the corresponding new sub-
group. The group of 8 images obtained in the third hierarchical level is decorrelated,
and the main part of its energy is concentrated in the first image; much smaller part
is in the second, and the remaining 6 images contain a negligible part of the group
energy only. In this way, an opportunity to achieve efficient compression of cor-
related GOPs and full restoration through inverse HA-KLT is created. For the GOP
restoration, additional information about the transform matrix for each couple of
images in all hierarchical levels is needed: in total these 12 matrices of size 2 x 2 for
a GOP of R = 8 images. In this case, the global number of the elements in the
transform matrices is 48, and after their representation through corresponding
rotational angles, it is reduced to 12. The comparison with the algorithm, shown in
Fig. 4.4, proves that the required additional information is smaller, but the number
of hierarchical levels is increased by one.

4.4 Analytical Definition of the AKLT Matrix of Size 2 x 2
and 3 x 3

For the KLT matrices of small size (2 x 2 and 3 x 3), the exact analytical solution
for the calculation of their elements exists. The obtained results for the calculation
of the elements of the transform AKLT matrices of size 3 X 3 and 2 x 2 used for the
processing of the sub-groups of images in accordance with the algorithms and
shown in Figs. 4.4 and 4.5.

The algebraic method for calculation of the AKLT matrix of size 3 x 3 is
developed in Sect. 4.4.1. The evaluation of the decorrelation of the images trans-
formed through HA-KLT 3 x 3 is represented in Sect. 4.4.2. Section 4.4.3 provides
the algebraic method for determination of the AKLT matrix of size 2 x 2.
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Fig. 4.5 Processing of a group of R = 8 images through three-level hierarchical adaptive KLT
2x2
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4.4.1 Algebraic Method for Calculation of the AKLT Matrix
of Size 3 x 3

For better explanation, here the structure of a sub-group of three images is shown in
Fig. 4.6. From the three images of S pixels each, the vectors 6} = [Cy, Ca, ng]T
for s = 1, 2, ..., § are obtained. The vectors 6’5 are transformed into vectors
L, = [L1s, Los, L3S]T through direct AKLT using the matrix [®] of size 3 x 3 [48] by
Eq. 4.17.

Ly Py Py Py | [(Cy—C)
L25 = CDIZ (1522 @32 (C2s — 92) fOT S = 17 27 .. .,S (417)
L D3 Dy D33 (Cs3 — C3)

The elements @;; and Cy, C,, C3 are defined by Egs. 4.18-4.28.
By = APy Do = Bu/Py Bsn = Dyp/Pr form=1,2,3  (4.18)

Am = (ks — J)[ks(ks — Jm) — kuks] Bu = (ks — o) ke (k1 — Jon) — kaks]

(4.19)
Dy, = ke[2kaks — ke(ky — Jn)] — K2(ka — ) P = (/A2 + B2 + D2, (4.20)
Ci = E(Cy,) C,=E(Cy) Cs=E(Cs) (4.21)

ki =E(C]) — (C1) k=E(C)—(C) k=E(C)~(C) (4.22)
ky = E(ClsCZS) - (Cl)(CZ) ke = E(CZSCSS) - (62)(63) (423)

ks = E(C1,C35) — (C1)(C3) (4.24)

A= 2\/@005(?) —g

dp =2 ‘13)—|cos ((pTH) —g (4.25)
o= Bl (5% -4

q=2(a/3) - (ab)/3+c p=—(a®/3)+b
4.26
p = arccos [q/z / N <p/3>3] (426

a=—(ki+k +ks) b=kiko+kiks +hoks — (K +K2+k2)  (4.27)
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Fig. 4.6 A sub-group of =
three images from the CyO Cort 0 Cai C
o= - Gz O\T2
processed GOP 12013 S . _— 32 - C3é
C14 C24 r\d4 4
[Ci] [Ca] [C4]
¢ = kikZ + kok? 4 kski — (kikoks + 2kgksk) (4.28)

Using the inverse AKLT, the vectors ES are transformed into vectors (t’s
(Eq 4.29).

Ciy by Py D3| | Ly ?1
Cy | = | Py Py Do Ly | + | G for s=1,2,...,8 (429)
Cs, D31 Dy D33 | | L G

The matrix of the inverse AKLT is provided by Eq. 4.30.

&1 P D3 1 .
D31 Dy D3

For the restoration of vectors 6‘5 = [Cs, Cas, C3S]T through inverse AKLT are

needed not only the vectors Zs = [L1S7LQS,L3S]T, but also the elements @; of the
matrix [®] and the values of C;, C», C3 as well. The total number of these elements
could be reduced representing the matrix [@] as the product of the matrices[®;(a)],
[@,(B)], [@3(p)] and the rotation around the coordinate axes for each transformed
vector in Euler angles a, f and y, respectively (Eq 4.31), where [@(a)], [D2(B)],
[@5(y)] are calculated by Eq. 4.32.

Dy Dy D3y

(@] = | P12 Dn Dy | = [§1(0)][D2(B)][P3(7)] = [D(, B, 7)] (4.31)
D13 D3 P33
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[cosa —sina 0
[§1(x)] = | sine cosa O
0 0 1
[cosp 0 —sinp
e@={0 10 (432)
|sinf 0 cosf
[cosy —siny 0
[®3(7)] = | siny cosy O
0 0 1

In this case the elements of the matrix [@] are represented by the relations
included in Eq. 4.33.

®; =cosacosffcosy —sinasiny Py = —cosacos fsiny — sinocosy
&3 = —cosasinf
®1, =sinacos fcosy 4 cosasiny Py = —sinacos fsiny + cos o cosy
®3p = —sinasin f
&3 =sinfcosy Py3 = —sinfisiny P33 =cosf

(4.33)

The matrix of the inverse AKLT is defined by Eq. 4.34.

[@]'= [@3(=)][@2(—p)][@1 (—2)] (4.34)

For the calculation of the elements of the inverse matrix [@] ", it is enough to
know the values of the three rotation angles a, £ and y defined by Eq. 4.35.

o= — arcsin(q§32/\/l — <D§3) f = arccos (Ps3)
y = arccos <<1513/ 1-— <D§3)

In result, the number of the needed values for the calculation of the matrix [@]
is reduced from 9 down to 3, i.e. 3 times reduction. The elements L;,, Ly, Lz, for
s=1,2, ..., S comprise the pixels of the first, second, and third eigen image in the
sub-group of images with elements C;, C,, Cs,.

(4.35)
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4.4.2 Evaluation of the Decorrelation of the Images
Transformed Through HA-KLT 3 x 3

For the first level of HA-KLT 3 x 3, the corresponding covariance matrices of size
3 x 3 for each group of vectors C”S‘,, forp=1,2,3ands=1,2, ..., S, are computed
by Eqs. 4.36-4.38, respectively (here A7, A{”, 2{* are the corresponding eigen
values of the covariance matrices [K;”]), where [Kc,,] is defined by Eq. 4.39.

[0 o
k'] = [@l][Ke, )@ = |0 ' 0 (4.36)
0 0 ']
(20 o ]
[K.?) = [@))[Ke.)[@s) = {0 27 0 (4.37)
0 0 37
[0 0 ]
K7 = (@)K J[@3) = {0 27 0 (4.38)
L 3IACi3 ™3 2 :
0 0 i

S
1 S5 =
_ t — .y
[KCLP} - E E : CS;I’CS,p — Mepme ,
s=1

kn(P) kiz(p)  kis(p) (4.39)
= kZI(P) kzz(p) kzg(p) fOI'p = 17 2, 3
ksi(p) kn(p) ks(p)

The covariance matrix of size 9 x 9 of the 9-component vectors C, in the group
of initial images GOP in the first level of the HA-KLT 3 x 3 is represented by
Eq. 4.40, where [sz’Lp} is the cross-correlation matrix of size 3 x 3 of the
3-component vectors Z}k and Ijél,p from the groups k and p in the first level of

HA-KLT 3 x 3 after rearrangement of the calculated eigen images and is computed
by Eq. 4.41.
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1< - -
K}] = E; C,C! — i,
747" 0 0 1
{0 ito LN K}, 1,]
o o i
A7 00
= [KLI,,LJ 0 )572 0 [Kle,LJ
0 0 i
At 00
K1, 1.] LN 0 A 0
i 0 0 ]
(4.40)

[Kik,L,,] = E{Z!k ’ (le)T} - E{Ijslk}E{(zslp)T} for k7 P = 172737k 7ép (4'41)

For the second level of the HA-KLT 3 x 3 the covariance matrices of size 3 x 3
for each group of rearranged vectors, obtained after the first HA-KLT level is

executed, are calculated by Eq. 4.42.

20 0]
K;'1=10 2" 0
o o 2]
(2370 0 ]
K=o &% 0
o o0 23]

The covariance matrix of size 9 x

2200
K7l=10 2% 0
o o i’

(4.42)

9 of the 9-component vectors for the GOP in

the second transform level is represented by Eq. 4.43, where [Kli,L,,] is the mutual

cross-correlation matrix of size 3 x 3

for the 3-component vectors Efk and Zf_p from

the groups k and p in the second level of HA-KLT 3 x 3 after the rearrangement of
the obtained eigen images and is computed by Eq. 4.44.
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a0 0 |
0 ;“2‘1 0 [Kfl L) [K%I L)
o o 23
27000
k7] = | K7, 1] 0 2% 0 [KZ, 1]
0o 0 i
2000
[Ki,LJ [Kl%ng] 0 2570
i o o0 i’

(4.43)

-

K7, ) = E{Ly - Lo} — E{LRYE{L, )} fork,p=1,2,3;k#p  (4.44)

On the basis of the so obtained matrix [K7], it could be evaluated the decorre-
lation degree of the corresponding eigen images in the processed GOP.

When the full decorrelation of these images is achieved, the matrix [K7] is
diagonal, for which is necessary to be satisfied the condition from Eq. 4.45.

[KE 1) = E{L - (L3,)") = E{LYE{(LL)"}y = [0] fork,p=1,2,3;k#p (4.45)

The limitation of the number of HA-KLT 3 x 3 levels could be done even
without achieving the full decorrelation in the processed group of images, if
Eq. 4.46, where ¢ is a pre-selected threshold with a small value, is satisfied.

E{L; - (L))"} — E{LYE{L) "} > (4.40)

4.4.3 Algebraic Method for Determination of the AKLT Matrix
of Size 2 x 2

From each two digital images of S pixels each, shown in Fig. 4.7, the vectors
C, = [Cys, Coy for s = 1,2, ..., S are defined.

Each vector C"S is transformed into the corresponding vectors ZS = [LmLzS]T
through direct AKLT, using the matrix [@] of size 2 x 2 by Eq. 4.47, where

i = [C1,Cy]" is the mean vector with components C; = E(C)) and C; = E(Cyy).
Ly, Oy Py || (Cis—Cy)

= Z 4.47

|:L2x:| |:¢12 (1522} {(Czy - G) (4.47)

Through the inverse AKLT, the vectors Ijs (s=1,2,...,95) are transformed into
the vectors C, provided by Eq. 4.48.
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Fig. 47 A sub-group of two [ R
images from the original GOP Cis Cor LDy C =
Chz O™ Cho »nC, =
Cis D B Cas ‘D=DC3 s
(O Rl EEEEES O /e b C4
[C4] [Co]
Cis @11 P || Ly C
’ + | = 4.48
|:C2s:| [(1521 D2 | | Las &) (4.48)

The elements @;; of matrix [P] are computed by Eq. 4.49 with parameters
defined in Egs. 4.50—4.51.

| @1 Py | |cosO  sind
2] = {¢12 ¢22} - { —sin0 cos 0] (4.49)
? 2%
6 = arctg (c;l) = arcig 2 = arctg <B>
! ki — ko 4/ (ki — ko)? + 483 aty

(4.50)

ki =E(CY) — (C1)? ky=E(C) — (C2)* ks =E(C1,Cy) — (Cy) (Co)
w=k —ky P=2ks Y=o+
(4.51)

The eigen values of the covariance matrix of the vectors C, are calculated by
Eq. 4.52.

1

I = kh+bm-(h—bf+%4

(4.52)

N = N

Jy = kh+by-(h—@f+%ﬂ
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4.5 HA-KLT Applications for Sequences
of Motion-Compensated TV Frames

The AKLT transform with a 3 x 3 matrix could be used to enhance the video
compression efficiency in accordance with the standards MPEG-1/2/4 and H.26x.
For this, from each GOP/frames in the TV video sequence should be extracted the
P frames only, which are motion compensated.

Practically, the number of frames in one GOP is usually 12, and correspond-
ingly, the number of P-frames is 3. On each sub-group of frames P;, P,, P5 could be
applied the direct AKLT with a matrix of size 3 x 3, in result of which are obtained
the frames L, L,, L3 in the sub-group, which substitute the corresponding P-frames
in the GOP. In the first frame L, is concentrated the main part of the energy in the
three P-frames, which permits to increase the compression after entropy coding for
the frames Ly, L,, Ls. In the decoding part, the inverse AKLT with a matrix of size
3 x 3 is executed on the frames L, L,, L3, and, as a result, the frames P,, P,, P are
restored. The direct transform of the frames in the original sequence is shown in
Fig. 4.8.

The vectors C; = [Cis, Cas, Cgs}T fors=1,2,..., S, calculated from frames Py,P,
P, extracted from the processed GOP for the first 4 pixels: 6‘1 = [Cy1, Cay, C31]T,
62 = [Clz, C22, C32]T, 63 = [C13, C237 C33]T, 64 = [C147 C24, C34}T are represented
in Fig. 4.9.

For the example from Fig. 4.9, the pixels Cy,, C;3, C14 in the frame P; are on the
surface of a moving object (or of the moving background, if a moving TV camera is
used). In this case, it is necessary to define the position of these pixels in the next
frames P, and P; by using one of the Motion Compensation (MC) algorithms [3, 4].
As a result, the movement vector for every pixel (or for a block of pixels), on the
basis of which is defined the position of the pixel (block) in the next frame, is
calculated. In case that the vectors C’S = [Cls, Cas, C3S]T for the sub-group of frames
Py, P,, P; are defined, the applying of the MC and the efficiency of the AKLT in
respect of the decorrelation in the image sub-group is significantly enhanced.
Together with this, the ability to get higher compression ratio is increased, if this
information is losslessly coded. The described approach for enhancement of the
compression efficiency for TV video sequences, obtained in accordance with the
standards of the kind MPEG-1/2/4, H.26x, could be generalized for all frames in
same GOP. For this, the similar three-level HA-KLT shown in Fig. 4.4 could be
applied on the sequence of 12 frames in the GOP. In result, it is opened the ability
to get a higher compression ratio of a TV video sequence than that the obtained one
with the approach shown in Fig. 4.9, where the hierarchical transform is not used.
This new approach will be further investigated in theory and experimentally.
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4.6 Evaluation of the Computational Complexity
of the Two-Level HA-KLT 3 x 3 for a Group of Images

The computational complexity of the two-level HA-KLT algorithm based on 3 x 3
matrices is compared with that of the KLT algorithm with a matrix of size 9 x 9,
because the two-level HA-KLT is equivalent to the KLT with a 9-component
vector. For this, both algorithms are compared in respect to the number of opera-
tions O (additions and multiplications) [49] needed for the calculation of the fol-
lowing components:

e The covariance matrices [Kc]—in total 6 for the first algorithm, each of size
3 x 3, and one matrix [K] of size 9 x 9—for the second algorithm.
e The eigen values and eigen vectors of the corresponding matrices [Kc].
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e The eigen images of each obtained GOP by using both algorithms.

On the basis of the computational complexity analysis given in [44] for the
AKLT with a matrix of size 3 x 3 and for the KLT with a matrix of size R X R, it
follows that for the HA-KLT with matrices of size 3 x 3 and for the KLT with a
matrix of size 9 X 9 we have:

e The number of operations needed for the calculation of the elements k;; for all 6
matrices [K] of size 3 x 3 (for the HA-KLT) and for one matrix [K] of size
9 x 9 (for the KLT), is determined by Eqs. 4.53—4.54.

Ok(R)|g—3=3R(R+ 1)[R(R—1) +2(R+2)] =576 (4.53)

Ok(R)|g_o= (1/2)R(R+ 1)[R(R— 1) + 2(R+ 2)] = 4,230 (4.54)

e The number of operations needed for the calculation of the eigen values of the
HA-KLT matrices [K¢] and of the KLT matrix [K.], when the QR decompo-

sition and the Householder transform of (R — 1) steps were used [50], is cal-
culated in Egs. 4.55-4.56.

Ovar(R) | p_s= 282 (4.55)
4 17
Oua(R)|gs= (R~ DGR + R +7) = 1,124 (4.56)

e The number of operations needed for the calculation of the eigen vectors of the
matrices [K.] for the HA-KLT and for the matrix [K.] of KLT, in case that
iterative algorithm with four iterations is used, is defined by Eqs. 4.57-4.58.

Oyec(R)|g_3= 275 (4.57)

Oyec(R)|g—o= R[2R(4R + 5) — 1] = 6,633 (4.58)

e The number of operations needed for the calculation of a group of nine eigen

images (each of S pixels) and obtained in result of the direct HA-KLT and the
KLT for zero mean vectors, is provided by Eqs. 4.59-4.60.

Ona—k1r(R)|g_3= 6SR(2R — 1) = 908 (4.59)

Ox1r(R)|g_o= SR(2NR — 1) = 1535 (4.60)

Then the Total number of Operations (T0), needed for the HA-KLT and for the
KLT, is computed by Eqgs. 4.61-4.62.
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T0,(3) = [0t(3) + 0vui(3) + Ovec(3) + Oma_xir(3)] = 1,133+ 905 (4.61)
T05(9) = [0(9) + 0vut(9) + Oyec(9) + Oxir(9)] = 11,996 + 1535 (4.62)

The reduction of the total number of operations needed for the HA-KLT and
compared to that of the KLT, could be evaluated using the -coefficient
n(S) (Eq 4.63).

_ TO,(9) 11,996 + 1538
~ TO;(3) 1,133+ 90S

n(S) (4.63)

For example, for S = 100 #(100) = 2.96, for S = 1,000 #(1,000) = 1.81, and for
S = 1,000 n(oc0) — 1.7, respectively. Hence, TO(S) is at least 1.7 times smaller
than 7O,(S) for each value of S (in average, about 2 times). For higher values of
N (the number of images in one group) in the range from 9 up to 16 and for larger
values of S, the coefficient #(S) increases from 1.7 up to 2.1.

The memory volume needed for the KL T execution on a group of R images each of
S pixels is R*+RS+R= R(R+ S + 1) in accordance with [37]. For the execution of the
HA-KLT based on sub-groups of three images and combined with recursive calcu-
lation of the hierarchical levels, the needed memory is 3[(R/3)2 +(RA3)S+ (R3)]=R
[R/3 + S + 1]. From this follows, that the HA-KLT does not need more memory than
the KLT. Something more—in fact, there is a small reduction of the needed memory,
as it could be seen from the relations, given above.

4.7 Experimental Results for Group of Consecutive Images

On the basis of the two-levels HA-KLT algorithm, shown in Fig. 4.4, various
experiments were executed with sequences of medical Computer Tomography (CT)
images of size 512 x 512 pixels, 8 bpp. In case, that the model of the exponential
approximation of the function pg, = flu) is assumed [51], which in accordance with
Eq. 4.15 represents the normalized cross-correlation coefficient of the images in the
group u, then the optimum group length R is defined by the so-called “range of
statistical dependence”, for which p , goes down to d = 1/e = 0.37, compared to its
maximum value poo = 1. The averaged relation p, = f{u) obtained experimentally
for the examined test sequence of CT medical images is shown in Fig. 4.10.

In this case from Eq. 4.16 it follows, that the group length is R = 9. In accordance
with this, the test sequence was divided into groups (Set 1, ..., Set 7), containing
R = 9 consecutive CT images each. As an example, one of the groups—Set 3,
which contains CT image 1, 2, ..., 9, is shown in Fig. 4.11. The eigen images
obtained after applying the two-level HA-KLT on the test group from Set 3 are
shown in Fig. 4.12.
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Fig. 4.10 Setting the group length R = 9, through comparing the value of the coefficient p,, and
the threshold 6 = pg /e = 0.37

Image 1 Image 2 Image 3

Fig. 4.11 Group of R = 9 consecutive CT images from Set 3

As it could be seen from Fig. 4.12, the main part of the energy of all nine images
is concentrated in the first eigen image, and the energy of each next eigen image is
decreased quickly. This is confirmed by the data shown in Table 4.2, for the power
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Eigen Image 1 Eigen Image 2 Eigen Image 3

Eigen Image 4 Eigen Image 5 Eigen Image 6

Eigen Image 7 Eigen Image 8 Eigen Image 9

Fig. 4.12 Eigen images obtained for Set 3 after performing two-levels HA-KLT

distribution of the pixels of the eigen images from Set 3 after the first and second
HA-KLT level, before and after their rearrangement (Fig. 4.4).

In Table 4.2, the power distribution of all eigen images in Set 3 before and after
each operation, and the relative mean power distribution are represented. On the
basis of the data given in Table 4.2, the corresponding graphics shown in Figs. 4.13,
4.14, and 4.15, which represent the power distribution of all nine eigen images, are
built.

The mean and the relative mean power distribution of the pixels from all nine
eigen images in Set 1,..., Set 7 are given in Table 4.3. The data in the last column
show, that in the first three eigen images are concentrated 95.7 % of the total mean
power of all nine images in the GOP. From Table 4.3, it follows that the mean
power of the first eigen image for all sets is more than 250 times larger than that of
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Table 4.2 Power distribution of all eigen images from Set 3, before and after each operation

Eigen Level 1 (not Level 1 Level 2 (not Level 2 Relative
image arranged) (arranged) arranged) (arranged) mean

1 18,170 18,170 53,041 53,041 220
2 715 18,056 686 1,100 5
3 341 18,029 316 686 3
4 18,056 715 1,100 710 3
5 748 389 710 316 1
6 389 694 305 305 1
7 18,029 341 523 523 2
8 694 389 326 326 1
9 394 394 242 242 1

Fig. 4.13 Power distribution (a)
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Fig. 4.14 Power distribution
for Set 3, level 2: a not
arranged, b arranged
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each of the next eight eigen images. The experimental results were obtained with
the software implementation of HA-KLT in Visual C and Windows environment.

The values for the pixels of the eigen images obtained in result of the direct two-
level HA-KLT were calculated with full accuracy, and after corresponding
rounding they were transformed into 8-bit numbers. If on the 8 bpp eigen images is
applied the inverse two-level HA-KLT, then the quality of corresponding restored
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Fig. 4.16 Evaluation of the quality (PSNR in dB) of the restored images from Set 3 after the
inverse two-levels HA-KLT executed on the eigen images from Fig. 4.11

Comression Ratio HA-KLT and JPEG
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s > —r
& 200 ™ v —*—HAKLTAC
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=
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Fig. 4.17 Evaluation of the compression ratio for sequences of CT images Set 1, ..., Set 7

processed with two-level HA-KLT and JPEG with the highest quality

images in the GOP evaluated by their Peak Signal-to-Noise Ratio (PSNR)
is = 45 dB. This was confirmed by the results from Fig. 4.16 obtained for the eigen
images in Set 3 of Fig. 4.11 after the inverse HA-KLT in correspondence with the
algorithm and shown in Fig. 4.4. Hence, the sequence of 9 images could be restored
with retained visual quality. This result illustrates the ability for efficient com-
pression of a sequence of CT images, when the HA-KLT is used.

The results for the compression ratio of the test CT images (Set 1, ..., Set 7),
obtained through two-level HA-KLT combined with arithmetic coding and through
JPEG with 100 % quality of the restored images are compared by plots in Fig. 4.17.
The results show higher compression ratio of the new method for same quality of
the restored images.

The basic qualities of the new HA-KLT for image sequences are following:

1. The lower computational complexity than KLT for the whole GOP due to the
lower complexity of the AKLT compared to the case, for which for the cal-
culation of the KLT matrix are used numerical methods [50].

2. The structure of the HA-KLT algorithm is suitable for parallel implementations,
which is of high importance for all applications aimed at real time processing of
image sequences.



122 R. Kountchev and R. Kountcheva

3. The HA-KLT could be combined with the Branched Inverse Pyramid Decom-
position (BIPD) [52] with nonlinear pre-processing and post-processing based
on the pixel-by-pixel Adaptive Histogram Matching (AHM) transform for
achievement of efficient compression.

4. The HA-KLT could be also used for efficient lossless compression of image
sequences in the case, when the number of eigen images in the group is not
reduced.

5. There is also a possibility for further development of the HA-KLT algorithms
through use of Integer KLT for lossless coding of image sequences by analogy
with [53-54] in compression of video sequences from stationary TV camera,
compression of multi-view images, image fusion, face recognition, etc.

4.8 Principle of the Hierarchical Adaptive KL-Based
Transform for Single Image

The kernel of the HA-KLT for single images is the AKLT, which is one-dimen-
sional. It is related to halftone images, divided into blocks of size 2 x 2 (for n = 1).
In this case, from each row of the matrix image [C] of size N x N (N = 2°) the
number S = N2 = 2%7' of two-component vectors C, = [Cls, Czs]T,
s=1,2, ..., 8 could be defined. For example, from the image [C] of size 4 x 4
shown in Fig. 4.18 the S = 8 horizontally oriented vectors are obtained: C, =
[C”,C21]T, C, = [C]z,sz]T,..., Cs = [Clg,ng]T. Each vector is transformed into
the corresponding vectors Ijs = [Lys, LZS]T through AKLT with a matrix [®], of size
2 x 2 (AKLT 2 x 2). To apply the 2D-KLT on a halftone image, its matrix is
divided into blocks, for which is twice executed the 1D-KLT (first, on the rows and
after that on the columns of the transformed blocks).

The basic difficulty in the execution of the 1D-KLT on each row or column for a
block of large size is related to the high computational complexity of the transform
matrix. To solve this problem, in [46] it is offered the 2D HA-KLT for halftone
images based on the AKLT 2 x 2. The principle of this transform is as follows: all
blocks (each of size 2" x 2") of the matrix image [C] of size N x N are transformed

(@ - . (b) - .
C0+0 |GOTO L,O10 |LOo1+O
¢OT0O [¢,00 LOO |L,O070

[Cl=1 - L= -
GO0 |GOTO L,00 [LOoTO
C,010 |GOTO L,O1O |L,Oo+O

Fig. 4.18 An example matrix image of size 4 X 4, which contains eight vectors: a before
transform, b after the AKLT with a 2 x 2 matrix
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Fig. 4.19 2D HA-KLT for a block of size 4 x 4

sequentially (by their rows and columns) in n consecutive steps by using KL
matrices of size 2 x 2. For this, from each row of the processed block a vector of 2"
components is obtained. The number of all vectors obtained from one block is 2",
and from all blocks it is 2" x (N*/2"). The components of each vector are divided
into 2"~" groups, from which are obtained 2-component vectors or N°/2" vectors in
total. On the vectors from each group the adaptive KLT with a matrix of size 2 x 2
(AKLT 2 x 2) is applied. The transformed 2" components of each vector, which
correspond to one row of the block, are rearranged so that their neighboring
components have maximum mutual correlation. On all rearranged vectors of 2"
components each, the next step of the n-step transform is applied in similar way,
and etc. When all n steps on the rows are finished, it is executed again on the
columns of such transformed blocks. Each AKLT 2 x 2 starts with the verification
of the condition B # 0 (in accordance with Eq. 4.51). In case that it is not satisfied,
the next steps of the hierarchical transform in the selected direction (x or y) are not
executed. In result, a spatial decorrelation of the elements of the transformed blocks
is achieved. The original image [C] is restored applying the inverse 2D HA-KLT on
the matrix of size N X N by using all transformed blocks.

To illustrate the principle described above, it is shown an example for 2D
HA-KLT of the image [C] of size 4 x 4 pixels (p = 2) in Fig. 4.19. In this case, in
the first stage of the transform it is necessary to apply the AKLT 2 x 2 two times
sequentially on all two-component vectors oriented horizontally and then (in the
second stage)—on all transformed vectors oriented vertically. After each
AKLT 2 x 2, one half of the columns or rows should be rearranged.



124 R. Kountchev and R. Kountcheva

The rearrangement with a group of four arrows oriented horizontally or vertically is
shown in Fig. 4.18.

Each arrow shows the position of a given column or a row, before and after the
rearrangement. In Fig. 4.19, the figures of the 8 two-component vectors, on which
the AKLT 2 x 2 for each level is applied, are also shown. The first two components
of each transformed vector are marked with two numbers, which indicate the
number of the component and this vector, respectively. The wide arrows show the
transform directions of the matrix [C] for each level of the 2D HA-KLT. In result of
the execution of all levels of HA-KLT on the rows and columns, the final trans-
formed matrix [L] is obtained. The algorithm for the inverse 2D HA-KLT is exe-
cuted in accordance with Fig. 4.19, but in this case all arrows should be in inverse
directions.

For the example from Fig. 4.18, the direct 2D HA-KLT for the block [C] of size
4 x 4 executes the following steps below:

Step 1. From the elements of the matrix [C] shown in Fig. 4.18, all horizontally
oriented two-component vectors 6} = [C]S,CQS]T, s=1,2, ..., 8 are
defined.

Step 2. In the first level, the direct AKLT,2 x 2 is applied on all vectors C, by

Eq. 4.64, where @_},x, C,, Cy, are defined through vectors 6} on the basis of
the Eqgs. 4.50-4.51.

L] _ [oh q%’fH(cncl)}
s = - 4.64
[Léi‘] Lbia‘ ol | | (C - &) (4.64)

In result of the execution of Eq. 4.64, the matrix [L,lc] is obtained.

Step 3. Half of the columns of the matrix [Li] are rearranged, and in result the
matrix [L,ICR] is obtained. The relation between these two matrices is pre-
sented by Eq. 4.65 or Eq. 4.66, where [P,] is a matrix of size 4 x 4 used for
the rearrangement of the columns of [Li].

Ly Ly Ly Ly Ly Ly Ly Li|[1 0 0 0
Ly Ly Ly Ly | _ |L, Ly L Lg||[0 0 10
Ly Ly Ly Ly Ly Ly Ly Ly||0 1 00
L Ly Lf Ly Lyy Ly Liy Ly | L0 0 01
(4.65)
[LF] = [L}][P] (4.66)

In this case, the rearrangement is executed as a place exchange for columns
2 and 3 of [L1].

From the matrix [L1F], the vectors L'F = [LI® LR g =1,2, ..., 8 (see

Fig. 4.18) are defined, whose components are calculated by Egs. 4.67-4.68.
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L® =L fors=1,2,3,4 LX=L}* fors=5,67,8 (4.67)

1R

1x 1R, _ X _
1spa) = Ly fors=1,2,3,4 L Ly fors=5,6,7,8

1(s—4) —
(4.68)
Step 4. In the second level, the direct AKLT,2 X 2 is applied again on each of the

rearranged vectors L%, as shown in Eq. 4.69, where @3", L}* and L}* are
defined through the vectors L%+ on the basis of Eqs. 4.50-4.51.

G - o] [ E)
S| = 1 1 g . fors=1,2,...,8 4.69
)= o o[ e
Step 5. The columns of such obtained matrix [LZ] are rearranged in accordance
with [P,] (Eq 4.70).
(L3 = [L3[Pd (4.70)
In result the second rearranged matrix is obtained by Eq. 4.71.
2. 72 g2 g2
Lé ] L%5 L%1 L%S
L{z Léz L%*2 L%g
Li-_;, L%% ng L%-;
Ly Ly Ly Ly

[L2R] = (4.71)

Step 6. From the elements of the matrix [L3F], the vectors F, = [Fis, FZS]T,
s=1,2,..., 8 are defined. They are shown in Fig. 4.19, whose components
are calculated by Eqs. 4.72-4.73.

ﬁl = [L%laL%z]T FZ = [L%SaL%e]T 135 = [L%37L%4]T ﬁ6 = [L%WL%S]T
(4.72)

7 2 29T P 2 29T R 2 217 2 42T

F3 = [L217L22] Fy = [L257L66] Fr = [L23’L24] Fy = [L27’L28]
(4.73)

The execution of steps 7—10 shown in Fig. 4.19 requires on level 1 to be applied
the direct AKLT,2 x 2 on each vertically oriented vector F, = [Fys, FZS]T,

s =1,2, ..., 8 and rearrangement of the rows of the obtained matrix [Lj], and in
level 2—the same transform on the rearranged vectors [:'315 = [Lif"', Léf-"]T,
s=1,2, ..., 8 with second rearrangement of the rows of the matrix [Li], so that to

obtain the matrix [L]. In this case, the matrix used for the rearrangement of the rows
is [Py] = [P,] T and the rearrangement is executed in correspondence with Eq. 4.74.
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Fig. 4.20 Recursive calculation of the 2D HA-KLT for a block of size 4 x 4 through the
processing with 1D AKLT 2 x 2 on the columns and rows

L] = [P ][1] fori=1.2 (4.74)

The rearrangement is executed by exchanging the places of rows 2 and 3 of the
matrix [L,].

4.9 Algorithm for Recursive 2D Hierarchical Adaptive
KLT

To simplify the implementation of the 2D HA-KLT algorithm shown in Fig. 4.19,
here let us suppose that it will to be executed recursively in correspondence with the
example, shown in Fig. 4.20. Two approaches exist for the implementation of the
recursive transform, recursion in direction y only or recursion first in horizontal
direction and after that—in vertical direction. In the first case (shown in Fig. 4.20
with red arrows), the matrix [L)ZCR] is transposed after the finalized step 6. As a result,
the vectors F s = [Fis, Fzs]T are oriented in horizontal direction (in similar way as
for C, = [Cis, Cgs]T. After that, on 17" T = [F\s, Fa5] same operations are executed as

these, given in steps 2-5 for the vectors 6‘5 = [Cls,Czs]T. In similar way, the
recursive inverse 2D HA-KLT in direction y is executed, but with inverse direction
of the calculations in each step. In the second case (recursion in both directions
x and y indicated with blue arrows), it is necessary to transpose the obtained
intermediate matrix between both recursive cycles for x and y.
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Fig. 4.21 Block diagram of the algorithm for recursive 2D HA-KLT
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In the general case, the recursive direct AKLT 2 x 2 on the rearranged vectors
LR (i) = [LR (i), LR ()] in the group k obtained for the iteration i (transform
level) in direction x or y is defined by Eq. 4.75, where the matrix [@;(i)] in iteration
i (fori=2,3, ..., n) is defined on the basis of the vectors LX (i) = [LR (i), L& . (i)]"
from the group k =1, 2, ..., 2L

[me 1)} _ [cb’a(o cbf;l(i)] [L’fsk@ —i’fw')] fors=1,2,...8

Lo (i +1) ®),(i) D) | [ LE () — LB (i)

(4.75)

In the first iteration only (i = 1) the corresponding matrix [@(1)] in direction x is
defined on the basis of the vectors Cy = [Cis, CZSk]T, and the matrix [@}(1)] in

direction y—on the basis of the vectors ﬁ e = [Fisk, Fage]- In this case, for
s=1,2,..., 5, Eq. 4.59 is changed as follows in Eqs. 4.76-4.77.

[Lj‘xk(l)} _ {dﬁﬁ(l) 4’5‘1(1)} [(Clsk - Qlk)]_ in direction x  (4.76)

Ly (1) Piy(1) Dy(1) ] [ (Co — Ct)
y ky Ky H
{F;sk(l)} _ (2D () {(Flsk - 5%)} —in directiony  (4.77)
Fou (1) D5(1)  D(1) | L (Fase — Fax)

The block diagram of the algorithm for recursive 2D HA-KLT is shown in
Fig. 4.21. The preferred type of the recursive calculation of the algorithm depends
on the structure used for the implementation: hardware, software, or firmware.

4.10 Evaluation of the Computational Complexity of 2D
HA-KLT

The computational complexity of the 2D HA-KLT algorithm could be evaluated in
respect of that, needed for the 2D-KLT with a transform matrix with N x N ele-
ments, for N = 2". Both algorithms should be compared in respect of the number of
operations O (additions and multiplications) needed for the calculation of the
covariance matrix [K¢] of size N X N, its eigen values and vectors, and the elements
of the transformed matrix [L]. Let us estimate the computational complexity of the
2D HA-KLT algorithm as following below:

1. The total number of operations needed for the calculation of all elements of the
[K¢] matrix is computed by Eq. 4.78.
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Otov(N) = (1/2)N(N + 1)[N(N — 1) + 2(N +2)] (4.78)

In particular, for N/2 matrices [K] of size 2 X 2 (N = 2) one can obtain the result
from Eq. 4.79.

Oiov(N) = (N/2)(3N? + 5N + 12) (4.79)

2. The eigen values of [K¢] of size N x N could be calculated using the QR
decomposition and the Householder transform with (N — 1) steps [50]. In this
case, the corresponding number of operations O, is defined by Eq. 4.80 [48].

O,a(N) = (1/6)(N — 1)(8N? + 17N + 42) (4.80)

In case that for the calculation of the components ®;; of the eigen vector &, of
[Kc] the iterative algorithm is used [47], Eq. 4.81 will be received, where QDJ(?
and QDJ(-,M) are the values of the component (j, #) in the iterations (/) and (I + 1),
k;, is the elements of the matrix [Kc], J;, is single operator, and L is the general
number of needed operations.

N
0 = &) — (1/k) [ (kip — 203,) 23]

p=1

forj=1,2,...,Nand!=0,1,2,...,L

(4.81)

From Eq. 4.81 it follows that the number of operations needed for the calcu-

lation of the eigen vector®, is 2L N (N + 1). Then the total number of operations
needed to calculate all N eigen vectors is determined by Eq. 4.82.

Oyee(N) = N2N(LN + L+ 1) — 1] (4.82)
In particular, for L = 4, Eq. 4.83 is obtained.
O,ec(N) = N[2N(4N +5) — 1] (4.83)

To calculate the eigen vectors of all N/2 matrices [K¢] of size 2 % 2 on the basis
of Eqs. 4.49-4.51 are needed O,,..(N) = 9 N/2 operations in total.

3. To apply the direct KLT on each N-component vector obtained for an image of
size N x N are needed N (2 N — 1) operations in total. As it was explained
before, this transform should be executed N times on all rows of the image. The
total number of needed operations is defined by Eq. 4.84.

Okir(N) = N*(2N — 1) (4.84)

Then for the execution of the direct 2D-KLT on a block of size N x N, the
number of operations is calculated by Eq. 4.85.
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Oapkrr(N) = 2N2(2N -1 (4.85)

To execute the direct HA-KLT on the N-component vector (for N = 2") are
needed n = 1g,N levels for the direct AKLT 2 x 2 on N/2 groups of 2-component
vectors. In this case, the total number of operations is provided by Eq. 4.86 and
for the 2D HA-KLT it is Oxpagr7{N) = 6 N Ig,N, respectively.

Ouxrr(2) = 6n(N/2) = 3N1g, N (4.86)

4. The total number of operations O(N) for the divisible 2D-KLT is determined by
Eq. 4.87.

O1(N) = (1/3)[3N(N’ — 3) + 2N*(37N + 42) — 2] (4.87)

The computational complexity in this case is 2O;(N*).
5. The total number of operations O,(N) for the divisible AM 2D-KLT is defined
by Eq. 4.88 and the corresponding computational complexity is *O,(N).

02(N) = 2[Opov(N) 4 Oyec(2N) + Oprr(N)] = N(3N? 4 5N +1g, N + 21)
(4.88)

6. The reduction of the total number of operations needed for the 2D HA-KLT
compared to that of the 2D-KLT could be defined by Eq. 4.89 by using the
coefficient 7.

Oi(N) 3N(N*—3)+2N?(37N 4 42) — 2
0,(N)  3N(3N2+5N +1g, N +21)

1) = (4.89)

For a transform matrix of size N = 4, 8, 16, n(N) = 5.6; 8.9; 12.4 is obtained. In
the general case, the reduction of the computational complexity of the 2D HA-KLT
algorithm compared to that of the 2D-KLT is approximately N times.

Fig. 4.22 CT images from a
group of ten images: a the
first image, b the tenth image
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Fig. 4.23 Direct three-level 1D HA-KLT, for the vectors C; = [Cis, CQJ}T, s=1,2,3,4

4.11 Experimental Results for Single Images

The proposed algorithm was tested on a group of ten halftone CT images each of
size 512 x 512 pixels, 16 bpp (depending on the medical device, in practice the
images with 8, 10, 12 and 16 bpp are used). The first and the last CT image from
this group are shown in Fig. 4.22a, b. There is no specific change in the proposed
algorithm performance for all these types of images.
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Table 4.4 The covariance ratio and the execution times for three-level 2D HA-KLT, versus the
full separable 2D-KLT for blocks of size 8 x 8 pixels

Image |Level O Level 1 Level 2 2D-KLT
CovR Execution CovR Execution CovR Execution Execution
time, s time, s time, s time, s
1 0.28 0.0076 16.25 0.0142 68.07 0.0195 0.1624
2 0.17 0.0066 9.94 10.0122 40.99 0.0177 0.1558
3 0.23 0.0057 1294 [0.0126 55.67 0.0176 0.1654
4 0.31 0.0051 17.42 0.0097 74.98 0.0149 0.1471
5 0.25 0.0047 13.96 0.0095 62.31 0.0140 0.1585
6 0.27 0.0055 15.73 0.0102 66.42 0.0152 0.1529
7 0.19 0.0048 10.97 0.0095 46.55 0.0151 0.1353
8 0.29 0.0057 17.10 | 0.0100 69.99 0.0150 0.1553
9 0.30 0.0060 17.41 0.0137 72.79 0.0194 0.1496
10 0.22 0.0049 13.01 0.0103 54.09 0.0157 0.1350
(a) 80 (), 02
®
o
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2 2.5
g c 40 s 01
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Fig. 4.24 Evaluation of the execution time for the 2D HA-KLT: a average covariance ratio of the
HA-KLT for levels 0, 1, 2, b average execution time for 2D HA-KLT and 2D-KLT

For the experiments, all images were divided into blocks of size 8 x 8§ pixels, and
the eight vectors corresponding to a row of pixels in the block of 8 components
were calculated. All eight vectors (block by block) were stored in a matrix of
32,768 rows and 8 columns going through the blocks in a progressive scan to the
end of the image. Then over the resulting matrix the direct 3-level 2D HA-KLT was
applied as shown in Fig. 4.23. Here, with L and H are marked the first (low-
frequency) components with high power and the second (high frequency) com-
ponents with low power obtained by the calculation of the AKLT 2 x 2,
respectively.

For comparison, the classic 2D-KLT was also performed. The execution times
were calculated for each CT image, being processed by both algorithms. The test
environment was IBM " PC®compatible computer with P4 processor, running at
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2 GHz with 2 GB of RAM under MS Windows XP'SP3 (32 bit) and Matlab
R2009A. One more aspect of the experiments was to estimate the decorrelation
achieved for the proposed algorithm in each level of the 2D HA-KLT. For this, a
new parameter CovR was introduced, called Covariance Ratio, which actually
represents the ratio between the sum of the squared values of all diagonal elements
in the covariance matrix and the sum of the squared values of the non-diagonal
elements (Eq 4.90).

8 8

8 8
CoR =3 > Ky | DD Ko (4.90)

i=1 j=1 i=1 j=1

For the classic 2D-KLT algorithm this ratio is obviously infinity for any image.
The experimental results in Table 4.4 are given for all 10 test images. The graphic
representation of the numerical results from Table 4.4 is shown in Fig. 4.24.

There is a significant difference among the decorrelation degrees from the level 0
up to the level 2 by a factor of a hundred units. It is obvious that, if higher
decorrelation is needed and thus—a higher compression, then all three levels should
be used. In contrast to the general 2D-KLT, the achieved execution time is lower by
a factor of 10, which is in consent with the theoretically derived reduction of the
computational complexity by 8.9 times. Some deviation from the predicted values
and the experimental results could be noticed due to the rearrangement of the vector
components in each level, which were not included in the expressions.

The proposed new algorithm for 2D transform of halftone images has the fol-
lowing basic advantages:

1. The significant decorrelation of the elements of the transformed image blocks of
size 2" x 2" is achieved.

2. The computational complexity of the 2D HA-KLT for an image block of size
2" x 2" compared to that of the conventional 2D-KLT is reduced ~2" times.

3. The 2D HA-KLT algorithm is executed in n consecutive levels, which permits
parallel and recursive calculation. This makes the offered algorithm quite suit-
able for hardware implementation and opens the possibility for real-time pro-
cessing of video sequences.

The 2D HA-KLT algorithm could be also generalized for inter-block image
decorrelation. For this, it is necessary to arrange the elements of same position in
each block transformed with 2D HA-KLT in corresponding 2D matrices. After their
division into smaller blocks, each could be processed with the 2D HA-KLT again,
etc. In result of this recursive processing, it is possible to achieve a decorrelation of
the image elements. The block size should cover the maximum correlation range for
the image pixels in horizontal and vertical directions. This algorithm could be also
used for the achievement of spatial decorrelation of color images. In this case, it is
executed separately for each color component matrix.



134 R. Kountchev and R. Kountcheva

4.12 Conclusion

In this research, one general approach for decorrelation of groups of images and of
the blocks of single images, which are processed by using the new hierarchical
transform based on the AKLT, is presented. The new algorithms for processing of
single images and groups of related images through HA-KLT could be combined as
follows: each group of images is decorrelated through inter-image HA-KLT and
then on each of the retained eigen images is applied the intra-frame HA-KLT. As a
result, the compression efficiency for the processed group of images is significantly
enhanced. One more important application of the HA-KLT is to achieve a reduction
of the features space through combining different kernels for nonlinear transform
without increasing the pattern recognition error.
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Chapter 5

Automatic Estimation for Parameters
of Image Projective Transforms Based
on Object-Invariant Cores

Vadim Lutsiv

Abstract A lot of efforts were addressed to developing the affine-invariant image
descriptions. At the same time, development of projective-invariant sets of features
still remains the open problem. An opposite approach to automatic recognition of
images with geometric transforms is proposed in this chapter. The images are
transformed to object-invariant form, in which all generic-specific features are
suppressed while the parameters of geometric transform are still preserved. Then the
parameters of geometric transform of image are estimated by means of comparison
of its object-invariant description with a template form common for all classes of
objects. The estimated geometric transforms can be then compensated, and the
image can be recognized by any pattern recognition techniques. The presented
theoretical development is also proven by computer simulation, and the reached
theoretical results are compared with the ones reached by other authors. Several
examples of practical application of developed theory are also presented.

Keywords Image recognition - Affine transform - Projective transform
Transformation parameters - Object-invariant core

5.1 Introduction

The geometric transforms of images are well-known problem in computer vision.
The Affine Transform (AT) and Projective Transform (PT) can result from image
projection through the spherical (or almost spherical) lenses being the traditional
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parts of photo- and video-cameras. A lot of efforts were addressed to developing the
affine-invariant image descriptions. Very simple and weak solutions based on
invariance to rotations and scaling (see, e.g. [1, 2]) were initially proposed in the
seventieths of the last century. The methods based on translation invariance of
Fourier spectrum and peculiarities of polar coordinate system [3-5] (the Fourier-
Mellin transform among them) turned out to be much more sensitive and powerful,
as well as the methods based on invariant moments [6] enabling an invariance to
transformations, belonging to the similarity group. The invariant descriptions of
object borders by chain codes [7] and signatures [8] also should be mentioned. The
challenging solutions (enabling invariance to translations, rotations, and scaling)
were reached with the use of histograms of inner distances [9] and histograms of
directions of gradients being the basic tool of the famous methods Scale-Invariant
Feature Transform (SIFT) [10], Affine-SIFT (ASIFT) [11], and Speeded-Up Robust
Feature (SURF) [12]. However, actually, the invariance to translations and scaling
was reached there by searching for key-points through different positions and
scales. It is interesting to mention also the paper [13], in which the advantages of
SIFT and SURF key-points were combined with the rotation and scale invariance
reached by Fourier-Mellin transform. The most successful modern algorithm of
Viola and Jones [14] and matching methods based on histograms of oriented gra-
dients [15, 16] also search for solutions through different positions and scales. The
powerful algorithm of discriminatively trained part based models [16] also applies
latently a type of structural analysis by means of decomposition of image into
several structural components. The other structural methods (see, e.g. in [17-19])
estimate the parameters of affine or projective transforms by means of joint analysis
of spatial positions of detected contour structural elements, and then the estimations
of transforms are used in image matching hypotheses.

However, an opposite approach can be applied for automatic recognition of
images with geometric transforms. The images may be transformed to an object-
invariant form, in which all generic-specific features are suppressed while the
parameters of geometric transform are still preserved. Then, the parameters of
geometric transform can be estimated by means of comparison of object-invariant
description with a template form common for all classes of objects. Thus, the
geometric transform of image can be estimated and compensated, and then the
image can be recognized by any pattern recognition techniques.

The author of this chapter succeeded in designing of object-invariant cores that
correspond to images of all types of spatially compact (having restricted definitional
domain) objects separated from background [20, 21]. The object-invariant core is
synthesized by means of truncating the high-frequency harmonic components of
spatial spectrum of image. These rejected high-frequency components present the
object peculiarities, while the rest (extremely low-frequency) components still
contain the information about image spatial transforms. It is shown [20, 21] that
such object-invariant core is mathematically described by elliptic paraboloid
(quadratic parabola in the 1D image projections). It is also shown in [20, 21] that
the spatial spectra of mentioned above object-invariant cores (elliptic paraboloids,
1D parabolas, and harmonic functions) are orthogonal to the rest part of image
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spectrum. Thus, if any image is convolved (or subjected to operation of correlation)
with the templates of mentioned above narrow-band shapes (paraboloids, parabolas,
harmonic functions), such templates will interact only with the corresponding to
them object-invariant cores, contained in image. Thus, the parameters of image
geometric transform can be estimated from such correlation functions as it is
described in detail in the sections below.

For estimation of different parameters of AT, it is presented as a sequence of
simpler transformations in Sect. 5.2. It is shown in Sects. 5.3-5.5, how all
parameters of AT (except the rotation and specular reflection) can be determined
analytically from the properties of the proposed object-invariant core. The param-
eters of rotation and specular reflection are analytically calculated from the cyclic
narrow-band harmonic cores of image projection on the angular coordinate of polar
coordinate system as it is presented in Sect. 5.6.

While the 6-parametric AT is entirely linear, the full PT contains additionally a
nonlinear part described by two additional parameters. Due to this nonlinearity, the
specific parameters of PT can not be determined analytically. A novel iterative
optimization procedure is proposed in Sect. 5.7 for estimating all parameters of PT.
The idea of this procedure is borrowed from the living vision systems, in which the
surface inclination is detected from recession of texture elements (texels) [22]. It is
shown in Sect. 5.7, how the missing parameters of PT can be estimated from
displacement of object-invariant core of image under a test projective transform.
The convergence of such iterative estimation procedure is rigorously proven.

The software simulation results proving the correctness of proposed theoretical
development are presented in Sect. 5.8 showing also several examples of practical
application of developed theory. The similar theoretic results reached independently
by other authors are discussed in Sect. 5.9. The materials of this chapter are finally
summarized in Sect. 5.10 of Conclusion.

5.2 Projective Transform as a Sequence of Simpler
Geometric Transformations

The plain PT is described by the following formulae (Eq. 5.1) linking the pixel
coordinates X = (x,y)” in initial image with coordinates X' = (x,y)" in trans-
formed image, where ay, ..., a¢ are the parameters of AT that is a partial case of PT
corresponding to zero parameters a; and as.

X = (a1x + ary + as)/(a7x + agy + 1)

5.1
y = (a3x + agy + ag) / (a7x + agy + 1) 1)

Let us present AT in a form more convenient for analysis.
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Theorem 1 Any plain AT can be presented as the following sequence of simple
plain geometric transformations:

e An image rotation by angle ¢ with respect to coordinate origin (Eq. 5.2):
X = xcos(¢p) — ysin(p) ¥y = xsin(¢p) + ycos(o). (5.2)
e A spatially isotropic M-fold scaling of image (Eq. 5.3):
X =Mx y =My. (5.3)

e Aspatially anisotropic scaling of image (u-fold expanding or shrinking of image in
the direction O and optional specular reflection corresponding to u < 0) (Eq. 5.4):

X = pfxcos (—O) — ysin (—O)] cos (O) — [xsin (—O) + ycos (—O)]sin (O)
y = [xsin (= @) + ycos (—O)] cos (O) + pfxcos (—O) — ysin (—O)]sin (O).

o The translations along two coordinate axes (Eq. 5.5):

X =x+as Y =y+as (5.5)

The proof of this theorem is not difficult, and the author presented it in [20].

It can be easily seen that the image rotation (Eq. 5.2) and the isotropic scaling
(Eq. 5.3) do not change the position of image centroid (center of mass), if it has the
zero coordinates. The anisotropic scaling of image along the abscissa axis (it cor-
responds to @ = 0 in Eq. 5.4) or along the ordinate axis also do not change the
centroid coordinates, if they are zero. Thus, the anisotropic scaling (Eq. 5.4)
composed of rotations and scaling along the abscissa axis also does not displace
image centroid situated at coordinate origin.

Let us present the AT in a matrix form A as a sequence of described above
simple geometric transforms (Eq. 5.6), where ay, ..., a¢ are the parameters of AT,
the matrices A, A, correspond to translations of image centroid along the abscissa
and ordinate axes, the matrix A3 corresponds to anisotropic scaling, the matrix Ay
describes the specular reflection with respect to a straight line passing through
coordinate origin, the matrix As corresponds to isotropic scaling, the matrix Ag
describes image rotation with respect to coordinate origin.

ay day ds
A= asy d4 dAg = A1A2A3A4A5A6 (56)
0 0 1

The sequential order of simple transforms presented in Eq. 5.6 can be changed.
However, this is just this order that enables step by step determining the parameters
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of these transforms and compensating them beginning from A; and finishing by Ag
because in the case of such compensation order, each next operation of compen-
sation does not disturb the results of previous operations of compensation in this
sequence. The transforms A; and A, are mutually orthogonal (i.e. compensation of
centroid displacement along the ordinate axis does not disturb the compensation of
displacement along the abscissa axis, and vice versa). Thus, these two transforms
may be swapped in Eq. 5.6. As it was shown above, the transforms Az—Ag do not
displace image centroid from coordinate origin. Thus, the zero abscissa and ordinate
of centroid are worth to be considered as its template position, and compensation of
centroid displacement from coordinate origin should be the first step of compen-
sation of AT. Similarly, the transforms As and Ag of isotropic scaling and rotation
may be swapped. The transform A3 of anisotropic scaling changes both the radial
and azimuthal polar coordinates of points. As it can be seen from Eq. 5.4, it changes
the ratios of radial coordinates of the points having differing azimuthal coordinates.
At the same time, the transforms As and Ag do not change the ratios of radial
coordinates of points, thus the compensation of A; should precede the compensa-
tions of A5 and Ag. The transform A4 of specular reflection may be swapped with
isotropic scaling As. The transform A, may be determined and compensated
simultaneously with the compensation of transform A; (in fact, transform A, is a part
of transform A3) as well as with the compensation of rotation Ag.

5.3 Determining the Parameters of Image Translation

As it was mentioned in Sect. 5.1, the parameters of geometric transforms can be
estimated by inspecting the properties of object-invariant image core proposed in
[20, 21]. For determining the image translations, let us prove the following lemma.

Lemma 1 Ler us consider a correlation function of image with template elliptic
paraboloid, the correlation function is calculated by the parameter of their mutual shift.
Ifthe correlation function reaches its extremum, then the coordinates of image centroid
coincide with the vertex coordinates of elliptic paraboloid at the point of extremum.

Proof Let the longer axis of elliptic section of elliptic paraboloid be parallel to
abscissa axis. This assumption does not restrict the generality of task because the
cases of any arbitrary orientation of elliptic paraboloid can be boiled down to this
orientation by simple rotation of coordinate system. According to the proposed
assumption, let us describe the paraboloid by Eq. 5.7, where a and b are the
paraboloid vertex coordinates along the abscissa and ordinate axes, respectively, C is
an arbitrary constant, M is a ratio of lengths of axes of elliptic section of paraboloid.

Fx,y)=[Mx—a)*+ @ —-b>+C (5.7)
0
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Let T(x, y) be a brightness of pixel having coordinates {x, y}. The correlation
function of brightness T(x, y) and paraboloid (Eq. 5.7) by the parameter 7 = —a of
shift along the abscissa axis is monotone convex (concave) [20], thus it may have a
single extremum. This correlation function is represented by Eq. 5.8, where Q2 is the
definitional domain of function 7(x, y) describing the brightness of image points.

flx)= //QT(x, V)F(x + 1,y)dxdy (5.8)

Here and further, the complex conjugation will be skipped in operation of
correlation because the both operands of correlation have real values. Then, taking
in account Eq. 5.7, the extremum of Eq. 5.8 can be found from the following
expression:

%f(r) = //QT(x,y) %F(x +1,y)dxdy = //QT(x, ¥)2M? (x — a)dxdy = 0.

Therefore, keeping in mind the well known formulae (Eq. 5.9) for coordinates x,.
and y,. of centroid, it can be concluded that the image centroid has abscissa x = a,
i.e. the abscissa of centroid coincides with the abscissa of vertex of paraboloid, if
the correlation function (Eq. 5.8) reached its extremum.

//x - T(x,y)dxdy [y~ T(x,y)dxdy
0 0

gT(x, y)dxdy Ye = gT(x, y)dxdy (59)

Xe =

In a similar way, by differentiation of correlation function by the parameter of
shift of paraboloid (Eq. 5.7) along the ordinate axis, it could be shown that the
ordinate of centroid coincides with the ordinate of vertex of paraboloid, if the
correlation function reached its extremum. Thus, the Lemma 1 is proven.

The object-invariant core (Eq. 5.7) used as one of operands of correlation
function can be referred to as a weighting function of centroid detector or simply as
a centroid detector, and in the task of detection it is worth to set M = 1.

As it was mentioned above, the object-invariant parabolic core of image has a
spectral range entirely separated from the rest spatial spectrum of image, and
according to decomposition (Eq. 5.6), the affine transforms of image cause the
rotations, an isotropic scaling, an anisotropic scaling of image spectrum, and the
linear changes in the phases of spectral components. This is also true for the spectral
components corresponding to the object-invariant parabolic core of image. Thus,
the object-invariant image core is also subjected to AT. Let us consider the
paraboloid of revolution having zero vertex coordinates as object-invariant core of
image in its template state. Then, any AT applied to image will result in expanding
(shrinking) of the core in respective direction (the core will become the elliptic



5 Automatic Estimation for Parameters of Image Projective ... 143

paraboloid) and in displacement of its vertex. The paraboloid of revolution will
remain the paraboloid of revolution under any isotropic scaling, rotation, and
specular reflection. Thus, it can be easily seen that the direction of axis of elliptic
section of elliptic paraboloid contained in image will correspond to the parameter © of
direction of anisotropic scaling of image while the ratio of lengths of axes of elliptic
section will correspond to the coefficient ¢ of anisotropic scaling as it is shown in
Eq. 5.4. It will be shown in the next section that if an image is transformed into such
state that the elliptic paraboloid contained in it became the paraboloid of revolution
with zero vertex coordinates, then such transformation really compensates the
transforms Ay, A,, and A; of image translations and anisotropic scaling. It will enable
the analytical derivation of formulae for determining the parameters of anisotropic
scaling. Thus, the elliptic paraboloid (Eq. 5.7) (the object-invariant core of image)
remains the elliptic paraboloid under any AT while the parameters of transformed
core bear the information on the parameters of AT, to which an image was subjected.

5.4 Determining the Direction and Value of Anisotropic
Scaling of Image

The next simple transform to be estimated and compensated according to Eq. 5.6 is
the anisotropic image scaling A3. This transform has two parameters: the direction @
and ratio u of scaling. In the plain polar coordinate system, this transform can be
described by Egs. 5.10-5.11, where the polar coordinates r; and ¢; of points of
transformed image are expressed in the terms of coordinates r and ¢ of initial image.

i = r*[iPcos* (¢ — @) +sin*(¢p — )] (5.10)

¢, = arccos {,ucos((p - @)/\/,u2 cos2(p — @) +sin*(p —O)| +O0  (5.11)

Let the paraboloid of revolution with zero vertex coordinates be the object-
invariant core of image in its template state. Then, as it was discussed in the previous
section, the paraboloid of revolution becomes an elliptic paraboloid as a result of
transform Aj. According to the technique applied in Sect. 5.3, let us determine the
parameters O and yu of anisotropic scaling with respect to template state of image on
the base of analysis of correlation function of image with a weighting function of the
shape of elliptic paraboloid. Such weighting function presented in a plain polar
coordinate system with the coordinates r and ¢ will be described by Eq. 5.12, where
v is the direction of one of axes of elliptic section of paraboloid, M is the elongation
ratio of this section, and C| is an arbitrary constant that will be further skipped.
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F(r, ., M) = [Mrcos(o — )]* + [rsin(ep — Y))* + C (5.12)

The operands of correlation function (the image under analysis and the
weighting function of the form of elliptic paraboloid) should be described in a
common coordinate system, thus the following mathematical manipulations will be
accomplished. The Eq. 5.12 describes a paraboloid of revolution M-fold expanded
(or shrunk) in the direction . Thus, when the correlation function is calculated, the
brightness of image points may be “weighted” not by the values of template weighting
function (Eq. 5.12) but by the values of paraboloid of revolution, the points coordi-
nates of which started corresponding (as a result of mentioned above shrinking) to the
points coordinates of transformed (distorted) image under analysis. In such case,
the squared radius r% of the points of paraboloid of revolution will be expressed in
terms of coordinates of transformed image 7(ry, @) by the following formula:

B=r [Mzcosz(wl — ) +sin’(@; — ‘//)]

The last formula can be transformed to Eq. 5.13 keeping in mind Egs. 5.10 and
5.11:

7 =Pl cos’ (¢ — ©) +sin’(g — O)][M* cos(g; — ) + sin(g; — )]
ueos(p - 6)

=71 cos’ (@ — ©) + sin* (¢ — ©){M?[cos(© — )
\/,u2 cos? (¢ — @) + sin*(¢p — O)

o) sin(p — ©) °
Jicos(o— 0) +sin(p— 0)
+ [sin(@ — ¥) feos(e — 6)
\/uz cos2(¢p — @) +sin’(¢ — O)
+cos(@ — ) sin(o — ©) ?

\/uz cos2(¢p — @) 4 sin*(¢p — @)J
=2 [M*12 cos* (Y — @) cos’ (¢ — @) + M? sin*(y — O)sin*(¢ — O)
+ 2M?pcos(yy — @) sin(yfy — ©) cos(¢p — O) sin(gp — @) + sin’(f — O)p? cos*(¢p — O)
+ cos(f — @) sin*(p — O) — 2sin(Y — O)ucos(¢p — @) sin(p — O) cos(y — O)].
(5.13)

The Eq. 5.13 can now be transformed to Eq. 5.14:
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” :rz{ﬂzyz[l + cos(2y — 2@)][1 +cos(2¢p —20)] +MTZ - COS(2[/J -20)]
x [1 —cos(2¢p —20)] +—,u sin(2y — 20) sin(2¢ — 20) + [l —cos(2y — 20)]
X [1+cos(2¢ —20)] +%[1 + cos(2y — 20)][1 — cos(2¢ —20)]
- gsin(2x// —20)sin(2¢p —20)}
= é{MﬂP(l +cos[2() — O)] + cos[2(¢ — O)] + cos[2(y — O)] cos[2(¢ — O)])
+ M*(1 — cos[2( — ©)] — cos[2(p — O)] + cos[2(y — O)] cos[2(¢ — O)])
+ 2M*usin[2(y — O)]sin[2(@ — O)] + (1 — cos[2(y — O)]

+ cos[2(p — @)] — cos[2(¢ — O)]cos2(Y — O)]) + (1 + cos[2(Y — O)] — cos[2(p — O)]
~ cos2( — ©)]cos2(¢ — ©)]) — 2usin2(y — ©)]sin[2( — O)]}. (5.14)

The following replacements were applied for passing from Eqs. 5.13 to 5.14:

2sin(o)cos (o) = sin(20)
cos? (o) [ZCOSZ(OC) 1]/2 +1/2 = [cos(22) + 1] /2
1—cos?

sin® (o) = (o) = [1—cos(22)]/2.

Let us substitute into Eq. 5.14 the following formulae:

sin(a)sin(B) = [cos(a — ) —cos(x + B)]/2
cos(a)cos(f) = [cos(a— ) + cos(a+ f)]/2.
Then, Eq. 5.14 is transformed to Eq. 5.15:
3= é{cos[ 20 — O)|(M* 12 — M* — 1> 4+ 1) +cos2(p — O)]
¥ ML — M+ 2+ 1)+ (M2 + M2+ 12+ 1) + ;<c0s[ W — @)
+ cos2(y + @ = 20)) (M2 + M? — i — 1) + (cos[2(y — ¢)]
— cos2() + ¢ — 20)]) (M’ — 1)}
= {2cosf2(h — O)](12 ~ D ~ 1)+ 2cos[2(p - O)
X (1 = 1)(M? + 1) + 202 + 1) (M 4+ 1) + cos2(y — ¢)](u + 1)>(M* — 1)
+ cos2(y + ¢ —20)](u — 1)*(M* — 1)} .
(5.15)
Let us consider the correlation function of transformed image and weighting

function shown in Eq. 5.12, where Q is the definitional domain of image, and the
coordinates r; and ¢, are defined in Eqgs. 5.10 and 5.11:
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F—6) = / / T(01)F(r. .0 M)drd, (5.16)

Let us keep in mind that F(r,) = #, and let us use in Eq. 5.16 T(r, ¢) instead of
T(r;, @) because the weighting function F was recalculated to the coordinate
system of not transformed (not distorted) image. Then, Eq. 5.16 is presented in the
form shown in Eq. 5.17:

10 -0)= [[ 100 i colato it 17
M2 -

Leos2(26 — y — )] (u - 1)*

+
L l)iMZJrl)cos[Z((p—@)] (5.17)
2 _
+ cos2(0 — )L 2 — 1))
(M? +1)

1 (12 + 1)} drdg.

Five summands in the curly brackets in Eq. 5.17 can be considered as five
independent definite integrals. The fifth summand describes a constant term of
correlation function. The third summand does not depend on v, thus it also does not
depend on y — @. Therefore, only the first, second and fourth summands in Eq. 5.17
are informative because only they specify nontrivial mode of correlation function
fly — O). It can be easily seen that these summands contain only second harmonic
component with respect to angle w. The direction of anisotropic scaling can be
defined accurate within nz (where n is arbitrary integer value), which also corre-
sponds to second harmonic component. Thus, it may be supposed that the
parameters of harmonic summands of f{y — @) in Eq. 5.17 are unambiguously
connected with the direction @ of anisotropic scaling of image 7(r, ¢). The
parameters of harmonic summands of f{yy — @) may be also connected with the
angular position i of template weighting function shown in Eq. 5.12, which also is
defined accurate within nz. And the parameters of these harmonic summands also
can depend on the ratio ¢ of anisotropic scaling and on the parameter M of template
weighting function. Let us assume that using the anisotropic scaling with param-
eters @ and yu, the image can be transformed to such form that the correlation
function (Eq. 5.17) of this image with the template weighting function of the shape
of elliptic paraboloid would not contain any variable components. Let us consider
this state of image as its template form with respect to the transform of anisotropic
scaling. Then, @ and 1/u (or ® + 7/2 and w) will be the parameters of distortion A;
of image under analysis (see in Eq. 5.6). For checking the correctness of this
assumption, let us prove the following theorem:
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Theorem 2 Let us consider an arbitrary image having zero centroid coordinates
(the parabolic core of which has zero vertex coordinates), and the points of this
image have nonnegative (or nonpositive) brightness. Let us consider also the
weighting function of the shape of elliptic paraboloid having zero coordinates of
vertex and unlimited definitional domain. Then, there exists an anisotropic scaling
transform that brings the image in such state that the correlation function of the
image with the elliptic paraboloid by the parameter of their mutual rotation with
respect to coordinate origin is constant. The direction © and ratio u of such
anisotropic scaling can be calculated uniquely and are defined by Egs. 5.18-5.19,
where T(r, ) describes the brightness of image points in polar coordinate system, Q2
is the definitional domain of image, {r, ¢} are the radius and azimuth of image point.

_ 2 2
u=i¢” VETE b voTR (5.18)

@ = 0.5 tan '(C/B) + nn (5.19)
B= //QT(r, @)r* cos(2¢)drdg
C= //QT(r, @)r’ sin(2¢)drd o

D:// T(r, @)r*drde
Q

The proof of this theorem is rather cumbersome, thus it is not shown here,
however it can be found in [20]. Thus, according to Theorem 2, the parameters of
anisotropic scaling Aj are also determined in analytical form, and Aj; can be
compensated. Now it is possible pass to determining the parameters of transfor-
mations Ay, As, U Ag of specular reflection, isotropic scaling, and rotation.

5.5 Determining the Parameters of Isotropic Scaling
of Image

The transforms A5 and AgA, are the normal divisors of the group of similarities that
is a subgroup of the group of plain AT. The transform A5 of isotropic scaling does
not depend on angular coordinates of image points and does not influence the
results of transforms Ag and Ay, thus the parameter M of transform

M 0
s (0 )



148 V. Lutsiv

can be determined based on image projection upon a subspace invariant to rotation
and specular reflection (upon the radius of polar coordinate system [23]). The 1D
projections of images upon the radius also have an object-invariant core-the qua-
dratic parabola (corresponding to cylindrical paraboloid being a partial case of
Eq. 5.7). The M-fold isotropic scaling of image causes the M-fold scaling of posi-
tion of each point of its projection upon the radius, thus the coordinate of centroid
of projection also is M-fold scaled. The position of centroid can be found using the
technique presented above in the Sect. 5.3-by searching for extremum of correla-
tion function of image projection and template weighting function. In this case, the
weighting function is a function of a single argument, it is a quadratic parabola. The
Eq. 5.9 calculating the Cartesian coordinates of centroid can be presented as a
function of single argument. Then, the coefficient M of isotropic scaling of image
can be determined using Eq. 5.20, where T(r, ¢) is the brightness of point of image
having zero centroid coordinates in the polar coordinate system, €2 is the defini-
tional domain of image in this coordinate system, {r, ¢} are the radius and azimuth
of image point in this coordinate system.

gw T(r, (p)drdgo/gT(r,(p)drd(p

G

M:

(5.20)

In this case, the coefficient of isotropic scaling is determined by calculating the
centroid displacement ratio with respect to its template position G for image pro-
jection upon the radius of polar coordinate system.

Thus, the coefficient M of isotropic scaling As also is determined in analytical
form, and it is possible to pass to determining the parameters of rotation Ag and
specular reflection Ay.

5.6 Determining the Parameters of Rotation and Specular
Reflection

The rotation A of image with respect to coordinate origin and the specular reflection
A, with respect to a straight line passing through the coordinate origin in Cartesian
coordinate system do not change the radial coordinates of image points in polar
coordinate system. Thus, the parameters of Ag and A, also can be determined using
an image projection upon a subspace invariant to radial coordinate changes—upon a
circle, i.e. upon the azimuthal coordinate of polar coordinate system. However, the
azimuthal coordinate varies cyclically, thus the 1D object-invariant parabolic tem-
plate functions having unlimited definitional domain cannot be applied in this case.
The narrow-band cyclic weighting functions and cyclic object-invariant image cores
should be analyzed. The harmonic components of Fourier spectrum calculated
for azimuthal projection of image are the good examples of such cyclic cores.
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In particular, the angular position of image projection upon a circle is unambigu-
ously defined by the phase of first component of Fourier spectrum of this projection.
If the first harmonic component is insufficiently strong, the angular position of
projection is unambiguously defined by the phases of any two spectral components
having aliquant numbers. This property of projection of image upon a circle is a base
of several well known methods of determining of image rotation, see e.g. in [24].
Besides, the analysis of several such harmonic components enables also detection of
image specular reflection with respect to straight line passing through coordinate
origin [24]. It can be easily understood (see, e.g. in [20]) that this technique of
determining the parameters of rotation and specular reflection also corresponds to
the image analysis technique based on inspection of correlation function of pattern
under analysis with object-invariant templates (just this technique was applied in
previous sections). Really, the Fourier transform can be considered as result of
analysis of correlation function of template sinusoids with a pattern being inspected.

As an example of practical implementation of this technique, let us consider a
method of determining the parameters of rotation and specular reflection on the
base of analysis of three neighboring Fourier harmonic components that was pro-
posed in [20]. Let the observed phase ¢, of kth spectral component of image
projection on a circle be described by Eq. 5.21, where i, is the number of not
observable full cycles of kth harmonic component (i = 0, 1, ..., k — 1), ¢ is the
parameter of specular reflection (¢ = —1, if the specular reflection really occurred,
otherwise ¢ = 1), y; is the phase of kth harmonic component in the projection of
image having template orientation, ¢ is the unknown rotation angle of image being
recognized.

O + 21y = e + ko (5.21)

The similar formulae (Egs. 5.22-5.23) can be given for two spectral components
having neighboring numbers with conditions (Egs. 5.24-5.25).

¢, +2ni, = ey, +ne (5.22)
P+ 21 iy = &, + me (5.23)
k—m=1 (5.24)
k—n=—1 (5.25)

Here and in the further steps of analysis, it is supposed (without loss of gen-
erality) that the reflection is accomplished with respect to a straight line having zero
inclination angle. Let us subtract Eqs. 5.22 and 5.23 from Eq. 5.21. It will result in
the simultaneous linear equations that can be easily solved with respect to ¢ and ¢ as
it is shown in Eqs. 5.26-5.27.
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b= O — Py — S(lpk - lpm) (526)
&= (Z(Pk - Pp — (pm)/(zlpk - lpn - lpm) (527)

The following substitutions were applied for getting the solution: k — m = 1,
k—n=-1,2xn@G, — i, =0, 2z(i, — i,,) = 0. The last two substitutions are correct
because it may be considered that the rotation angle ¢ € [0;2x), thus the difference
of numbers of not observable full cycles is zero for the harmonic components
having neighboring numbers.

One can encounter the cases, when strong enough harmonic components, satis-
fying the demands shown in Eqgs. 5.24-5.25 do not exist in the spectrum of image
projection upon the circle. Some different solutions are possible in such cases [24],
however the method of determining the parameters of rotation and reflection
described above worked satisfactory in numerous practical experiments.

Thus, the described in this section method of determining the parameters of
rotation and reflection also proceeds within the frameworks of general technique
proposed in this chapter. It is based on analysis of narrow-band object-invariant
cores contained in images. A method of estimating the parameters of rotation and
reflection based on image core of parabolic form also was proposed. The interested
readers can find this information in [25].

5.7 Iterative Compensation and Estimation of Full
Projective Transform

Let us pass to analysis of the rest part of PT. This part has not yet been considered,
and it corresponds to denominators of Eq. 5.1. The plain PT is described by the
mathematical expressions Egs. 5.28-5.29 connecting the coordinate vectors X =
(x,y)" of initial images with coordinate vectors X' = (x',y')" of transformed ima-
ges, where ay, ..., ag are the parameters of AT described in Eq. 5.1, while the
parameters a; and ag describe the nonlinear part of PT.

x,_a1x+a2y+a3_a1x+a2y+a3

= (5.28)
azx +agy + 1 X-P+1

, _asx+asy+as  asx +asy +ae

== (5.29)
azx +agy + 1 X-P+1

It can be seen in Eqgs. 5.28-5.29 that the denominator of formulae of PT can be
expressed in terms of scalar product X - P of the vector of Cartesian coordinates of

image point and vector P= (a7, ag)T of parameters. Here and in the text presented
below, the transform corresponding to denominators of Eqs. 5.28 and 5.29 will be
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mentioned as Nonlinear part of Projective Transform (NPT) because this is a part of
transform that differs the full PT from linear AT.

The PT is nonlinear with respect to parameters of its denominator, thus the
vector P of its parameters could not be determined in analytical form as it was done
for the parameters of AT. And moreover, the NPT causes the displacements of
image centroid and disturbs the results of image normalization with respect to other
parts of AT, while the AT substantially influences the results of NPT, if the last one
follows the AT. Thus, it turned out to be impossible to separate the procedures of
determining and compensation of AT and NPT (as it was done above for the simple
parts of AT). The problems of determining the parameters of AT and NPT should
be solved in a complex way keeping in mind their interaction.

The problem is solved based on iterative optimization of solution in the space of
parameters a; and ag. The solution method proposed in this chapter exploits the
specific property of NPT: in contrast to AT, the PT causes rearrangement of image
points with respect to image centroid. It can be easily shown analytically in the
following way. Let us present Eq. 5.28 in the form shown in Eq. 5.30, where a

corresponds to the numerator of Eq. 5.28, | - | means absolute value, f§ = X.P.

X = o/ (1 +sign(B) - |Bl) (5.30)

Let (for definiteness) the vector P be antiparallel to abscissa axis, i.e. its scalar
product with the unit vector of abscissa axis is negative. Let the image centroid has
zero coordinates. If 8 # 0, the points x' = a/(1 — |f]) are situated to the right from the
ordinate axis and the points x" = o/(1 + |f]) are situated to the left from the ordinate
axis. Using simple mathematical manipulations, it is easy to show that
al(1+|B]) — a/1 <0, a/(1 = |f)) — a/1 > 0, and |a/(1 + |B]) — a/1]| < |e/(1 — |B]) — a/1].
Therefore, the negative abscissas of image points will decrease in absolute value,
and the positive abscissas of points will increase in their absolute values as a result
of NPT corresponding to assumed direction of P. This will cause a displacement of
centroid to the domain of positive abscissas. The changes of positive abscissas are
larger in absolute values than the changes of negative abscissas. The larger are the
positive abscissas of points, the faster is their movement resulting from this NPT,
and the stronger is “rarefying” of their coordinates. At the same time, the larger are
the absolute values of negative abscissas, the stronger is “concentration” of absolute
values of coordinates. Thus, when the centroid displacement resulting from such
NPT is compensated, there will become more image points to the left of ordinate
axis (this part of image becomes more “massive”), but these points will have in
average smaller absolute values of abscissas than the abscissas of points to the right
of ordinate axis. Such reasoning would be also correct for any other direction of
vector P of parameters of NPT because all such cases may be reduced to the
considered partial situation by means of rotation of coordinate system.

Let us consider an arbitrary image having zero centroid coordinates. Let us divide
the image into two semi-images by an arbitrary straight line passing through coor-
dinate origin. The semi-images can be considered as two halves of dipole having the
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masses M, and M, located at centroids of semi-images being at the distances L, and
L, from coordinate origin. The dipole is balanced with respect to centroid of the
whole image, however it is asymmetric, i.e. ML, = M,L,, but M # M, and L, # L,.
Let L, > Ly, and let the ratio L,/L; be maximum in the direction @. Then, the image
can be presented as a dipole oriented along the direction @, and this dipole may be
described with a vector L having the length L,/L, and directed along the longer arm
L, of dipole. Let the case corresponding to Eq. 5.31 be the template state of image
(with respect to NPT)

My =M, L =L, (5.31)

In such state, the dipole is symmetric and balanced with respect to image cen-
troid for any direction of straight line dividing the image into two semi-images, i.e.
|IL|| = 1 for any direction ® of dipole arms. A circle centered at coordinate origin
can be an example of template image.

As it was shown above, if any NPT having the vector P of parameters a; # 0
and/or ag # 0 was applied to image of circle, then it rearranges the circle points with
respect to its centroid, thus the condition presented in Eq. 5.31 will be violated, and
the centroid of image will be displaced. The rotation of vector P will cause the
rotation of direction of centroid displacement, but the value of displacement will
remain constant. Thus, if some time in the past, an image of circle centered with
respect to coordinate origin was subjected to NPT with parameters P, and its
centroid was brought again to coordinate origin, then the present image of trans-
formed circle will correspond to asymmetric dipole for which ||L|| > 1. Now, let us
apply to this transformed image of circle an additional “testing NPT with rotating
vector 13, of parameters. In such case, different directions of f’, will cause different
absolute values of displacement of centroid of image. The “velocity” of displace-
ment will be maximum for some direction @ = @, of vector f’,, and in the case of
image of circle, @,,,x corresponds to the direction of vector P of parameters of NPT
applied to the circle in the past. For understanding of this statement, remember that
the circle is absolutely symmetric, thus the image of circle subjected to NPT may be
considered as dipole of the same length for any direction of vector P. Now, let us
prove the following lemma.

Lemma 2 Let us consider a case, when some NPT having the vector P, of
parameters is applied to an asymmetric dipole with zero coordinates of centroid
(the dipole is balanced with respect to coordinate origin), and the direction of P, is
antiparallel to the direction © of dipole. Then, the displacement of centroid of
dipole subjected to such NPT will be larger in absolute value than the displacement
corresponding to the case, when the direction of B, is parallel to the direction O of
dipole.

The proof of Lemma 2 is presented in Appendix 1.
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It can be seen from the proof of Lemma 2 that the more is the coefficient N of
asymmetry of dipole,—the more is the difference of centroid displacements corre-

sponding to oppositely directed vectors P, of NPT parameters.

The statements presented above are correct for image of circle, however the real
images have more complicated spatial distributions of brightness of pixels that are
asymmetric in general case. For showing the correctness of results of Lemma 2 for
arbitrary real pictures, let us assume that there was an arbitrary image having
initially a template state satisfying the condition presented in Eq. 5.31, and this
image was subjected to some NPT. Then the centroid of this image was brought to
coordinate origin, thus this image became an asymmetric dipole balanced with
respect to coordinate origin and oriented along the abscissa axis. The right arm of
dipole has the length L,, and it is N times longer than the left arm (M, = NM,,
L, =NLy, N> 1). It would be logical to try to prove a supposition that such arbitrary
image could be presented as a set of balanced asymmetric dipoles oriented along the
abscissa axis. A particular case of such proof was considered in [26], where each
arm of each dipole was composed of a single pixel or of a single subpixel, and
where for each dipole, the conditions M; = NM,, L, = NL; were satisfied for a
constant (through the whole set of dipoles) N > 1. It should be explained that, in
[26] as well as in the proofs presented below, a pixel is sometimes presented (for
the needs of proving) as a kind of material body having the mass equal numerically
to pixel brightness (energy). This body is considered as aggregation of subpixels
each having the same coordinates equal to coordinates of this pixel, while the sum
of individual masses of these subpixels is the mass of the whole body (equal to
energy of pixel). Thus, in the text below the parts of such aggregation corre-
sponding to “subpixels energy” are referred to as ‘“subpixels” or “subpixels”.
However, the restricted partial case of proof considered in [26] is not good for
arbitrary images. In more general case, an arbitrary image can be presented as a set
of balanced dipoles having constant ratio N of arm lengths, and it can be done in
two following ways:

e The right arm of dipole is composed of a single pixel or of a subpixel situated to
the right of ordinate axis (at the right) and having abscissa L and mass
(brightness) M. The left arm of dipole is composed of a single pixel or of a
subpixel or it is composed of several pixels or subpixels situated to the left of
ordinate axis (at the left). The centroid of this multitude of pixels or subpixels
has the abscissa [/ while the mass m of this multitude is localized at the point of
centroid.

e The left arm of dipole is composed of a single pixel or of a subpixel situated to
the left of ordinate axis (at the left) and having abscissa [ and mass (brightness)
m. The right arm of dipole is composed of a single pixel or of a subpixel or it is
composed of several pixels or subpixels situated to the right of ordinate axis (at
the right). The centroid of this multitude of pixels or subpixels has the abscissa
L while the mass M of this multitude is localized at the point of centroid.
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The Algorithm 1 presented below shows a possible way of such decomposition
for the image under consideration.

Algorithm 1

1. Choosing a pixel or subpixel (pixel-for simplicity of further consideration) not
considered and not marked yet with special flag at the left. The pixel has the
moment yg; = m - [ with respect to ordinate axis, where m and [/ are the mass
(brightness) and abscissa of this pixel, respectively. If such pixel was not found,
passing to the item 9, otherwise passing to the item 2.

2. Searching for a not considered yet pixel at the right (let the pixel found has the
abscissa L, mass M, and moment x, = M - L with respect to ordinate axis, where
M 2 m/N, L =-N - I). If such pixel was found, passing to the item 3, otherwise
passing to the item 5.

3. Equipoising the pixel taken at the left according to item 1 (it has the moment
1, =m - 1) by a pixel or subpixel found at the right according to item 2 (it has the
moment = —m - [ = —u).

4. If M = m/N, the pixel chosen at the left according to item 1 and pixel chosen at
the right according to item 2 entirely equipoise each other and are excluded
from further consideration. If M > m/N, a part of mass M| = m/N of the pixel
chosen at the right is excluded from further consideration together with the
pixel chosen at the left. The non-equipoised part of mass M, = M — M, of
the pixel chosen at the right is considered as a pixel remaining for further
consideration. The entire image remains balanced with respect to ordinate axis
and may be considered as a new dipole having the same ratio m/M,. = N of
masses and same ratio of arm lengths (L. = —N - [.). Passing to the item 1.

5. If no unconsidered yet pixels having abscissa L = —N - [ were found according
to item 2 because there were no such pixels with non-zero mass in image, then
it means that the pixel chosen at the left according to item 1 or its subpixel can
not be equipoised immediately by a single pixel or by a subpixel at the right
having abscissa L = —N - [. For resolving this problem, marking all pixels
having abscissa [ with a special flag and passing to the item 1, otherwise,
passing to the item 6.

6. Choosing an unconsidered yet pixel having abscissa L = —N - [ at the right (let
this pixel have the mass M and moment x, = M - L with respect to ordinate
axis). Such pixel will be found according to item 5. Passing to the item 7.

7. Equipoising the pixel taken at the right according to item 6 and having the
moment «, = M * L by a subpixel found at the left according to item 1 having
the moment yf = —u, = —M - L.

8. The pixel chosen at the right according to item 6 is excluded from further
consideration. The subpixel chosen at the left according to item 1 and having
the mass m; = M - N is excluded from further consideration, and only a non-
equipoised subpixel of this pixel having the mass m, = m — m; is further
considered. The whole image remains balanced with respect to ordinate axis
and may be considered as a dipole having the mass ratio m./M, = N and arm
lengths ratio |L./I. | = N. Passing to the item 1.
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9.

10.

11.

12.

13.

If no unconsidered pixels and no pixels not marked with special flag remain in
the image, then passing to the item 29. Otherwise, the multitude of marked
pixels non-equipoised yet in the items 1-8 composes asymmetric dipole bal-
anced with respect to ordinate axis. The pixels having positive abscissas
compose the right arm of dipole. The length L. of right arm corresponds to
centroid of the multitude of pixels having positive abscissas and aggregate mass
M.. The pixels having negative abscissas compose the left arm of dipole. The
length —/. of left arm corresponds to centroid of the multitude of pixels having
negative abscissas and aggregate mass m,.. L. = =N - I, M. = mJN. For
continuing the procedure of mutual equipoising of remaining pixels with
respect to ordinate axis, passing to the item 10.

Choosing an unconsidered yet pixel at the left having minimum in absolute
value negative abscissa. Let it has abscissa I, mass m, and moment x = m - [ with
respect to ordinate axis. If such pixel was not found, it means that all pixels had
been already considered and mutually equipoised; then passing to the item 29.
Otherwise, there should also remain some pixels at the right that could equipoise
the pixel found at the left.

If I # 1. (|N - I| # L.), then passing to the item 12. If [ = I (|N - I| = L.), then the
abscissa of pixel chosen at the left according to item 10 is equal to the abscissa
I of centroid of multitude of pixels situated to the left of ordinate axis. Thus,
according to the item 9, the chosen pixel can be equipoised by the multitude of
all unconsidered pixels or subpixels situated at the right, the mass of equipo-
ising subpixel of ith pixel at the right is M{ = M; - m/m,, where M, is the mass of
ith pixel at the right. The centroid of the multitude of pixels at the right has the
abscissa L. = —N - [. = =N - I. After such equipoising, the pixel chosen at the
left according to item 10 and having the mass m and abscissa [ is excluded from
further consideration. The pixels or subpixels at the right having the masses M
are excluded from further consideration. The remaining subpixels at the right
having the masses Mf’ = M; — M? are left for further consideration. The whole
image remains balanced with respect to ordinate axis and may be considered as
a dipole having the ratio m /M. = N of changed masses and arm lengths ratio
|L/l| = N. Passing to the item 10.

Searching for an unconsidered pixel at the right having minimum abscissa
L; < |N - I]. Let the pixel found have the mass M;, moment ,u?l =M, - L, with
respect to ordinate axis, and moment /1151 =M, - (L — L) with respect to the
straight line parallel to ordinate axis and crossing the abscissa axis at the point
L = |N - I|. If such pixel was not found, then it means that a pixel at the right
having abscissa L; > |N - [| exists, that could be used for equipoising the pixel
chosen at the left according to item 10 (the case L; = |N - I| was considered in
the items 1-8). Passing to the item 20 for analyzing such situation, otherwise
passing to the item 13.

Searching for a not considered yet pixel at the right having abscissa L, > |N - [,
let it have the mass M,, moment #92 =M, - L, with respect to ordinate axis, and
moment 1% = M, - (L, — L) with respect to the straight line parallel to ordinate
axis and crossing the abscissa axis at the point L = |N - I|. Such pixel should be
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found according to the following reasons. Let the multitude of unconsidered
pixels at the left have the abscissa [. of centroid and aggregate mass .. This
multitude is equipoised by the multitude of not considered yet pixels at the right
having the centroid abscissa L. = -m, * [/M. = —N - I., where M, is
the aggregate mass of pixels at the right. The pixel chosen at the left
according to item 10 has the minimum in absolute value negative abscissa [,
] < |i.| (the case [ = [. was considered in the item 11), and a pixel having
abscissa Ly < |[N - {| < |[N - 1] = L. was chosen according to item 12 for
equipoising it. Thus a pixel having abscissa L, > L. = |N - [.| > |N - I| exists in
the multitude of unconsidered pixels at the right.

If |[u%| > |u], the following sequence of operations is accomplished: choosing
the subpixel having the mass M5 = M, - (L — L)/(L, — L) belonging to the pixel
having the mass M, found according to item 13, while the subpixel having the
mass M5 = M, — M5 belonging to this pixel is left for further consideration;
choosing as a whole the pixel having the mass M{ = M, found according to item
12; passing to the item 17.

If |[ub| < |ub4], the following sequence of operations is accomplished: choosing
the subpixel having the mass M{ = M, - (L, — L)/(L — L;) belonging to the pixel
having the mass M, found according to item 12, while the subpixel having the
mass M} = M, — M{ belonging to this pixel is left for further consideration;
choosing as a whole the pixel having the mass M35 = M, found according to item
13; passing to the item 17.

If |ubs| = ||, choosing as a whole the both pixels having the masses M{ = M,
and M35 = M, found according to items 12 and 13, respectively, and passing to
the item 17.

If the condition M{ - L + M5 - L, = —m - [ is satisfied for the pixel having the
mass m chosen according to item 10 and for the pixels or subpixels having the
masses M{, M5 chosen according to items 14, 15, 16, then the following is
accomplished: these pixels or subpixels are considered as mutually equipoised
and excluded from further consideration (the whole image remains balanced
with respect to ordinate axis and may be considered as a dipole having the ratio
mJM,. = N of changed masses and ratio |L/l.| = N of changed lengths of arms);
passing to the item 10.

If the condition M{ - L, + M5 - L, < —m - [ is satisfied for the pixel having the
mass m chosen according to item 10 and for the pixels or subpixels having the
masses M{, M5 chosen according to items 14, 15, 16, then the following is
accomplished: the subpixel of mass m at the left having the mass
m“ = (M{ - Ly + M5 - L,)/|l| is equipoised by the pixels or subpixels having the
masses M{, M5 at the right; the mutually equipoised in this way pixels and
subpixels are excluded from further consideration (the whole image remains
balanced with respect to ordinate axis and may be considered as a dipole having
the ratio m./M_. = N of changed masses and ratio |L./ I.| = N of changed lengths
of arms); the subpixel of mass m” = m — m“ of the pixel at the left remains for
further consideration; passing to the item 10.
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19.

20.

21.

If the condition M{ - L, + M5 - L, > —m - [ is satisfied for the pixel having the
mass m chosen according to item 10 and for the pixels or subpixels having the
masses M{, M5 chosen according to items 14, 15, 16, then the following is
accomplished: the pixel at the left having the mass m is equipoised by the
subpixels at the right having the masses M| = k - M{ and M5 = k - M5, where
k=-m-lI/(M{ - Ly + M3 - L,); the equipoised pixel at the left having the mass
m is excluded from further consideration; the subpixels at the right having the
masses M{ and M5 are excluded from further consideration (the whole image
remains balanced with respect to ordinate axis and may be considered as a
dipole having the ratio m/M, = N of changed masses and ratio |L./l| = N of
changed lengths of arms); the subpixels at the right having the masses
M{ = MY — MS and MY = M5 — M5 remain for further consideration (the
subpixels at the right having the masses M? and M5 that were left for further
consideration according to items 14 and 15 also should not be forgotten);
passing to the item 10.

Searching for a not considered pixel at the right having minimum abscissa
L, > —N - I. Such pixel exists because no pixels having abscissas satisfying the
condition L; £ —N - [ were found according to item 12, while at least one pixel
should be found at the right for equipoising the pixel chosen at the left
according to item 10. Let the pixel found at the right have the mass M, and
moment 10 = L, - M, with respect to ordinate axis. The pixel having abscissa
I chosen at the left according to item 10 will have the moment /% = (I + L,/
N) - m with respect to the straight line parallel to ordinate axis and crossing the
abscissa axis at the point —L,/N.

Let the multitude of unconsidered yet pixels at the left have the centroid
abscissa [. and aggregate mass m,.. This multitude at the left is equipoised by
the multitude of unconsidered pixels at the right having the centroid abscissa
L.=-m. - l/M.=—N - l., where M, is the aggregate mass of multitude of
pixels at the right. If L, # [N - 1|, passing to the item 22. Otherwise, L, =
|N - 1|, which means that the abscissa of pixel found at the right according to
item 20 is N-fold larger in absolute value than the abscissa of centroid of the
whole multitude of not considered yet pixels at the left. As the multitude of
pixels at the left is equipoised by the multitude of pixels at the right, the
abscissa L, is equal to the centroid abscissa of unconsidered pixels at the right,
i.e. L, = L. Thus, for equipoising the pixel having abscissa L, that was found at
the right according to item 20, the subpixels of every (ith) pixel are chosen
at the left having the masses m{ = m; - Mo/M_, where m; is the mass of ith pixel
at the left, M. is the aggregate mass of all unconsidered yet pixels at the right.
After such juxtaposing, the pixel chosen at the right according to item 20
having the mass M, and abscissa L, is considered to be equipoised and is
excluded from further consideration. The subpixels at the left having the masses
mj are equipoised and excluded from further consideration. The whole image
remains balanced with respect to ordinate axis and may be considered as a
dipole having the ratio m/M, = N of changed masses and ratio |L/I| = N of
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changed lengths of arms. The subpixels at the left having the masses
mf»’ = m; — m§ remain for further consideration. Passing to the item 10.
Searching for an unconsidered pixel at the left having abscissa I, < —L,/N
(|lz| > Lo/N). Let the pixel found have the mass m,, and let its moment with
respect to ordinate axis be y?z =my - I, and its moment with respect to a straight
line parallel to ordinate axis and crossing the abscissa axis at the point —L,/N be
,u,L22 = my - (L + Ly/N). Such pixel should exist according to the following
reason. Let the multitude of unconsidered pixels at the left have the centroid
abscissa /. and aggregate mass m.. This multitude at the left is equipoised by
the multitude of unconsidered pixels at the right having the centroid abscissa
L.=-m. - I/M.=—N - I, where M, is the aggregate mass of unconsidered
pixels at the right. The pixel chosen at the right according to item 20 has the
minimum (among all pixels at the right) positive abscissa L, < L. = =N - [,
(the case of L, = L.=—N - . was considered in the item 21), and a pixel having
the mass m and abscissa [ (|I| < Lo/N < L/N = |I.|) was chosen according to item
10 for equipoising it. Thus, a pixel having abscissa |l,| > |I.| = L/N > L,/N (i.e.
I, <1.=-L.J/N < —L,/N) should exist in the multitude of unconsidered pixels at
the left.

If |ui| > |uf?, then accomplishing the following sequence of operations:
choosing a subpixel of mass m5 = m - |l + Lo/N|/|l, + Ly/N| of the pixel having
the mass m, found according to item 22, while the subpixel having the mass
mg =m, — mj of this pixel is left for further consideration; taking as a whole the
pixel of mass m“ = m chosen according to item 10; passing to the item 26.
If |uf5'| < |ut?], then accomplishing the following sequence of operations: taking
the subpixel having the mass m® = m, - |l + Lo/NJ/|l + Ly/N| of the pixel of mass
m chosen according to item 10, while the subpixel having the mass
m” = m — m“ of this pixel is left for further consideration; taking as a whole the
pixel of mass m5 = m, found according to item 22; passing to the item 26.

If |uf5’| = |uf|, then accomplishing the following sequence of operations: taking
as a whole the both pixels having the masses m® = m and m5 = m, found
according to items 10 u 22; passing to the item 26.

If the condition m® - [ + m5 - I, = —M, - L, is satisfied for the pixel of the mass
M, found according to item 20 and for the pixels or subpixels having the
masses m“ and m5 chosen at the left according to items 23, 24, 25, then the
following sequence of operations is accomplished: these pixels and subpixels
are considered as mutually equipoised and removed from further consideration
(the whole image remains balanced with respect to ordinate axis and may be
considered as a dipole having the ratio m./M_. = N of changed masses and ratio
|L/l| = N of changed lengths of arms); passing to the item 10.

If the condition M, - L, > |m® - [+ m§ - I,| is satisfied for the pixel of the mass
M, found according to item 20 and for the pixels or subpixels having the
masses m® and m5 chosen at the left according to items 23, 24, 25, then the
following sequence of operations is accomplished: equipoising the subpixel of
mass M5 = [m® -1+ m§ - h|/L, of the pixel of mass M, at the right by the
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pixels or subpixels at the left having the masses m“ and m§ and excluding these
mutually equipoised pixels and subpixels from further consideration (the whole
image remains balanced with respect to ordinate axis and may be considered as
a dipole having the ratio m./ M. = N of changed masses and ratio |L./l| = N of
changed lengths of arms); the subpixel of the mass M5 = M, — M4 at the right
is left for further consideration; passing to the item 10.

28. If the condition M, - L, <|m® - I+ m§ - 5| is satisfied for the pixel of the mass
M, found according to item 20 and for the pixels or subpixels having the
masses m® and m5 chosen at the left according to items 23, 24, 25, then the
following sequence of operations is accomplished: equipoising the pixel having
the mass M, at the right by the subpixels at the left having the masses
m" =k m"and m§ =k - m4, where k = M - L, /|m“ - | + m§ - I|; the mutually
equipoised pixel of mass M, at the right and subpixels having the masses m®
and m at the left are excluded from further consideration (the whole image
remains balanced with respect to ordinate axis and may be considered as a
dipole having the ratio m/M,. = N of changed masses and ratio |L/I| = N of
changed lengths of arms); the subpixels having the masses m? = m* — m* and
mé = m§ — m at the left remain for further consideration (also the subpixels at
the left having the masses m” and mg left remain for further consideration
according to items 23 and 24); passing to the item 10.

29. The end of the algorithm. Every pixel or subpixel at the left of ordinate axis was
equipoised by a single pixel or by several pixels or subpixels at the right of
ordinate axis. Every non-equipoised pixel or subpixel at the right of ordinate
axis was equipoised by a single pixel or several pixels or subpixels at the left of
ordinate axis.

The Algorithm 1 described above enables presenting any image having zero
centroid coordinates as a multitude of simple dipoles balanced with respect to one
and the same straight line passing through the coordinate origin, and all these
dipoles have the same ratio N of arm lengths. However, one of the arms of such
dipoles may not composed of a single pixel or subpixel, but of several pixels or
subpixels having differing coordinates. The presented above proof of Lemma 2 is
not valid in such case because it stipulated that the mass of each arm of dipole was
concentrated in a single pixel. The Lemma 2 concluded that there is a difference of
displacements of centroid of asymmetric dipole resulting from oppositely directed
NPT. Let us show, what conditions should be satisfied for keeping valid the con-
clusions of Lemma 2 for the following more complex cases of dipole composition
considered in Algorithm 1:

e The right arm of dipole is composed of a single pixel or of a subpixel situated to
the right of ordinate axis (at the right) and having abscissa L and mass
(brightness) M. The left arm of dipole is composed of a single pixel or of a
subpixel or it is composed of several pixels or subpixels situated to the left of
ordinate axis (at the left), and the centroid of this multitude of pixels or
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subpixels at the left has the abscissa [ while the mass m of this multitude is
localized at the point of centroid.

e The left arm of dipole is composed of a single pixel or of a subpixel situated to
the left of ordinate axis (at the left) and having abscissa / and mass (brightness)
m. The right arm of dipole is composed of a single pixel or of a subpixel or it is
composed of several pixels or subpixels situated to the right of ordinate axis (at
the right), and the centroid of this multitude of pixels or subpixels at the right
has the abscissa L while the mass M of this multitude is localized at the point of
centroid.

Keeping in mind these two dipole configurations, two versions of conditions will
be considered that should be satisfied for correctness of the following statement: if
an NPT described with vector P, of parameters is applied to asymmetric dipole,
then the absolute value of displacement of centroid of asymmetric dipole in the
case, when the direction of P, is antiparallel to the direction of dipole is larger, than
in the case, when the direction of 13, is parallel to direction of dipole (where
direction of dipole is the direction of its longer arm). This consideration will be
accomplished in the form of proofs of two lemmas presented below. For conve-
nience of description, a particular case will be considered corresponding to dipole
lying on abscissa axis, which could be extended to any general case by simple
conversion of coordinate system.

Lemma 3 Let a dipole lying on abscissa axis exist and be balanced with respect to
ordinate axis. Let the left (shorter) arm of this dipole correspond to a single pixel or
subpixel lying to the left of ordinate axis (at the left) and having the absolute value |
of abscissa and mass (brightness) m. Let the right arm of dipole be N-fold longer
than the left arm (N > 1) and correspond to a multitude of two pixels or subpixels at
the right having the differing masses M; and M, and abscissas L; and L,
(Ly > L>L;), while the centroid of these pixels at the right has the abscissa L =N -1
and aggregate mass M = m/N concentrated at centroid. Then, there exists an
arbitrarily small in absolute value vector P, of parameters of NPT formed according
to Egs. 5.28-5.29, oriented along the abscissa axis and having the following
properties: if B, is parallel to abscissa axis, then the displacement of dipole centroid
caused by such NPT is smaller in absolute value than the centroid displacement

caused by NPT corresponding to vector B, antiparallel to abscissa axis.

The proof of Lemma 3 is presented in Appendix 2.

Lemma 4 Let a dipole lying on abscissa axis exist and be balanced with respect to
ordinate axis. Let the left (shorter) arm of this dipole correspond to a multitude of
two pixels or subpixels situated to the left of ordinate axis (at the left) and having the
masses (brightness) M; and M, and the abscissas differing in the absolute values L;
and L, (L, > L > L;). The centroid of multitude of pixels at the left has the abscissa L
and mass M = M; + M, concentrated at the point of centroid. Let the right arm of
dipole be 1/N times longer than the left arm (0 < N < 1). The right arm corresponds
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to a single pixel or subpixel situated to the right of ordinate axis (at the right) and
having the abscissa | = L/N and mass m = M - N. Then, an arbitrarily small in
absolute value vector P, of parameters of NPT formed according to Egs. 5.28-5.29,
oriented along the abscissa axis and having the following properties, exists: if P, is
parallel to abscissa axis (is directed along the longer arm of dipole, is parallel to
dipole), then the displacement of dipole centroid caused by such NPT is smaller in
absolute value than the centroid displacement caused by NPT corresponding to
vector P, antiparallel to abscissa axis (antiparallel to dipole).

The proof of Lemma 4 is presented in Appendix 3.

Remark The Lemmas 3 and 4 consider the dipoles, one arm of which is composed
of a single pixel or its subpixel, while the other arm is composed of two pixels or
their subpixels. However, a quite different case is considered in the items 11 and 21
of Algorithm 1: a single pixel F or its subpixel situated in one semi plane with
respect to ordinate axis is balanced with a multitude f = {f;,i = 1...n} of subpixels
situated in the opposite semi plane, and the size of this multitude is larger than 2 in
general case. However, it can be easily shown (see e.g. in [26]) that the multitude
fcan be presented as a set of pairs {f{,f/, k =1...n, = 1...n, k # [} of subpixels
or their sub-parts balanced along the abscissa axis with respect to the point of
centroid of this multitude. Then, each pair {f{,f; } situated in one semi plane can be
balanced (with respect to the ordinate axis) with some subpixel Fj; of pixel F or
of subpixel F situated in the other semi plane. Thus, the Lemmas 3 and 4 will also
provide the correctness of the items 11 and 21 of Algorithm 1.

It was proven in the Lemmas 2, 3, 4 that if some testing NPT was applied to a
symmetric dipole deformed initially by some other NPT, then the dipole centroid
displacement caused by testing NPT was larger in the case, when the testing and
initial NPTs were parallel, as compared with the case, when these two transforms
were antiparallel. The proving was accomplished for the case, when the “masses” of
each of arms of dipole were concentrated in one or two image points. Here and in
the further discussion, the direction of vector P of parameters of the NPT is also
referred to as the direction of this NPT. According to Eqgs. 5.28-5.29, the dipole
displacements orthogonal to direction of NPT do not influence the presented above
results. It should be only provided that the dipole centroid would not be displaced
with respect to coordinate origin along the direction of dipole.

Let us consider an arbitrary 2D image having zero coordinates of centroid, and let
us present this image as a multitude of balanced asymmetric simple dipoles. Let
these dipoles have the same ratios of arm lengths in the direction of vector P, of
parameters of testing NPT, and let the centroids of dipoles be not displaced with
respect to coordinate origin in the direction parallel or antiparallel to P, as it was
shown in the Algorithm 1. Then, the proofs of Lemmas 2, 3, 4 will be true for every
simple dipole composing the image and for the whole image, if this image has
restricted definitional domain and zero abscissa of centroid. In the general case of
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arbitrary 2D image, the direction of asymmetric balanced dipole corresponding to it
may not coincide with the direction of abscissa axis. However, according to the
Lemma 2, the more is the asymmetry of dipole in the direction of testing NPT,—the
more will be the difference of dipole centroid displacement velocities in the direc-
tions parallel and antiparallel to testing NPT. It is correct for any dipoles considered
in the Lemmas 2, 3, 4, thus it will be correct for the whole images composed of such
dipoles. Therefore, by means of rotating the vector B, of parameters of testing NPT,
the direction of P, corresponding to maximum difference of displacement velocities
can be found, and this direction will coincide with the direction of image dipole
having maximum coefficient N of asymmetry.

At the beginning of this section, it was demonstrated using Eqgs. 5.28-5.29 that
any NPT results in rearrangement of image points with respect to the point of its
centroid. If an initial image corresponded to symmetric balanced dipole, i.e. if the
condition presented in Eq. 5.31 was satisfied, then this condition would be violated
as a result of any NPT applied to image. Then, the transformed image would
correspond to an asymmetric dipole the direction of which (the direction corre-
sponding to the maximum value of coefficient N of its asymmetry) would not in
general case coincide with the direction of vector P of parameters of this NPT.
However, it can be concluded from Eqs. 5.28-5.29 that the direction of displace-
ment of pixels as well as the direction of maximum image “sparseness” occurring as
aresult of NPT always have nonpositive projection on the vector Pof parameters of
this NPT. This enables formulating the Lemma 5, the proof of which would create a
base for proving the convergence of iterative procedure of compensation of the
NPT described below with the Algorithm 2.

Lemma 5 Let us consider an image having restricted definitional domain. This
image corresponded initially to a symmetric dipole, but it started corresponding to
an asymmetric dipole as a result of some NPT (having vector of parameters P), and
the dipole is now balanced with respect to the origin of coordinates. Then, such
NPT (described with vector of parameters B, of nonzero length) exists that will
partially compensate the initial NPT (having parameters P) of this image. This

vector P, corresponding to compensating transform is parallel to the dipole of
image and is directed towards its longer arm.

The proof of this lemma is presented below in the Appendix 4. It is also shown
there that the procedure of compensation of NPT of image by sequential application
of compensating transforms having such vectors P, of parameters converges.
Besides, it is explained in Appendix 4 that for enhancing of convergence, it is worth
to determine in each iteration and compensate the constituent part A3 of AP of
image. The iterative procedure of compensation of NPT is formalized below in the
Algorithm 2.
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Algorithm 2

1. Determining and compensating the shifts A; and A, of image centroid with
respect to the origin of coordinates and the anisotropic scaling A3 of image as it
was described above in the Sects. 5.3 and 5.4.

2. Choosing the direction of vector B, of parameters of small compensating NPT (it
is such direction of NPT that image centroid displacement AC; caused by NPT
corresponding to B, differs maximally in its module from the displacement 4C,
corresponding to oppositely directed vector of NPT parameters). Estimating the
values of 4C; and 4C,, corresponding to chosen vector B,

3. Finishing the execution of algorithm, if |[AC,|— |4Cy||< <|4Cy| and
[|ACi| — |4C,]| < < |4C3|. Otherwise, accomplishing a partially compensating
NPT corresponding to the chosen vector B, of parameters and passing to the
point 1 of the algorithm (the designation | - | corresponds here to absolute value).

After finishing of iterative compensating Algorithm 2, it is possible to calculate
the parameters of initial PT of inspected image by means of sequential summation
of vectors of compensating transforms applied at each iteration, as it is also shown
in Appendix 4.

It is not difficult to see that the parameters a; and ag of PT were also estimated
on the base of analysis of object-independent kernel of image (see in Eq. 5.7).

5.8 Experimental Results

The described above Algorithm 2 was implemented in a software model and suc-
cessfully tested for compensation of the NPT of diversified images. Two examples
of normalization of images with respect to NPT and conjugated with it anisotropic
scaling are shown in Figs. 5.1-5.2. It can be seen in Fig. 5.1 that a distorted by NPT
square is brought to its template (symmetric) state as a result of such compensation.
Figure 5.2 shows an arbitrary figure that had initially a normalized form and then

Fig. 5.1 Compensation of

projective transform: chain
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Fig. 5.2 Compensation of projective transform: chain line with squares—initial image, dashed
line—distorted image, solid line—result of compensation of the NPT, chain line with circles—
result of compensation of other NPT (a distorted image is not shown for this case)
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Fig. 5.3 Directions of maximum difference of displacements of image centroid at different
iterations of compensation of its NPT

was distorted by two differing NPT. As a result of proposed iterative compensation,
the distorted figure is brought in the both cases to the same shape accurate within
isotropic scaling and rotation with respect to coordinate origin.

An example process for convergence of iterative algorithm of NPT compensa-
tion is presented in Fig. 5.3. Looking at this figure, it is interesting to note that there
was a type of stable symmetric bifurcation and trifurcation in the directions of
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Fig. 5.4 Values of displacement of image centroid for different directions of vector of parameters
of testing NPT: solid line—at initial iterations of compensation of NPT (left scale ruler); dashed
line—at final iterations of compensation of NPT (right scale ruler)

Fig. 5.5 Examples of objects automatically recognized at manufacturing plants using the
procedures of estimation and compensation of projective transforms proposed above

remaining error vector of NPT compensation: the remaining error vector accom-
plishes a kind of circulation around a target point. A graph of functional depen-
dency of the centroid displacement values for a real nonnormalized image on the
direction of testing NPT is shown in Fig. 5.4. It can be seen in Fig. 5.4 that initially
(for long vectors of parameters of noncompensated NPT) this functional depen-
dency has one period per full rotation cycle of vector of transformation parameters,
and there are points of maximum and minimum displacement corresponding to
opposite directions of vector of parameters. This case corresponds to the solid line
of graph and to the left scale ruler at ordinate axis in Fig. 5.4. The graph depicted in
Fig. 5.4 with dashed line corresponds to final iterations of compensation. The scale
of this graph along the ordinate axis is described by the right ruler. A real trifur-
cation is seen in this case: the centroid displacement has three maxima separated by
2m/3 per one rotation cycle of vector of transformation parameters. This second
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Fig. 5.6 Attention zones simulated using the proposed object-invariant image cores: a an image
of 3D scene, b a locally incorrect result of image segmentation using traditional tools, ¢ the
attention zones built based on brightness features

graph shows much smaller magnitude of variation of centroid displacement cor-
responding to negligibly small residual uncompensated NPT. The described above
experimental results proof the efficiency of proposed transformation estimation
technique.

Fig. 5.7 Attention zones simulated using the proposed object-invariant image cores: a, b a pair of
aerial photographs, ¢, d the attention zones built for these aerial photographs based on brightness
features
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Finally, it is interesting to note that a similar “method” of image analysis is
applied in human vision, in which the changes of surface inclination and related to
them NPT are determined from local velocity of texels recession [22].

As it could be forecasted, the proposed technique of image normalization turned
out to be rather efficient just in the tasks of automatic recognition of images sub-
jected to projective transforms. However, special observation conditions should be
provided in such cases: the visible images of objects should be considered as almost
plane, and the task of separation of object from background should be solved
sufficiently reliably. Such conditions can be rather efficiently ensured at manufac-
turing plants [20, 25]. A pair of images of such entirely plain and non-plain objects
that can be efficiently dealt with is shown in Fig. 5.5. The problem of separation of
object from background using the technique of attention zones is discussed below.

The technique of object-invariant cores turned out to be so universal that it was
successfully applied for texture cells description and texture recognition [27-30],
for simulation of attention zones in human vision [31, 32], and even for detection of
contour structural elements [25, 30], but these could be the themes of other
research. The examples of elliptic attention zones detected and described using the
proposed above parabolic object-invariant weighting functions are shown in
Fig. 5.6 (for image of 3D object) and Fig. 5.7 (for aerial photographs). The depicted
sizes of attention zones are specially decreased for avoiding their mutual screening.
It can be seen in Fig. 5.6 that application of technique of such attention zones solves
the problem of separation of undesirably fused adjoining image regions having
similar values of brightness, color, or texture features. The technique based on
attention zones was applied in [25, 30] for more efficient synthesis of multilevel
hierarchical image structural descriptions, and the problem of separation of object
from background in real images was also rather successfully solved there using the
attention zones technique.

5.9 Similar Results Reached by Other Authors

It is interesting to note that the formulae for determining of parameters of aniso-
tropic scaling could also be derived in other ways. In particular, Bradski gives in
[33] a formula for determining the directions of axes of ellipse approximating a
separated from background image. Bradski gives also the formulae for the length
and width of approximated in such way image and refers to Freeman et al. [34] for
more details of development of these formulae. The details of development of the
formula for direction of ellipse axes are presented by Jdhne in [35] (it is the 6th
edition of his famous book on digital image processing, but the similar information
could be also found earlier, e.g. in the 4th edition). The mentioned formulae for
orientation, length, and width of approximating ellipse were developed using the
technique of central moments. If the formulae for calculation of moments would be
substituted into the formulae proposed in [33] by Bradski, then the Egs. 5.18-5.19
developed in this chapter for the value and direction of anisotropic scaling could be
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easily obtained by simple mathematical manipulations. Thus, the other researchers
also independently succeeded in getting the formulae similar to those developed in
this chapter for determining some parameters of the AT.

A fundamentally different method of estimating the parameters of anisotropic
scaling of local image areas proposed by Baumberg [36] also should be mentioned.
In contrast to the methods of determining the parameters of image shape presented
in [33-35] and in this chapter, Baumberg estimates the parameters of anisotropic
scaling of image based on the anisotropy of texture. Baumberg considers that image
is normalized with respect to spatially anisotropic scaling, if its texture has statis-
tical parameters isotropic with respect to direction in image plane. This approach
could be accepted. However, it is not difficult to present real examples, in which the
texture has isotropic parameters while an object having such texture (e.g. an elliptic
object) is elongated in some direction. Thus, the method of estimating the
parameters of anisotropic scaling proposed in [36] could be supposed to have
restricted area of use.

5.10 Conclusion

The materials presented above demonstrate convincingly how the images of
compact objects separated from background can be transformed to an object-
invariant form, in which all generic-specific features are suppressed while the
parameters of geometric transform are still preserved. Then, the parameters of
projective transform can be estimated by means of comparison of such object-
invariant description with a template form common for all classes of objects. Thus,
the geometric transforms of images can be estimated based on object-invariant
image cores and compensated, and then the image can be recognized by any pattern
recognition techniques.

Acknowledgments This work was partially financially supported by the Government of Russian
Federation, Grant 074-UO1.

Appendices

Appendix 1. Proof of Lemma 2

Let us consider (for definiteness) the case, when the vector L of dipole coincides in
its direction with the abscissa axis, then the vector P of NPT parameters applied in
the past has the direction exactly opposite to direction of abscissa axis. Consider-
ation of this particular case will not violate the generality of consideration because
any other cases may be reduced to this one by rotation of coordinate system. Let M,
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be the mass (brightness) of left arm of dipole, let L; be the absolute value of
abscissa of the left arm, let M, be the mass of right arm, and let L, be the absolute
value of its abscissa. Then, M; = N M,, L, = N L;, N> 1. Let us apply to this dipole
an additional “testing NPT having the vector B, of parameters parallel to P
(antiparallel to abscissa axis). Let us designate P, = ||P;||. Then, as a result of the
additional NPT, the lengths of dipole arms will get the transformed values L] and
L), that, according to Eqs. 5.28-5.29, are calculated using Eq. 5.32.

Ly =L/(1+LP) L,=Ly/(1—LyP,) (5.32)

The increments AL; and AL, of coordinates of the dipole halves are then cal-
culated by Egs. 5.33-5.34.

ALy =Ly — L /(1 + L1P,) = LiP,/(1 + Li P,) (5.33)

ALy = Ly /(1 — LyP,) — Ly = L3P, /(1 — LyP)) (5.34)

Keeping in mind Egs. 5.33-5.34, the absolute value AC; of displacement of
abscissa of dipole centroid can be described with Eq. 5.35 that was derived using

the substitutions M; = N M, and L, = N L;.

AL M, + AL,M, NM,L2P,(1 + N)
AC) = = (5.35)
M, + M, (14 Ly P,)(1 — NL\P,) (M, + M,)

The Eq. 5.36 showing the absolute value AC, of displacement of abscissa of
centroid corresponding to opposite direction of vector P, was derived in similar way.

NM,L3P,(1+N)
(1= LiP,)(1 + NL\P,) (M, + M>)

4C, = (5.36)
Let us compare in Eq. 5.37 the absolute values AC; and AC; of displacements of

centroid corresponding to oppositely directed vectors P, (the symbol ~ means the
inequality of unknown sign).

NM,L3P,(1+N) NM,L3P,(1 + N)
(14+LiP)(1 — NLP,)(My +M,) (1 — LyP;)(1 + NLP,)(M, + M>)

(5.37)

Letus assume 1 —NL; P,>0and 1 — L; P,> 0, which is needed for ensuring
that the points of dipole would not move to infinity. Then, not violating the sign of
inequality, Eq. 5.37 is reduced to Eq. 5.38, which gives N ~ 1 after simple standard
mathematical manipulation.
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(1—LyP,)(1 + NLP,) ~ (1 + L P,)(1—NL P,) (5.38)

However, it was assumed above that N > 1, thus the displacement of dipole
centroid in the case, when the direction of 13, is antiparallel to the direction of dipole
(parallel to direction of P), is larger in absolute value than the displacement corre-

sponding to the case, when the direction of B, is parallel to direction of dipole (when
the testing NPT partially compensates the initial NPT). Thus, Lemma 2 is proven.

Appendix 2. Proof of Lemma 3

As it was described in the condition of Lemma 3, there exists a dipole lying on
abscissa axis, and it is balanced with respect to ordinate axis; the left (shorter) arm
of this dipole corresponds to a single pixel or subpixel lying to the left of ordinate
axis (at the left) and having the absolute value [ of abscissa and mass (brightness)
m. The right arm of dipole is N-fold longer than the left arm (N > 1) and corre-
sponds to a multitude of two pixels or subpixels at the right having the differing
masses M, and M, and abscissas L; and L, (L, > L > L), while the centroid of these
pixels at the right has the abscissa L = N - [ and aggregate mass M = m/N con-
centrated at coordinate of centroid. Now, let some NPT be described with a vector
P, of parameters that is antiparallel to abscissa axis (antiparallel to dipole), and let’s
designate ||I3,|| = P, then the abscissas of pixels composing the dipole will be
incremented as a result of such NPT by Eqgs. 5.39-5.41.

Al=1—1/(1+1-P) (5.39)
ALy =L;/(1-L, - P) — L, (5.40)
ALy = L,/ (1L, - P)—L, (5.41)

The increment of abscissa C, of dipole centroid caused by such NPT is described
by Eq. 5.42.

If the vector P, is parallel to abscissa axis (parallel to dipole), then the absolute
values of increments of abscissas of dipole pixels resulting from such NPT will be
described by Eqgs. 5.43-5.45.

Al =1/(1-1-P) —1 (5.43)

ALy =Ly —Li/(1+ Ly -P) (5.44)
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ALy = Ly—Ly /(1 + Ly - P) (5.45)

The absolute value of increment of abscissa C, of dipole centroid caused by such
NPT will be described by Eq. 5.46.

ACy = (Al -m+ AL} - My + AL, - Mp) /(m + M, + M>) (5.46)

For proving this lemma, it is necessary to compare the absolute values 4C; and
4C; of increments of abscissa of dipole centroid described by Egs. 5.42 and 5.46.
These formulae have equal nonnegative denominators, thus it would be sufficient to
consider the relation of numerators 4C, and AC, of Egs. 5.42 and 5.46. According
to Egs. 5.39-5.42, one can receive Eq. 5.47.

ACy =m-I-m-1/(1+1-P)+M,-L/(1-L; - P)

(5.47)
~My Ly +M,-Ly/(1—Ly - P)—M, - L,

Transforming Eq. 5.47 to common denominator and collecting the terms in the
numerator and denominator of fraction will result in Eq. 5.48.

e — Pl-Ly+l-Ly—1-Li-Ly - P—% Ly -Ly—%-1-Ly-Ly-P
VAL P—Li Pl L P =Ly P—1-Ly PP+L L P 1Ly Ly P3)/(P-m)
(5.48)

The replacements shown in Egs. 5.49-5.51 were applied in deducing of
Eq. 5.48.

LM +L,-My=L-M (5.49)
L-M=1-m (5.50)
My +M, =M =m/N (5.51)

According to Eqs. 5.43-5.46, Eq. 5.52 can be obtained.

ACy =m-1/(1 —=1-P)—m -1+ M, - L,

5.52
—My-Li/(1+ Ly -P)+ My - L,—M, - Ly /(1 + L, - P) (5:32)

Transforming Eq. 5.52 to common denominator and collecting the terms in the
numerator and denominator of fraction will result in Eq. 5.53.

s Pl-Li4+l-Ly+1-Li-Ly-P—%-Ly-Ly+%-1-Li-Ly- P
27(1—I'P+L1~P—1~L1'P2+L2~P—1~L2'P2+L1'LZ'P2—1~L1'LZ'P3)/(P‘m)
(5.53)
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The replacements presented in Eqs. 5.49-5.51 also were applied in deducing of
Eq. 5.53. Let us analyze the inequality shown in Eq. 5.54.

AC, ~ AC, (5.54)

Here, the symbol ~ of unknown inequality connects the absolute values of
centroid displacements calculated according to Eqs. 5.39-5.46 for the nonlinear
projective transforms corresponding to vectors B, of parameters antiparallel (at the
left) and parallel (at the right) to abscissa axis respectively. Let us replace AC; and
AC, in Eq. 5.54 with their values shown in Eqs. 5.48 and 5.53. Then, the both sides
of resulting inequality are divided by positive factor P - m and transformed to
common denominator by means of multiplying them by the denominators of
Egs. 5.48 and 5.53. The denominators of fractions in Eqs. 5.39-5.41, 5.43-5.45,
5.47, and 5.52 are positive (they may not approach zero, which would result in
infinity in transformed values), thus the denominators of Eqgs. 5.48 and 5.53 are also
positive. Thus, the mentioned above transformation to common denominator fol-
lowed by omitting of equal denominators of the both sides of inequality will not
change the sign of inequality shown in Eq. 5.54 and will transform it to the form
mentioned below:

1 1
l-L1~L2-P—l3-P+l~Lf-P—NLf-L2~P+le~Lf-L2~P3

1 1
+l~L§-P—ﬁL1 ~L§.P+N12.Ll~L§.P3—1.L§.L§~P3—l3~L1 Ly PP

1 1
~ = l~L1-L2-P+l3~P—l~L%vP+NL%-L;-P—N12~L%~LZ-P3

1 1
— 1-L§~P+NL1 ~L§-P—N12~Ll L3P+ PP+ P L Ly P
Finally, collecting the terms and dividing by positive P will result in Eq. 5.55.

1 1
l-Ll-L2+l-L%+l-L§+N12~L1~L§-P2+N12~L$-L2~P2

1 1
~l3+NL%-lQ+NL1-L%+I-L%vL§~P2+l3-L1~L2vP2

(5.55)

Let us choose P << 1. This would enable neglecting the terms containing P* in
Eq. 5.55, which corresponds in general to the described in this material strategy of
iterative compensation of NPT by means of applying the testing-compensating
projective transforms having small in absolute value vectors of parameters. Then
Eq. 5.55 will be transformed to Eq. 5.56.

1 1
z-Ll.L2+1.L§+1.L§~13+NL§-L2+NL1.L§ (5.56)
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First, let us consider the partial case shown in Eq. 5.57 also satisfying the
conditions of Lemma 3.

Ly>L=N-1>L;>I (5.57)
Let us fix [ = 1. This will not violate the generality of proof because it is possible

to pass to arbitrary permitted values of [ by simple scaling of coordinate system.
This results in Eq. 5.58.

Ly>L=N-1>L;>1 (5.58)
Thus, Eq. 5.56 will be transformed to Eq. 5.59.

1 1
Ll~L2+L%+L§~1+NL%-L2+NL1~L§ (5.59)

Let us compare the respective terms of the left and right parts of inequality
presented in Eq. 5.59:

Li-Ly > (1/N)L} - Ly = (Li/N)Ly - L (5.60)
because Li/N < 1 according to Eq. 5.58;
2>1 (5.61)
because L; = 1 according to Eq. 5.58;
L3> (1/N)-L;-13 = (L//N)-13 (5.62)

because L/N < 1 according to Eq. 5.58.
Thus, according to Eqs. 5.60-5.62 and the assumption presented in Eq. 5.57,

such value P << 1 for norm of vector P, of NPT parameters exists that the left part
of Eq. 5.56 would be larger than its right part. In other words, according to Eq. 5.54

the centroid displacement corresponding to vector B, antiparallel to abscissa axis

will be larger in absolute value than the displacement corresponding to vector B,
parallel to abscissa axis. Thus the Lemma 3 is proven for the particular case
specified in Eq. 5.57.

Let us consider now the alternative case, when the assumption presented in
Eq. 5.57 is not true. This corresponds to Eq. 5.63.

Li<I (5.63)

Let us fix L; = 1, which will give Eq. 5.64.



174 V. Lutsiv

I>1 (5.64)

This will not violate the generality of proof because it is possible to pass to
arbitrary permitted values of L; by simple scaling of coordinate system. Then,
Eq. 5.56 will get the form of Eq. 5.65.

1 1
l-lQ+l+l~L§~l3+ﬁL2+NL§ (5.65)
Collecting the terms in Eq. 5.65 and dividing the both parts of Eq. 5.65 by
positive (I — 1/N) will give Eq. 5.66. The term (I — 1/N) is positive because [ > 1
according to Eq. 5.64 and N > 1 according to conditions of lemma.

L+L+(1—-P)/(1-1/N)~0 (5.66)

The last term in the left part of Eq. 5.66 can be divided into two fractions, which
will give Eq. 5.67.

L+L+1—-F—1/N)/(I—1/N)~0 (5.67)

Let’s transform the last term of sum in the left part of Eq. 5.67 using the rule

¥ —a® = (x—a) - (x> + ax + a*) in the following way:

p_1 p_l/ps 17,5 1 1— N2
B 1/N:_ 1/N N : /N:_(lz+I/N+1/N2)_ N
1=y =l 1=N [-N> =N

Finally, this will result in the following Inequality (Eq. 5.68).

N2 —1
2 2 1 1
According to conditions of lemma, N> 1and L, >L=1-N>1, whilel > 1
according to Eq. 5.64. Thus the last fraction in the left part of Eq. 5.68 is positive,
and the contents of round brackets and square brackets in the left part of Eq. 5.68
are positive as well. Thus, Eq. 5.68 can be recorded in the form:

—1

TN N2 > 0.

L2+ L +1] - (12+’/N+ 1/Nz) +
Keeping in mind Eq. 5.54, it allows claiming (also in the case of alternative

assumption presented in Eq. 5.63) that the centroid displacement related to vector B,
antiparallel to abscissa axis is larger in absolute value than the displacement related

to P, parallel to abscissa axis. Therefore, Lemma 3 is proven in general.
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Appendix 3. Proof of Lemma 4

It is easy to see that the conditions of this lemma correspond to the conditions of
Lemma 3 proven above, but the following was changed:

1. The dipole arm composed of two pixels is situated now in the domain of
negative abscissas, and the arm composed of a single pixel is situated in the
domain of positive abscissas.

2. The dipole arm composed of two pixels became shorter than the dipole arm
composed of a single pixel because the value of N became smaller than 1.

It follows from these changes that the dipole orientation with respect to the
direction of vector 13'[ (of parameters of NPT) considered in Lemma 3 is not
changed. Thus, if the vector B, is antiparallel to abscissa axis, then such NPT will
decrease the absolute values of abscissas of the pair of pixels situated to the left of
ordinate axis, and it will increase the abscissa of pixel situated to the right of
ordinate axis as it was considered in the materials related to Lemma 3. The absolute
value 4C, of displacement of dipole centroid described by Eqs. 5.43-5.46 in the
materials of Lemma 3 corresponds to this NPT. Thus, it should be proven that the
absolute value A4C, of centroid displacement related to oppositely directed vector B,
of NPT parameters would be smaller than 4C,. The value of 4C, is described by
Egs. 5.39-5.42 in the materials of Lemma 3. In other words, it should be proven
that Eq. 5.69 is correct.

AC, < AC, (5.69)

Thus, according to the materials of proof of Lemma 3, it should be proven here
that 4C, < AC», because the values 4C, and 4C, were derived from AC; and 4C, in
Eqgs. 5.48 and 5.53 using multiplication by positive values of denominators of
respective fractions. Therefore, the sign of inequality presented in Eq. 5.69 should
not be changed.

In the proof of Lemma 3, the inequality presented in Eq. 5.54 (4C; ~ A4C,) was
transformed to the form shown in Eq. 5.56, and no multiplication or dividing by
negative values was applied in the course of such transformation, thus the sign of
inequality also was not changed. For convenience of further analysis, the inequality
presented in Eq. 5.56 is repeated below in Eq. 5.70. Let us consider Eq. 5.70 within the
frameworks of this proof: the symbol ~ should be replaced here by the symbol <.

1 1
z-Ll.L2+1-L§+1.L§~13+NL§-L2+NL1.Lg (5.70)

According to conditions of lemma being proven, Egs. 5.71-5.72 should be
correct.
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Ly>L>1L, (5.71)
I=L/N>L N<l1 (5.72)

Thus, L, has the smallest in absolute value abscissa as compared with the
abscissas of other pixels composing dipole. Let us fix L; = 1. This will not violate
generality of proof because it is possible to pass to other values of L; by simple
scaling of coordinate system. Then Eq. 5.70 will get the following form shown in
Eq. 5.73.

1 1
l-L2+l+l~L§~l3+NL2+NL§ (5.73)

Let us divide the both parts of Eq. 5.73 by the positive I L3, which will result in
Eq. 5.74.

1+1+1 2 1 +1
L, I3

— 5.74
BN L1 N1 (5.74)

Comparison of respective terms of the left and right parts of Eq. 5.74 will give
Eqgs. 5.75-5.77:

1/L,<1/(N-1I) (5.75)

because N - I = L <L, according to Egs. 5.71 and 5.72;
1/L3<1/(N - Ly - 1) (5.76)

because N - = L <L, according to Egs. 5.71 and 5.72;
1<P/L3, (5.77)

if

L, <l (5.78)
According to Eqs. 5.75-5.77, the respective terms of right part of Eq. 5.74 are
larger than the respective parts of its left part, thus Eq. 5.74 can now be recorded in

the following form:

! + ! +1< £ + ! + !
L, 13 L3 N-L,-l N-I
This means that AC, < AC, in Eq. 5.54, and 4C, < AC,, where AC, and AC, are
calculated according to Egs. 5.42 and 5.46.
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Thus, the demanded inequality presented in Eq. 5.69 is proven. Therefore, there
exists an arbitrarily small in absolute value vector P, of NPT parameters formed
according to Eqgs. 5.28 and 5.29, oriented along the abscissa axis, and having the
following properties: if B, is parallel to abscissa axis, then the displacement of
dipole centroid caused by such NPT is smaller in absolute value than the centroid
displacement caused by the NPT corresponding to vector P, antiparallel to abscissa
axis. Therefore, Lemma 4 is proven.

Remark The correctness of Lemmas 3 and 4 guarantees, that using the Algorithm 1,
the image of any object having restricted definitional domain and separated from
background can be presented as a set of dipoles balanced with respect to image
centroid and having the same ratios of arm lengths. This would ensure the con-
vergence of iterative procedure for NPT compensation of image of such object
described above in Algorithm 2. However, Lemma 4 was proven using the
assumption (presented in Eq. 5.78) stipulating that the module of abscissa of none
of pixels composing the shorter arm of dipole may exceed the module of abscissa of
the pixel corresponding to longer arm of dipole. For solving this problem, the use of
such assumption could be introduced into respective part of Algorithm 1 by
choosing for mutual balancing only those pixels, for which L, < [. Such pairs of
pixels could be easily found, if the ratio N of lengths of dipole arms would sub-
stantially exceed 1, i.e. if the length of vector of parameters of still not compensated
NPT would be much larger than 1. The cases of violation of assumption presented in
Eq. 5.78, in which L, > [ could be considered as outliers corresponding to pixels
situated outside the borders of compact image object having restricted definitional
domain. However, when the value of N approaches 1 (i.e. in the case of almost entire
compensation of the NPT), the assumption presented in Eq. 5.78 becomes awkward
for ever larger and larger numbers of pixels. This results in increase of errors of
estimation of direction of vector P, of parameters of partially compensating NPT
applied in the iterative compensating procedure presented in Algorithm 2. Finally,
for some small lengths of vector Bof parameters of still non-compensated NPT, the
further convergence of iterative compensating procedure becomes impossible. It was
also confirmed by the results of computer simulation described above in Sect. 5.8. At
some steps of iterative compensation, the length of vector P of parameters of still
non-compensated NPT stopped shortening. However, in this case, the remaining
length of P and the applied lengths of compensating vector P, had already become
commensurable. The software modeling described above showed that the value of
non-compensated NPT was so small that the displacements of image centroid cor-
responding to such lengths of P and P, were three orders smaller than the values of
coordinates of image pixels (three orders smaller than geometric sizes of image of
object). In such case, the absolute difference of displacement of centroid caused by
partially compensating NPT (described by P,) and displacement caused by the NPT
with oppositely directed vector of parameters was six orders smaller than image size.
It suggests that the real errors of estimation of parameters and compensation of NPT
caused by use of assumption presented in Eq. 5.78 can be negligibly small.
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Appendix 4. Proof of Lemma 5

First, let us consider how should be built a vector of parameters of total PT being
the result of a series of sequentially executed projective transforms. Let Py, B>, Ps
be the vectors of parameters of three NPT, and let A and B be the matrices of two
AT. Then, the sense of Eqgs. 5.28-5.29 can be expressed by a single Eq. 5.79.

X = (AX)/(X-P+1) (5.79)

If the affine component of PT is zero, the transform described by Eq. 5.79 is
reduced to NPT described in Eq. 5.80.

X =X/X-P+1) (5.80)

A composite PT resulting from sequential execution of first NPT (described by
vector f’l of parameters), the AT (described by matrix A), and second NPT
(described by vector B, of parameters) can be expressed by Eq. 5.81.

v/

X =[(AX)/(X-Bi+1)]/[(AX)/(X - Py +1)-P,+1] = (BX)/(X - B3 + 1)
(5.81)

Simple transformation of Eq. 5.81 shows that the matrix B of affine component

of resulting composite PT is equal to the matrix A of initial AT, while the vector Ps
of parameters of resulting composite NPT can be calculated by Eq. 5.82.

Fig. 5.8 Different variants of summation of vectors P and P, of parameters of initial and
compensating NPT: & is a vector of parameters of initial NPT, z is a circle of radius ||d|
circumscribed by rotating vector d, l_;, J,f are different positions of vector of parameters of NPT
compensating (infinitely short vector b orthogonal to vector d and lying on the circle z; long vector
d orthogonal to vector @ and thus not laying on the circle z), 7, €, are vectors of composite NPT
resulting from summation of vector @ with vectors b.d, f of parameters of compensating NPT
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Py = AP, + P, (5.82)

If the matrix A of affine transform would be neglected, it would be seen from
Eq. 5.82 that the vector of parameters of resulting composite NPT is a sum of
vectors of parameters of two sequentially executed NPT.

A result of execution of compensating NPT is shown in Fig. 5.8 for the cases,
when the vector P, of parameters of compensating NPT has nonpositive projection
upon the vector P of parameters of initial NPT. It can be seen that the vector of
parameters of resulting composite NPT becomes shorter, if the vector of parameters
of compensating NPT lies iside the circle z. The closer is the vector P, to normal of
vector P, the shorter should be P, for ensuring correctness of inequality
|P+P||<|P||. I the vectors P m P, are orthogonal, the inequality
Hf’ —HB,H < Hf’” is satisfied when ||f’,|| — 0.

As it can be concluded from the Eqgs. 5.28-5.29, it is theoretically possible that
the direction of dipole could be almost orthogonal to vector P. 1t could happen, if
the image size along vector P would be much smaller then the size in the direction
orthogonal to P. However, the vectors 1_5, and P are never orthogonal, and the
projection of P, upon P is nonpositive. Therefore, a sufficiently short (but not
infinitely short) vector 1_5, can be found, for which HIT’JrI_",H < Hl_ﬁH Thus, if a
compensating NPT having the vector of parameters P, chosen in the way described
above was applied, the resulting composite NPT would have vector of parameters
shorter than vector P corresponding to initial NPT, which means that the initial NPT
would be partially compensated. Therefore, Lemma 5 is proven.

At the same time, if f’, would be almost orthogonal to f’, the velocity of decrease
of ||13 + f’,H and the convergence of the whole iterative algorithm of NPT com-
pensation would be very low. For avoiding such situations, it is recommended to
compensate substantial elongation of object image in any direction at each iteration
of NPT compensation. Only then, the direction of compensating vector P, may be
estimated. Such compensation of elongation does not contradict the rules of
developed above procedure of PT compensation because the compensation of
elongation is an integral part of AT compensation described above in
Sects. 5.3-5.6. Besides, the direction of dipole and related to it direction of vector
P, are estimated after such compensation of AP, thus the compensation of AP will
not disturb the correctness of estimating the direction of vector B, of parameters of
compensating NPT. Execution of compensating NPT results in redistribution of
pixels with respect to image centroid, which makes the dipole of image more
symmetric. On the contrary, the compensating AT does not result in redistribution
of pixels with respect to centroid, thus it cannot result in increase of asymmetry of
dipole. Therefore, the AT executed at each iteration of Algorithm 2 may be
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neglected as it was proposed above in the course of deducing of Eq. 5.82. The
partial compensation of initial NPT at each iteration ensures the convergence of
iterative compensation of NPT of image described by Algorithm 2 in Sect. 5.7.
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Chapter 6
A Way of Energy Analysis for Image
and Video Sequence Processing

Andrei Bogoslovsky and Irina Zhigulina

Abstract Usually the object movements are determined by the analysis of inter-
frame difference in video signals. It is the simplest universal method. However, it
does not provide the intelligent processing, especially in the case of extremely low
luminance. The interframe differences of energy and phase-energy spectrums are
considered as an alternative way. The phase-energy spectrum is a product of partial
derivatives in spatial phase-frequency spectrum over their spatial frequencies. It
provides the detailed information about motion in finite frames. Moreover, the edges
in an image have a significant role. The modeling of interframe differences of
frequency responses is based on the analysis of pixels locating near the “moving”
boundaries. This increases a probability of movement’s detection. A distortion of
moving object’s shape, movement’s characteristics, and a quantity of moving
objects are defined from the analysis of types of interframe differences. The inter-
frame differences of frequency responses always lead to the best results than the
differences of video signals in spatial domain. The changes of the energetic indexes
in static images determine the efficiency function as a dependence of output and
input energies of 2D filter. This function is defined on a whole set of impulse
responses of a filter. The efficiency function is a positively certain quadratic form
with certain coefficients. These coefficients are obtained as a result of energy
spectrum decomposition of input frame into 2D Fourier series over the cosines. The
analysis of stationary points and also their efficiency function allow to synthesize the
optimum and the quasi-optimum 2D filters. The proposed way of energy analysis
provides some novel possibilities, for example, a detection of visual objects with
extremely small contrast.
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6.1 Introduction

A biological sense of vision including a human vision is characterized by most
impressive results. A vision system processes and perceives a huge array of real-
time information [1-7]. However, the system’s dimensions, the mass and energy
consumption are such that its owner as a mobile being can solve a great number of
other problems. A human vision system is not revealed yet to a full degree for a
time being [8, 9]. Its operational efficiency is ensured both by training and by the
fact that a brain is a part of body, i.e. the brain also uses other sensory organs while
viewing and perceiving the real life scenes [10]. One of the determining factors is
the operation arrangement of a visual system, and, first of all, the hierarchical
pattern of processing. This pattern is such that an initial processing is performed on
eye retina, and the ready product of such processing is received by a visual cortex.
A hierarchical pattern of processing may be considered as a general computational
resource for optimization.

Unfortunately, computer vision of modern control, navigation and safety systems
is yet long way off by its performance from a biological sense of vision. Probably,
one of such reasons is a hierarchy unavailability of computer vision. A preliminary
data processing stage is not singled out from the general computer vision system
[11-15]. However, if the preliminary data processing system is available, it usually
solves the auxiliary problems serving for image quality improvement, that is, noise
impact reduction, spatial profiteering, etc. At the same time, an eye retina identifies
additionally the basic spatial and temporal features of visual objects. Such identi-
fying has to perform a great number of arithmetical and logical operations with
nonnegative signals by means of multiple layers of different cell types, these layers
being mutually associated by many spatial connections. Thus, a preliminary data
processing in the biological sense of vision is intelligent one, and an eye retina is
considered to be a brain outside part [16, 17]. Apart from hierarchy and intelligence,
the biological sense of vision has a feature common for all living systems: any
process is repeatedly duplicated by various methods [18-20].

Video sequences can be represented as a set of static images (frames), which are
processed by a quasioptimal spatial filtering. On the other hand, these sequences
provide addition information about frame-to-frame differences. These algorithms
can be applied as a preliminary processing of images. Moreover, they can shed light
on a retina operation conception [21-25].

An analysis of the most important universal feature, i.e. signal energy, lies at the
basis of all such algorithms. During filtering of static images, the energy ratio of 2D
output-input signals is maximized, and for definition of movement and location
characteristics, either the energy spectra differences of two frames’ lines and col-
umns, either their phase-energetic spectra differences are analyzed [26-30].

Due to small-scale shifts between frames, a movement existence in the image
can be judged by the energy spectrum. Sometimes information of phases from an
energy spectrum has not been examined [31-33]. However, this statement is correct
only in case, when image finiteness in spatial domain does not taken into account.
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The problem statement is located in Sect. 6.2. The frequency response is discussed
in Sect. 6.3 while as the frequency responses difference model is represented in
Sect. 6.4. The following sections provide the special cases (Sect. 6.5), the Frequency
Responses of InterFrame Differences (FR-IFD) application (Sect. 6.6), the image
energy at discrete spatial filter output (Sect. 6.3), and input signal matrix (Sect. 6.8).
Section 6.9 addresses the average squared error minimization. The quasioptimal
spatial filtering is studied in Sect. 6.10. Section 6.11 contains the canonical form of
output energy functional. Conclusion is drawn in Sect. 6.12.

6.2 Problem Statement

Let us introduce a function f(x) = A cos (w.x + ¢,) presented in Fig. 6.1. Let us
consider energy E of finite by a spatial coordinate of cosine curve determined by

Eq. 6.1, where sinc2w,M = %
M
E= / F2(x) dx = A2M(1 + sinc 2w, M - cos 2¢y) (6.1)
M

From Eq. 6.1, it follows that energy of a cosine curve’s finite section depends
essentially on initial phase ¢. Figure 6.2 shows the ﬁ normed energy dependence
on 2w,M normed spatial frequency at various values of ¢, initial phase. It can be
seen that this dependence most intensely becomes apparent at lower frequencies.
However, this dependence is available at any and all frequencies except the fol-
lowing ones 2w,M = kn, k = &1, £2, .... The energy of a cosine curve’s finite
section remains constant, if ¢, = I+ %k

A lens system of video camera as well as an eye pupil is a window, through which
an image finite by spatial coordinates is formed. If an object being observed is
moving, then during its movement through an image field every spatial cosine curve,
that forms object’s image spectrum, gains an additional phase incursion [35, 36]. If
two different frames are viewed, then such an incursion can be interpreted as a
change of all spectral components’ initial phases. Consequently, by measuring

Fig. 6.1 Finite section of Sl

spatial cosine curve
/\ /\ A /\ /
_M\/ \/_% O\/ \/ ’ x
-A
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Fig. 6.2 The normed energy dependence from the normed spatial frequency at various values of
initial phase

(b)

(a)

Fig. 6.3 Scheme of object motion: a a moving object in the first frame, b a moving object in the
second frame

energy difference of two frames or, to be more accurate, the difference of energy
spectra according to spatial frequencies forming these spectra, the moving objects
can be detected as well as their motion characteristics are determined. This can be
performed, even if image energy of object movement remains constant as, for
example, in Fig. 6.3, where the background intensity a and the object brightness b
remain invariable as well as object dimensions.

6.3 Frequency Response

In references dealing with images processing, it is customary to place the origin of
coordinates in a frame upper left corner as shown in Fig. 6.4a. Due to traditional TV
scanning, a frame processing is usually performed by spatial signal processing with
respect to time, the signal being formed with scanning “from left to right” and from
“top to bottom”. However, the spatial coordinates are not causal in contrast with
temporal coordinate. Aside from that nowadays examples of signal spatial processing
without time base are known (e.g. charge-coupled devices operating in an undirected
charge transfer mode [34]). Therefore, in this research a more natural system of
coordinates was used as shown in Fig. 6.4b. The origin of coordinates is placed in a
frame center, x and y are integral-valued coordinates, x € [-M; M], y € [-N;N].
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Fig. 6.4 The coordinate systems: a usually used in the image processing, b the natural coordinate
system applied for 2D spatial signals

The position measurement of moving object can be divided (factored). Thus, for
example, only lines are enough to be considered.

Let only one moving object be in an image. Let us describe a f(m) video signal
of any picture line by an applicative model. Then in the first frame (see Fig. 6.5)
Eq. 6.2 will be executed, where a; and by, are signals describing a static object and a
moving object, respectively.

-1 M

film) = Z aro(k —m) + ibké(k —m)+ Z apo(k —m)
k=—M k=l k=rt1
(6.2)
5k —m) = 1l k=m
0k+#m

In the next frame, Eq. 6.3 will be fulfilled, where i is a number of pixels, on
which the object has moved.

I—1+i r+i M
Hlm) =" adk—m)+ > bdk—m)+ > adk—m)  (6.3)
k=—M k=1+i k=r+14i

From this point of view, let us always consider that i > 0 and a motion direction
should be marked with a «+» sign before i that means a motion to the right, and
a «—» sign means a motion to the left.

Let us write down a line energy spectrum S(¢,) as Eq. 6.4 [34], where ¢, €
[—m, 7] is a normed spatial frequency, S(p) is a line energy characteristic.

S(p,) = _S(p) cospe, (6.4)

p=0

Apart from the energy spectrum, let us apply a function determined by Eq. 6.5,
where ®(¢,) is a line image phase spectrum.
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Fig. 6.5 Picture line
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A function I(¢,) contains information both of line image phase features and of
its energy. Therefore, let us call it a phase-energetic line spectrum.
The next Eq. 6.6 is also correct, where I(p) is a phase-energetic line feature.

2M
I(¢,) = >_1(p)cospo, (6.6)

p=0

Let us also call S(p) and I(p) as the line frequency responses.

For analisis of video sequence, the formulae records at p = 0 and p # 0 are not
necessary to be distinguished. Therefore, in future let us apply the modified fre-
quency responses and determine them by Eqs. 6.7-6.8, where y, is a video discrete
signal value in a pixel with number k.

M—p
Su(p) = Z ViVitp (6.7)
k=-M
M—p
In(p) = > (k+p) %isp (6.8)
k=—-M

It is necessary to analyze the FR-IFDs for motion estimation in an image, which
are calculated by Egs. 6.9-6.10, where a single character stroke «"» corresponds to
a previous frame and a double character stroke «"» corresponds to a next one.

AS,(p) = S,.(p) = S,,(p) (6.9)
AL,(p) = I,(p) = I,(p) (6.10)

6.4 Frequency Responses Difference Model

Let us discuss the possibility for estimation of motion direction in an image by
using frequency responses. For definiteness, let an object be located on the right of
the image center and it has moved between frames to the center as it is schemat-
ically shown in Fig. 6.6.
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Fig. 6.6 The same line of two frames containing a moving object

An object contrast respect to a background may be characterized by Ay =
by — a1 and Ag = b, — a4 values or by A =b — a value, where b and a are
averaged on some neighboring pixels of the object and the background,
respectively.

Let us consider that video signals of background pixels and mutually corre-
sponding object pixels between frames have changed insufficiently and also that
i<r — 1. Let us also consider that the condition (Eq. 6.11) is executed.

p>r—I1+i (6.11)

The analysis shows that in this case a size of changing p from 0 to 2M naturally
is divided into 10 sub-ranges. Let us consider them in the order of p increasing.
Figure 6.7 shows the plots of Aly(p) and ASy(p) (@ and b are constants).

Consider the following cases.

1. If p =0, then a,_, and b;_;_, values naturally correspond to the second frame
in Egs. 6.12-6.13, respectively.

™ 8Sy(p)
Al (p),

relative
units

M p
relative
units

Fig. 6.7 The plots of frame differences frequency responses corresponding to Fig. 6.6
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i—1
Aly(0) =2 " Ag(n = 7) (ar—n + br—n) + ALl = 1 = n) (ar-1—n + bi-1-)
n=0
(6.12)

i—1 i—1

ASM(O) = _AR Z (arfn + brfn) + AL Z ((1171,,1 + blflfn) (613)

n=0 n=0

At constant luminance, an object moving through background is described by
expressions ASy(0) =0 and Aly(0) = =2i-A-(a+D)-(r—1+1) #0, ie.
the value is proportional to movement i, A object contrast and increased respect
to an object length by one pixel.

For any p, a frequency responses difference can be described as Eqs. 6.14-6.15,
where parameters I, and S, are calculated by Eq. 6.16.

Aly(p) = Ar- (I + L) — Ag - (I + ) (6.14)

ASu(p) = AL - (S5 +S4) — Ag - (S1 + 52) (6.15)

Uy Ui

I = Z (2vk + (—l)kp) ay, Sp= Zavk k=1, 4 (6.16)
n=0

n=0

2. With regard to next phases | <p<M —r —1at 1 <p<r—1[+ihere and in
next three sub-ranges special cases, the additional analysis is required. At
r—Il+i<p<M—r—1, Egs. 6.14-6.15 are correct, where variables accept
values from Eq. 6.17.

Uy =up =u3 =us=1—1

Vi=r—+p-—n

w=r—p—n (6.17)
vi=Il—1+p—n

w=Il-1-p—n

As the limits of sums in Eqs. 6.14—6.15 are equal, and in expressions for I} — Iy
a phase number p enters with the opposite signs, values ASy(p) and Aly(p)
show small dependence on p. Also, among other factors, when a and b are
constants (see Fig. 6.7), ASy(p) =0 and Aly(p) = —4i-a- A-(r—1+1).

3. A near pulse front of the FR-IFD is formed at M —r<p<M —r+i—1. To
find the FR-IFD, it is necessary to assume that uy =M —p —r+i— 1 and
v = M — n, remaining u; and v values are the same as in the previous case.
Edge duration is marked by i pixels, i.e. it equals the object movement.

4. A near pulse peak of the FR-IFD is observed at M —r +i<p <M — L. In this
connection, it should be assumed in Eqs. 6.14-6.15 that I} = §; = 0, u; and v
values are determined by Eq. 6.17. As limits of summing in Eq. 6.16 are equal,
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9.

10.

ASy(p) will have small dependence on a value p, and Aly(p) will increase
together with p increase.

AtM—1+1<p<M —1+1i, anear pulse edge of the FR-IFD may be esti-
mated. In this connection I} =S, =0, s =M —p—1+i, vy =M —n. A
pulse fall time coincides with a pulse rise time.

A pulse-to-pulse area is located at M —I+i+1<p<M+I[l—i—1. In
Egs. 6.14-6.15, it is necessary to consider that [} = Iz =0 and S; = 853 =0.
Also for up, ug, vo, vq values, Eq. 6.17 is correct.

A remote pulse front of the FR-IFD correspondsto M + 1 —i<p<M +1— 1.
A dissimilarity from the previous case consists only in the expression for
uy=M+1—-1-p.

. A remote pulse peak of the FR-IFD is characterized by M +I<p<M +r—i

phases numbers. In Egs. 6.14-6.15 for the given and next sub-ranges, only I,
and S, values are remained. In this case, u, =i — 1.

A remote pulse edge of the FR-IFD is described by M +r —i+1<p<M +r,
u; = M + r — p phases numbers.

At p>pmax =M +r+ 1, ASyy = Al = 0 is executed.

The essential singularity of the proposed model is that it links video signal

values corresponding to a stationary background with features inherent in a moving
object. At the same time, the number of video signal values of the background is a
relatively few; it varies from 1 to 4/ depending on a sub-range. In this connection, it
can be possible “to consider” various sites of dependences by changing some values
of video signal. For example, a change of value in pixel numbered as (—M) brings
the influence on a pulse front and remote pulse edge of the FR-IFD.

Fig. 6.8 Other object (a)
possible movements: I

Figure 6.8 shows other possible variants of moving object location.

|
a motion to the right, M > 0, M 6 ! 7 :1}

b motion to the right, M < 0,

¢ motion to the left, M < 0 l | | |
M 0o ooy
(b)
: | ] |
I 7 Iz I 1
| | | ] |
A B
(c) ]
|l } . |l ll

|
o o= M
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Table 6.1 Rules for obtaining models in other movement cases

Figure number Substitutions in the model corresponding to Fig. 6.6

Figure 6.8a r—r+i, [—I1+i, A——-A

Figure 6.8b re—=l, (I—-r), Ag—AL, 7%— 7

Figure 6.8¢c r—ie—l, (I—i—-r), Ag—AL, p—74 A—-—A

The respective models can be obtained from the considered model by a way for
applying of exchange rules situated in Table 6.1.

For example, in the case of situation, represented in Fig. 6.8a, ASy(p) takes the
M—Il—p
form ASy(p) = —AL Y aip+n, and a remote pulse edge will be observed under
n=0
the assumption that M — [ —i+1<p<M — L

6.5 Special Cases

Such cases arise at violation of condition from Eq. 6.11, i.e. when p <r — [ 4 i. As
experience shows, the special cases are essential for the FR-IFD applying. Such
cases can be realized in sub-ranges of 2-5 by p changing in the spatial and fre-
quency domains of the close pulse and close phase forming, respectively. In this
case, the FR-IFD forms the maximal number of video signal values.

The following special cases are possible:

1. p <i(Itisrealized at > M — i — 1 in the second sub-range, also at > M — i in
the third sub-range).

2. p<r—Il—i(ar>M—(r—1)4+i—1 in the second sub-range, at r >M —
(r — I) + iin the third sub-range, at r > M — (r — [) + 2i in the fourth sub-range).

3. p<r—1I(@r>M— (r—1)—1in the second sub-range, at r >M — (r — [) in
the third sub-range, at r > M — (r — ) + i in the fourth sub-range).

4. p<r—I+i(ar>M— (r—1)—i—1 in the second sub-range, at r > M —
(r — ) — i in the third sub-range, at »r > M — (r — I) in the fourth sub-range, at
r>M — i+ 1 in the fifth sub-range).

In any case, the FR-IFDs are determined by Eqs. 6.18-6.19, where I}, I4, S1, S4
are estimated by Eq. 6.16, values Ig(b),lg(b), S;(M,Sg(b) are also determined by
Eq. 6.16, if a is a superscript. If b is a superscript, then the Impulse Response (IR)
counts of video signal a corresponding to the background should be exchanged for

IR counts of video signal b corresponding to the object (Eq. 6.16).
a(b a(b
Aly(p) =L + 57 + " + 1, + 1, ) (6.18)

ASy(p) = S1 + 857 + 5537 4 84+ Sy (6.19)



6 A Way of Energy Analysis ... 193

Variables I{,1;, 5}, and S} are calculated in a following way:

i—1-p

I; = Z (2r—p—2n) [(ar,p,na,,n)”—(br,,,,nb,,n)’}
- (21 -2- pP— 2”) [(alflfpfnalflfn)”f (blflfpfnblflfn),}

H(215 22) Z (222 +p) { 2 Zz+p)//7(azzbzz+p)/:|

i—1—p i—1—p

S,l = [(arfpfnarfn)”_ r—p— n r—n ] [al lfpfnalflfn)”_(blflfpfnblflfn)/jl
n=0 n=0

Sy(z1; ) = > [(bzzazm,) —(az, bdﬂ,)}

Case 1 can be realized only as 2nd and 3rd sub-ranges (accordingly items 2.1
and 3.1 in Table 6.2). In this connection:

/ ’ / / a(b

a(b
11(2) =1 S1(2) =8 5 )

R KRR

w=u3=us=p—1 v=r—i—n wn=I-14+p—n wu=I-i—1—-n.

All special cases for the phase-energetic frequency response are shown in
Table 6.2.

6.6 FR-IFD Application

The FR-IFDs are very sensitive to changing of video signal values. The numerical
estimates can be obtained on the basis of the given above model. Figure 6.9 shows
the changing of energy responses’ interframe differences at nullification of pixels
under —19 and O numbers, and Fig. 6.10 shows changing of phase-energy
responses’ frame-to-frame differences at nullification of pixels under —1 and 1
numbers. Nullification is performed only in the second frame. Numerical values of
parameters are: M =27, 1=6, r=14,i =3, a =123, b = 133.

Let us presume that a value changing of video signal occurred in the second
frame in a pixel numbereds: Y%, = y” + Ayp,. Then Eqgs. 6.20-6.21 can be obtained
using Egs. 6.7-6.10.

ASur(p) = ASu(p) + Ay, (7, + 7L, ) (620)

Al () = Alu(p) + 2587, (L, + ) = A0 (4, = ,) (621
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Fig. 6.9 Energy responses of
interframe differences: a reset
pixel numbered (—19), b reset
pixel numbered O
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From Egs. 6.20-6.21 and Figs. 6.9-6.10, it follows that a component Ay,
contributes to the FR-IFD at whatever p value, moreover, this contribution sub-
stantially depends both on s number and on Ay, omponent amount, as well as on p
size of changing.

At nullification of s-pixel Egs. 6.22-6.23 follow from Egs. 6.20-6.21.

ASu(p) = ASu(p) = 7.+ (Y, +7.,) (6.22)
Alyi(p) = Alu(p) — 257, - (V@Cp + viip) +pyy - (VQCP - V§'+p) (6.23)

A nullification of pixels at image edges (as well as addition of new zero-order
pixels) allows to pick out several moving objects and to determine their motion
parameters [34].
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Fig. 6.10 Phase-energetic (a) MALP), relative
responses of interframe 210° | units
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During processing of images distorted by additive noise (that is typical, for
example, for uttermost low illuminance conditions in real scenes), the FR-IFD
estimations begin to fail. This appears a necessity to decrease a resolving power at
image edges in order to reduce a noise impact. To achieve this, the edge pixels need
to be zeroed in increments at regular intervals. The best results are obtained, if the
same line of the first frame is zeroed by the length of k; and k; + k; pixels, and
frequency responses and their difference are found. Then a corresponding second
frame line should undergo the same operations, and after that the difference of
differences (or the second difference) should be found [34]. At k; and k, defined
values, the so-called extreme double differences are formed allowing a separation of
moving objects from a noise.
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The moving objects appearing within eyeshot are most dangerous or interesting
for living beings. However, an eye retina has decreased resolving power just at the
periphery. This allows to presume that the biological systems apply the algorithms
for movement detection similar to the above-mentioned.

6.7 Image Energy at Discrete Spatial Filter Output

The tasks of visual objects sharpening into cluttered background (image enhance-
ment) and a noise reduction (contrast decay) are usually solved by the signals
filtering. The projects of visual objects may be interpreted as the small-size patterns
of fixed form with contours that can also be considered as the small-size elements,
and other structures occupying a lesser part of an image. All they are characterized
by a low energy respect to other image components with larger size. Therefore, it is
desirable to increase a relative energy of small-size objects’ projects by a filtering.

As a rule, the large-size structures, namely spots of brightness, atmospheric
formations, shadowing, etc. cause a noise that impair the images’ analysis process.
The noise-causing structures may be the regular texture structures like sea distur-
bance, urban development, forest areas, etc., which can be described in terms of
narrow-band spatial process. Still in any case, it is desirable to reduce the respect
energy of noise image signals.

Thus, a relative change of image signals energy can serve as an index of filtering
efficiency for image signals. This index should connect the characteristics of input
and output signals with filter parameters.

A signal spectrum by the Discrete Filter (DF) output will have a view of
Eq. 6.24, where Sinput(gox, q)y) and S'Ompm(q)x, qoy) are an input and output image
spectra, respectively; H ((px, (py) is the DF gain; ¢, ¢, € [—7, 7] are the normed
spatial frequencies.

Soutpul(q)xv q)y) = H(ﬁl)x, (/)y) : Sinpul(q)xa @y) (624)
Let us perform the complex conjugation operation from Eq. 6.24 as Eq. 6.25.
Soupu (02 0)) = H (0.,0,) S (02 0)) (6.25)

After multiplication the corresponding parts of Eqs. 6.24-6.25, Eq. 6.26 is
obtained, where Sinpu (s, @,) u Soutput (@ @,) are energy spectra of input and
output image signals, respectively.

Soupu (@2, @y) = |H (010, |*-Sioput (0 0, (6.26)
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The energy of processed image signal will be obtained, if S'Ompu (gox, (py) energy
spectrum is integrated by all arguments from Eq. 6.27.

2 ~
/ / q)xv QD} Sinput(q)x? (py) dq)xdq)y (627)

For the DF gain squared absolute value, Eq. 6.28 can be obtained [34], where a,
are the elements of impulse response of the DF with aperture (a + b+ 1)x
(¢c+d+1),a,b,c,d are nonnegative integers (b and d can be equal to zero).

b d 0 0
H(owo )P =2 > > D twrime tam - cos(io, +jo,)
I=—a—i m=—c—j i=—(a+b) j=—(c+d)
i+j£0
d—j —1

Z Z Z Z Oltim+j * Xm - COS (l% +]§D‘)

I=—a—i m=—c j=—(a+b) j=1

b+i d —1 c+d

+ZZ Z Z Z O—im—j * % m - COS zq)x—i-](pV Z Zoclm

I=—a m=—c+j i=—(a+b) j=—i+1 l=—a m=—c

(6.28)
From Eq. 6.28, it follows that the DF squared amplitude frequency spatial

characteristics form the weighted cosine curves of all possible arguments. There-
fore, Eq. 6.27 should be transcribed as Eq. 6.29.

Lim,ij

E= Z Ol et O m / / cos(ip, +jo,) ~S‘input((px, @,)dode,  (6.29)

A dual integral in Eq. 6.29 can be considered as an expanding (i, j)-coefficient of
Sinput (¢ (py) function in a bivariate Fourier cosine transformation

= / / COS(i(pX +J(pv) : Sinput(q)x? (py) d(pxd(py'
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Taking into account Eq. 6.28, Eq. 6.30 is obtained.

b d 0 0
Output =2 § § E § Oltigntj * Am * Aij
[=—a—i m=—c—j i=—(a+b) j=—(c+d)
l+ﬁ£0
b d—j

‘|‘2 E E § Olt-im+j % m Qi j
I=—a—i m=—c j=—(a+b) j=1
b+i d -1 c+d

+2 § § § O—im—j * M * al]+ § § alm input
[=—a m=—c+j i=—(a+b) j=—i+l I=—a m=—c

(6.30)

Thus, the energy of output signal is determined by a bivariate Fourier cosine
transformation of energy spectrum cosines for input signal and «;; coefficients.
Let us norm Eq. 6.30 dividing by the input signal energy:

Einput = / / Sinpul(qox’ gDy) quxd(py
-n -7

and obtain Eq. 6.31, where s;; = E”—’, obviously that 59 ¢ = 1.
input

b d 0 0
output ) Z Z Z Z Olftimtj * Oldym * Sij
mput I=—a—i m=—c—j i=—(a+b) j=—(c+d)
i+j7#0
+2 Z Z Z Z Xtism+j = X * Sij (6.31)

l=—a—i m=—c j=—(a+b) j

b+i -1 ct+d

b d
+2 Z Z Z Z O1—im—j * Ot - Sij + Z Z “12,m

I=—a m=—ctj i=—(a+b) j=—i+l1 l=—a m=—c

It can be shown [34], that Eq. 6.32 is executed, i.e. the expansion coefficients of
energy spectrum of video signal into the double Fourier series relative to the cosines
coincide with values of autocorrelation function K(k,/) normed by energy video

signal of input image.

1
Skl = . K(k7 l) (632)
Einput
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In other words, the expansion coefficients coincide with values of input image
autocorrelation coefficient. Equation 6.31 can be considered as a functional defined
by a set of impulse responses of the DF.

6.8 Input Signal Matrix

In general, an energy spectrum has central inversion, that is s;; = s_; ;. Let us
apply only s;; coefficients, for which 7 is a non-positive. If i = 0, then j is a non-
positive. Therefore, the rule can be obtained (Eq. 6.33).

Sij if i<0
S_i—j if i>0

For all s;; coefficients should make (¢ +b+1) (c+d+ 1)+ (a+b) (c+4d).
A system for finding critical points of e can be found from Eq. 6.31 as Eq. 6.34,
where ¢;; is a derivative of e according to o;;; i € [~a; b], j € [—¢; d|.

a+b c+d

/
;=23 > Sitatjre-m %atlcim =0 (6.34)
=0 m=0

It is a system of (a + b+ 1) (¢ +d + 1) linear homogeneous equations. For its
non-trivial solution, it is necessary and enough to have a system singular matrix
composed of s;; coefficients.

Let us call this matrix an input signal matrix and indicate it by a S symbol. This
matrix is a square symmetric matrix having [ (¢ + b+ 1) (¢ +d + 1) ] order. Fig-
ure 6.11 shows a system S-matrix for a = b =c =d =1 [34]. In addition, the
indices of all s;; elements are changed in accordance with rule (Eq. 6.33).

The S-matrix has a block structure, i.e. it consists of square matrices of a
(c+d+1) size. In Fig. 6.11, these blocks are marked out by the dot lines. In
Fig. 6.12, an input signal matrix for a =2 and b =1 is shown as an example,
where A, B, C, D are also square matrices of (¢ +d + 1) order, “T” means
conjugation.

Figure 6.13 shows S-matrix for the DF (3 x 4), in which a=b=d =1 and
¢ = 2. Blocks of (¢ +d + 1) = 4 order are marked out by a dot line.

The order of «;; and eﬁJ (Figs. 6.11 and 6.13) is suitable, when a filter aperture is
known. But if a filter aperture shall have to be installed, then another sequence order
beginning from o and ei)‘o is desirable. In this case, the increase of filter aperture
changes for the S-matrix occur only in one direction.

One of possible variants is suggested in Fig. 6.14, and the S-matrix fragment is
shown in Fig. 6.15. During the increase of filter aperture, new columns will be
added from the right and new lines from below.
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ol %10 -1 ag1 900 01 o1 OG-0 O-_1-1
el 1 s0-1 S0~2 ¢ S0 S-1-1 S-1-2 G S20 S2-1 S22
elo 50,1 1 S0-1  * S-11 0 S0 S-1-1 1 S-21 S-20 S-2-1
ef-1 50,2 S0-1 1 PoS12 0 sl S0 P S22 S-21  S-20
e/ . .

0.1 S_1,0 S-11 S-12 ¢ 1 S0-1  S0-2 * S-10 S-1-1 S-1-2
’ . .
€00 S—I-1  S-1,0  S-11 *  S0-1 1 S0-1 ¢ S—1 S-1,0  S-1-1
€0,-1 S_1,2 S-1-1 S-1,0 * S0-2 S0-1 1 PoSo12 Sl S-1,0
el | S0 S-21 S-22 ¢ S-10  S-11  S-12 1 so-1  so-2
€-1,0 S_2-1 S-20 S-21 TS -1 S-10 S_11 S0—1 1 50,-1
€_1-1 S_2-2 S_2-1 8-20 : S_1,-2 S-1-1 S_1,0 : 50,-2 50,—1 1

Fig. 6.11 S-matrix with a filter aperture (3 x 3)

A B C D
B" 4 B C
c" B" 4 B
D" c" B" 4

Fig. 6.12 Block structure of the S-matrix of (¢ + d + 1) order

e % oo A oy Qoo Qo-1 Qo2 a_p O Ay O
e, 1 So—1 So—2 So-3 S0 S_i-1 So—2 S_i-3 : S_ap S_a_1 S_ap S_2.3
el So,-1 1 So-1 So—2 ¢ Sopn S0 S-p-1 S22 ¢ S0 So20 Sz S22
e, |2 Soo 1 So-1 . S-l2 S- S-po Sei-r S22 Soan Sy S
! : :
e So—3  So2  So-1 1 So3 Soi2 S S-0 f S-a3 0 S So2a S-ap0
, . .
€o,1 S0 S S22 Szt 1 So-1 So2  So-3 ¢ S-10 S-i-1 S-i2 So3
, . .
€0,0 Soi-1 S-00 S-n Sa12 ¢ So- 1 So-1 So2 ¢ S S-10 S-i-1 S-i2
€1 | S-1-2 Soi-1 S Sou Gt So So-r ] So-1 P Sa1i2 Soun Soi00 S-oi-n
€2 | Sa3 S Soor S So-3 So—2  So-1 1 Sz Sz S S
,
e : .
~11 S_p0  S_a1 S22 S_p3 S0 Soip Sop Soy3 ¢ 1 So,-1 So—2  S0.-3
,
e : :
S0 1S S0 S2n S22 S Soo0 S Sai2 o So- 1 So.-1 0,2
e : :
Lol S S S0 S—21 8 So2 So- S-00 S-ir 2 So2 S0 I s
/
el : :
b2 \Sa3 S0 So Sao PSSy Sao Sa S ¢ So3 S So-1 1

Fig. 6.13 S-matrix with a filter aperture (4 x 4)
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Fig. 6.14 One possible j A
sequence for elements of the
IR

R S
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Such S-matrix construction results in other symmetry types’ origination. For
example, in Fig. 6.15a the sub-determinants of the even order periodically repeating
along matrix main diagonal are marked out, and Fig. 6.15b shows the sub-
determinants of the odd order. The repeating of sub-determinants order is unin-
terruptedly increased, and every previous sub-determinant is “inserted” in the
following one.

The general recommendations can hardly be given by extremum of the e finding.
This is related to that a quadric form matrix (for second-order differential) coincides
with an input signal matrix, i.e. with the matrix for first differential; and all dif-
ferentials higher than those of second-order are identically zero. Therefore, in every
particular case the additional research is required.

6.9 Average Squared Error Minimization

During a preliminary processing of images, the essential task of certain class objects
finding on a random background appears. For this purpose, it is desirable to weaken
a video signal of image background respect to a video signal corresponding to an
object of interest as greatly as possible.

Let us determine, what elements of the IR in a linear DF must be, minimizing
mean-square difference of a filter output video signal and an object video signal. As
an g;; image model, let us set an applicative model determined by Eq. 6.35, where
gij is a video signal of object; f;; is a video signal of background.

1 if (i,j) € object

qij =Tij8ij + (1 - ’"iJ)fi,i Fij = {0 if (i,j) € background (6.35)
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(@) %o % Yaa Yap Y Y%y Y Gp Yo G G G
oo (| 1 So-1| S Sap S o1 Sa- Sap San Sa2 So-2 Sa-2
€,-1 | |S0,-1 1 Sq0 Sag Sq2 S22 S S S0 S Sga 44
Em1| Sa S 1 So-1 So-2 S |S2-2 S2a S0 S S4n Soa
€0 | Sq0 S| So-i 1 Sgq| S |S-2-1 Fop S S22 Sa2 So-2
€y | say Saa| So2 | So- 1 a0 | F-20 21 S22 Sz Sa3 Sg3
€1 | 5g4 So,-2] F-1-2 S S0 1 S0 -1l S22 Sa3 Sg-3 S
@0 |54 S Sa2 Saa S0 Saqp 11 So-1  So-2 So3 Sa3 Ja
G0 | Sqp a1 Soa Sap Sgp Sy : So,-1 1 So-1 So-2 S22 |S-2-21
f-1 [ Sq1 Sa0 S0 Sa1 S22 Sap 1 So-2| Soq I sgq| Sqo [Sa-l
@2 [ 542 Syq1 Sa1 Sa3 Sa3 Sa3 1503 | Su2 | So- 1 S0 5’-2,0|
€02 [Sg-2 So-1 Sy Sap Sa3 So :3-1,-3 S22 Sa-1 S 1 Sa01
21802 S Soa1 So2 oz Sa-3 G253 Fa-2_Saa S0 Sap _1 _! |
(b) ooy @ G G Gy Gy Gy G G Yo Cgo Uy U,
€0,0 I So S| Sa0 Sap So-1 Saa Sag San Sa2 So2 Sa Saa
0,1 | |50, 1 S| S Sa2 S Sq2 S Sao S Spa Saa Soga
€t ||sya S 1 So-1 Sg-2 Sa-2 Sa-2| Faa Sap S Sa1 So-1 So4
€10 | 540 Sqy |50 I Spy S| S| S20 San Sa2 S S Sa-
S| san sup (S S 1 Sap| Sap| San S22 Sa3 a3 S Sas
o1 | 5o S 0-2 |%-12 [S=-1 S-p 1 i 0| 3;1,1_ _5 42 _ 3_—1,3_ _3 0-3_ 3_—|,;3 _3' -2-3
Q1 |5y Sa- |soa Saa S0 Sap =l So-1 o2 So3 Sa3 a3 Sa.3)
f0 | 40 S Saa Sap S Sy ) Soa 1 Sg1 Sp-2 Sy S| Sao!
G- | sy S0 Sa0 S S22 Sap VSoa [Soa [T Soa Saa] Soo 531y
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Fig. 6.15 Symmetry of S-

odd order

matrix: a sub-determinants of the even order, b sub-determinants of the

At that, a squared error will be as follows as Eq. 6.36.

N M b d
A = Z Z Tij&ij — Z Z Git1j+m%m

l=—am=—c

i=—Nj=——M

2

(6.36)

Let us insert Eq. 6.35 into Eq. 6.36, square it and find a mathematical expec-
tation. Then Eq. 6.37 will be received, where E, is an object video signal energy,
K,(I,m) are values of object autocorrelation function, K,(I,m) are values of
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object/background intercorrelation function, Kinpm(l —k,m —p) are values of
autocorrelation function for input video signal.

b d

b d
M(AZ) = Eg -2 Z Z Kg(l7 m) Lm — 2 Z Z Kgf(la m) o m

l=—a m=—c I=—a m=—c

b d b d
+ Z Z Z Z Kinput(l - k7m _p) 0l mOk.p

I=—a m=—c k=—a p=—c

(6.37)

Values of functions K, (I,m) u K, (I,m) are obtained by corresponding image
areas, as it follows from Eq. 6.37.

Let us find the critical points by differentiation of Eq. 6.37 respect to «; ; and
then obtain Eq. 6.38.

b d
“Ko(i)) ~ Ko i)+ D0 D" Kopuli —Lj—m) -, =0 (638)

l=—a m=—c

Let us divide both parts of Eq. 6.38 by Ejpy, then Eq. 6.39 will be received,
where R’ represents an autocorrelation coefficient, a stroke (') in the right part of
Eq. 6.39 means that it has been obtained by a way for normalization of input signal
energy and not of corresponding energy.

Z Z Rmput Lj— ) OlLm :R;(i,j) +R;,f'(iaj) (639)

l=—a m=—c

Let us consider that R, (i, j) + Rg £(i, j) can be exchanged with R}, /(7, j), if it is
to be found throughout the whole image area. Thus, Eq. 6.40 has a V1ew

Z Z Rmput Lj— )O‘l,m = R;f(i,j)‘ (640)

|[=—a m=—c

The solution of system (Eq. 6.40) is the elements o, of the IR for optimal
DF that minimizes an average squared error. In this connection, the Wiener-Hopf
filtering is performed.

It follows from Eq. 6.32 that Eq. 6.40 can be transcribed as a system of Eq. 6.41,
where s/ ; are values of intercorrelation coefficients of object and input image.

b d
Z Z Si—lj—m&%m = S;‘j (641)

l=—a m=—c
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Compare Eqs. 6.41 and 6.34. The left part of Eq. 6.41 is a system for Eq. 6.34
functional critical points. If the elements of the IR being determined from Eq. 6.41,
then the DF is optimal for highlighting of a pre-defined object, and suppression of
the rest image video signal.

6.10 Quasi-Optimal Spatial Filtering

An input image determines the finding elements of the IR for optimal filter by
means of Eq. 6.41, s;;. A more complicated task is to find values of object and
image intercorrelation coefficient s’ - A joint correlation function with some object
called “standard” is usually applied, the standard having the form similar to an
object form in a source image. In this connection, a processing result will depend on
a “standard” position on an image field.

If the second addend is to be ignored in the right part of Eq. 6.39, then such
filtering can be called quasi-optimal. In this case at determining elements of the IR
for a quasioptimal DF, the system of Egs. 6.42 will be obtained, where s7; are

values of standard autocorrelation functions normed by input image energy.
b d
Z Z Si—lj—m%m = S (6.42)
I=—a m=—c

Let us call such filtering as “Wiener-Hopf-type filtering”.
Let us consider vector determined by Eq. 6.43.

T

H = (CX,H,,C O—g,—c+1 -+ Upd—1 ab,d) (643)

Dimensionality of H' is determined by number of o; j- A vector SI =

(s‘la’_c S% el o Sha-1 52711) corresponds to the found characteristics of the
standard.

An average squared error for quasi-optimal filtering can be obtained by Eq. 6.44
similar to Eq. 6.37, where Egyq. is a standard energy, eEiypy is an energy of pro-

cessed image, (H' - S,) is a matrix composition.
M(AZ) = EstdA + eEinpul - 2Einput (HT : So) (644)

In that case, a quasioptimal filtering efficiency can be estimated by Eq. 6.45,

where ¢ = —gn‘:m
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Fig. 6.16 Example of image processing: a an original image, b an image of the chosen object,
¢ the application of a filter aperture (11 x 11) before threshold processing, d the application of a
filter aperture (11 x 11) after threshold processing

Eetalon 5 5
= = = 6.45
1 n(A?) E4e—-2(HT-S,) &—e (645)

Let us consider application of algorithm (Eq. 6.42) for solving the task of
highlighting a sizable object of certain orientation. Let us highlight the image of a
match (Fig. 6.16), its orientation is shown in Fig. 6.16b. In Fig. 6.16c, d, the results
of image processing by a filter with (11 x 11) aperture before and after threshold
value applying are shown. Figure 6.16d indicates the possibility of highlighting an
object of interest. Therefore, the algorithm (Eq. 6.42) applying conjointly with
nonlinear processing allows the pre-defined objects highlighting in the first stage of
prefiltering.
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The following techniques can be recommended for a quasioptimal DF aperture
selection. The system (Eq. 6.42) can be written in the matrix form (Eq. 6.46).

S-H=S, (6.46)
A relative energy of a processed image will be in the form of Eq. 6.47.
e=H"-S-H (6.47)
The solution for Eq. 6.46 looks like Eq. 6.48.
H=S"'-8§, (6.48)

Let us insert Eq. 6.48 into Eq. 6.47 and after transformation the following
correlation is obtained (Eq. 6.49).

e=S! H (6.49)
Finally from Eqs. 6.48 and 6.49, Eq. 6.50 is obtained.
e=Sl.§71.8, (6.50)

Equation 6.50 allows to define a processing quality at various filter apertures
applying for an image. By the e function, the filter aperture ensuring the best
possible processing can be selected. Then by means of Eq. 6.48, it can be
synthesized.

6.11 Canonical Form of Output Energy Functional

The e function (Eq. 6.31) is a quadratic form and can be transcribed as Eq. 6.47.
From the context of e definition as a relation of processed and input images
energies, it follows that this quadratic form is positively definite quadratic or
positively semidefinite one. If it becomes positively semidefinite in the case, when
the S-matrix order is equal to &, then for matrices of lesser degree this quadratic
form appears to be positively definite.

Consider that the S-matrix of n-order is nondegenerate, i.e. the corresponding
quadratic form appears to be positively definite. So according to the Jacobi algo-
rithm, on condition that all principal sub-determinants of the S-matrix are not equal
to zero, Eq. 6.51 can be obtained in this connection with Eq. 6.52, where a;; are
elements of IR for the DF, A? are principal sub-determinants of the S-matrix,
A =1, A/ are subsidiary sub-determinants, for which the last column of the
principal sub-determinant is necessary to be substituted by a corresponding part of
(i,7) column of the S-matrix.
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- AO 1 42
e= LA 6.51
S os1)
1 n—i i
Ai*l Jj=0

According to Sylvester’s criterion, all principal subdeterminants of the S-matrix
are in this case positive quantities.
From Egs. 6.51 and 6.52, Eq. 6.53 follows.

n—1 A0 0

A, A
e= A+, (6.53)
2w

1

Equation 6.53 is a quadratic form; its matrix is shown in Eq. 6.54.

i— 0 0

AO
0o % 0

AY (6.54)
0 0 .. Aﬁa

Let us assume that n is a number, at which the S-matrix is degenerate. In that
case A) = 0.
It can be shown that Eq. 6.55 is satisfied in critical points of the e function.

Ai=0 i=Tn (6.55)

Therefore, a processing efficiency in critical points is equal to zero, i.e. a
complete rejection of corresponding input image is performed.

The Eq. 6.55 criterion can be applied for estimation of synthesized filter
response to confirm of the required processing quality. In this connection, it is more
suitable to apply the converted expressions Eqgs. 6.51-6.52 in the form of Eq. 6.56,
where A; and A; are determined from Eq. 6.57.

n A? s
e= Z A0 A; (6.56)
i=1 i1
A, LA
A= ﬁ A = ZA_:)ai-‘v-j (6.57)
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In this case, also for all critical points A; = 0, however in other points A; value is
much greater than A;.

Thus, 0(i) = A

T
diagonal, the S-matrix being brought to a diagonal form. The principal sub-
determinants define a matrix grade and, consequently, a discrete filter response. For
S-matrix determination, the matrix entries are normed for signal energy. Therefore,
after the subtraction of constant component from an image and the definition of
consequent S-matrix coefficients the result does not depend from an object contrast
[34].

relations of principal sub-determinants are located on S-matrix

6.12 Conclusion

The proposed way of energy analysis is an alternative approach to the analysis of
image and video sequences. The distinctive feature of the considered methods is the
accounting of edge effects. A separation of movement and calculation of its char-
acteristics are based on this statement. The analysis of values changing in an image
signal at the object edges leads to improvement a performance of motion detection
and movement’s characteristics. Also criteria for efficiency of image processing are
received. The offered approaches can promote the understanding mechanisms of
operation in the highly developed vision such as a human vision.
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Chapter 7
Optimal Measurement of Visual Motion
Across Spatial and Temporal Scales

Sergei Gepshtein and Ivan Tyukin

Abstract Sensory systems use limited resources to mediate the perception of a
great variety of objects and events. Here a normative framework is presented for
exploring how the problem of efficient allocation of resources can be solved in
visual perception. Starting with a basic property of every measurement, captured by
Gabor’s uncertainty relation about the location and frequency content of signals,
prescriptions are developed for optimal allocation of sensors for reliable perception
of visual motion. This study reveals that a large-scale characteristic of human vision
(the spatiotemporal contrast sensitivity function) is similar to the optimal pre-
scription, and it suggests that some previously puzzling phenomena of visual
sensitivity, adaptation, and perceptual organization have simple principled
explanations.

Keywords Resource allocation - Contrast sensitivity - Perceptual organization -
Sensory adaptation - Automated sensing

S. Gepshtein (PX<I)

Systems Neurobiology Laboratories, The Salk Institute for Biological Studies,
10010 North Torrey Pines Road, La Jolla, CA 92037, USA

e-mail: sergei@salk.edu

I. Tyukin

Department of Mathematics, University of Leicester, University Road,
Leicester LE1 7RH, UK

e-mail: i.tyukin@le.ac.uk

I. Tyukin
Department of Automation and Control Processes, Saint-Petersburg State Electrotechnical
University, 5 Professora Popova Str, 197376 Saint-Petersburg, Russia

© Springer International Publishing Switzerland 2015 211
M.N. Favorskaya and L.C. Jain (eds.), Computer Vision in Control Systems-1,
Intelligent Systems Reference Library 73, DOI 10.1007/978-3-319-10653-3_7



212 S. Gepshtein and I. Tyukin

7.1 Introduction

Biological sensory systems collect information from a vast range of spatial and
temporal scales. For example, human vision can discern modulations of luminance
that span nearly seven octaves of spatial and temporal frequencies, while many
properties of optical stimulation (such as the speed and direction of motion) are
analyzed within every step of the scale.

The large amount of information is encoded and transformed for the sake of
specific visual tasks using limited resources. In biological systems, the resources
are the large but finite number of neural cells. The cells are specialized: each is
sensitive to a small subset of optical signals, presenting sensory systems with the
problem of allocation of limited resources. This chapter is concerned with how this
problem is solved by biological vision. How are the specialized cells distributed
across the great number of potential optical signals in the environments that are
diverse and variable?

The extensive history of vision science suggests that any attempt of vision theory
should begin with an analysis of the tasks performed by visual systems. Following
Aristotle, one may begin with the definition of vision as “knowing what is where by
looking” [1]. The following argument concerns the basic visual tasks captured by
this definition. The “what” and “where” of visual perception are associated with two
characteristics of optical signals: their frequency content and locations, in space and
time. The last statement implicates at least five dimensions of optical signals (which
will become clear in a moment).

The basic visual tasks are bound by first principles of measurement. To see that,
consider a measurement device (a “sensor” or “cell”) that integrates its inputs over
some spatiotemporal interval. An individual device of an arbitrary size will be more
suited for measuring the location or the frequency content of the signal, reflected in
the uncertainties of measurement. The uncertainties associated with the location and
the frequency content are related by a simple law formalized by Gabor [2], who
showed that the two uncertainties trade off across scales. As the scale changes, one
uncertainty rises and the other falls.

Assuming that the visual systems in question are interested in both the locations
and frequency content of optical signals (“stimuli”), the tradeoff of uncertainties
will attain a desired (“optimal”) balance of uncertainties at some intermediate scale.
The notion of the optimal tradeoff of uncertainty has received considerable attention
in studies of biological vision. This is because the “receptive fields” of single neural
cells early in the visual pathways appear to approximate one or another form of the
optimal tradeoff [3—10].

Here the tradeoff of uncertainties is formulated in a manner that is helpful for
investigating its consequences outside of the optimum: across many scales, and for
cell populations rather than for single cells. Then the question is posed of how the
scales of multiple sensory cells should be selected for simultaneously minimizing
the uncertainty of measurement for all the cells, on several stimulus dimensions.
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This article concentrates on how visual motion can be estimated at the lowest
overall uncertainty of measurement across the entire range of useful sensor sizes
(in artificial systems) or the entire range of receptive fields (in biological systems).
In other words, the following is an attempt to develop an economic normative
theory of motion-sensitive systems. Norms are derived for efficient design of such
systems, and then the norms are compared with facts of biological vision.

This approach from first principles of measurement and parsimony helps to
understand the forces that shape the characteristics of biological vision, but which
had appeared intractable or controversial using previous methods. These charac-
teristics include the spatiotemporal contrast sensitivity function, adaptive transfor-
mations of this function caused by stimulus change, and also some characteristics of
the higher-level perceptual processes, such as perceptual organization.

The chapter has the following structure. The uncertainty relation in one
dimension is presented in Sect. 7.2, generalized to two dimensions (of space and
time) in Sect. 7.3. The optimal conditions for motion measurement in view of the
uncertainly are explored in Sect. 7.4. Efficient allocation of sensors according to the
optimal conditions is described in Sect. 7.5. Conclusions are situated in Sect. 7.6.

7.2 Gabor’s Uncertainty Relation in One Dimension

The outcomes of measuring the location and the frequency content of any signal by
a single sensory device are not independent of one another. The measurement of
location assigns the signal to interval Ax on some dimension of interest x. The
smaller the interval the lower the uncertainty about signal location. The uncertainty
is often described in terms of the precision of measurements, quantified by the
dispersion of the measurement interval or, even simpler, by the size of the interval,
Ax. The smaller the interval, the lower the uncertainty about location, and the higher
the precision of measurement.

The measurement of frequency content evaluates how the signal varies over x,
i.e., the measurement is best described on the dimension of frequency of signal
variation, f;. The measurement of frequency content is equivalent to localizing the
signal on f;: assigning the signal to some interval Af,. Again, the smaller the
interval, the lower the uncertainty of measurement and the higher the precision.'

The product of uncertainties about the location and frequency content of the
signal is bounded “from below” [2, 11-13]. The product cannot be smaller than
some positive constant C,:

UfoZCxa (71)

' For brevity, here “frequency content” will sometimes be shortened to “content.”
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where U, and Uy are the uncertainties about the location and frequency content of
the signal, respectively, measured on the intervals Ax and Af;.

Equation 7.1 means that any measurement has a limit at U, Uy = C,. At the limit,
decreasing one uncertainty is accompanied by increasing the other. For simplicity,
let us quantify the measurement uncertainty by the size of the measurement interval.
Gabor’s uncertainty relation may therefore be written as

AxAf, > Cy, (7.2)
and its limiting condition as
AxAfy = Cy. (7.3)

Let us consider the consequences of the uncertainty relation for sensory mea-
surement, first for single sensors (Sect. 7.2.1) and then for sensor populations
(Sect. 7.2.2), which afford several benefits (Sect. 7.2.3).

7.2.1 Single Sensors

First, consider how the uncertainty relation constrains the measurements by a single
measuring device: a “sensor.” Figure 7.1 illustrates three spatial sensors of different
sizes. In Fig. 7.1a, the measurement intervals of the sensors are defined on two
spatial dimensions. For simplicity, let us consider just one spatial dimension, x, so
the interval of measurement (“sensor size”) is Ax.

The limiting effect of the uncertainty relation for such sensors has a convenient
graphic representation called “information diagram” (Fig. 7.1b). Let the two mul-
tiplicative terms of Eq. 7.3 be represented by the two sides of a rectangle in
coordinate plane (x, f;). Then C; is the rectangle area. Such rectangles are called
“information cells” or “logons.” Three logons, of different shapes but of the same
area Cy, are shown in Fig. 7.1b, representing the three sensors:

e The logon of the smallest sensor (smallest Ax, left) is thin and tall, indicating
that the sensor has a high precision on x and a low precision on f;.

e The logon of the largest sensor (right) is thick and short, indicating a low
precision on x and a high precision on f;.

e The above sensors are specialized for measuring either the location or frequency
content of signals. The medium-size sensor (middle) offers a compromise: its
uncertainties are not as low as the lowest uncertainties (but not as high as the
highest uncertainties) of the specialized sensors. In this respect, the medium-size
sensor trades one kind of uncertainty for another.

The medium-size sensors are most useful for jointly measuring the locations and
frequency content of signals.
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Fig. 7.1 Components of
measurement uncertainty.

a The image is sampled by
three sensors of different
sizes. b The three sensors are
associated with Gabor’s
logons: three rectangles that
have the same areas but
different shapes, according to
the limiting condition of the
uncertainty relation in Eq. 7.3.
¢ Functions U, and Uy
represent the uncertainties
about the location and content
of the measured signal (the (b) 1
horizontal and vertical extents
of the logons in b,
respectively), and function U;
represents the joint
uncertainty about signal
location and content

Spatial frequency f,

Location x

~
(]
~

Uncertainty

Measurement interval ~ Ax

The ranking of sensors can be formalized using an additive model of uncertainty
(Fig. 7.1c). The motivation for such an additive model is presented in Appendix 1.
Let us assume that visual systems have no access to complete prior information
about the statistics of measured signals (such as the joint probability density
functions for the spatial and temporal locations of stimuli and their frequency
content). Instead, the systems can reliably estimate only the means and variances of
the measured quantities.

Accordingly, the overall uncertainty in Fig. 7.1c has the following compo-
nents. The increasing function represents the uncertainty about signal location:
U, = Ax. The decreasing function represents the uncertainty about signal content:
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Ur = Af, = C;/Ax (from Eq. 7.3). The joint uncertainty of measuring signal
location and content is represented by the non-monotonic function U;:

1
[]j =AU, + )”fo = A dx + )»fA—, (74)
X

where A, and /; are positive coefficients reflecting how important the components
of uncertainty are relative to one another.

The additive model of Eq. 7.4 implies a worst-case estimate of the overall
uncertainty (explained just below in terms of the minimax principle). The additive
components are weighted, while the weights are playing several roles. They bring
the components of uncertainty to the same units, allowing for different magnitude of
C,, and representing the fact that the relative importance of the components
depends on the task at hand.”

The joint uncertainty function (U; in Fig. 7.1c) has its minimum at an inter-
mediate value of Ax. This is a point of equilibrium of uncertainties, in that a sensor
of this size implements a perfect balance of uncertainties about the location and
frequency content of the signal [14]. If measurements are made in the interest of
high precision, and if the location and the frequency content of the signal are
equally important, then a sensor of this size is the best choice for jointly measuring
the location and the frequency content of the signal.

The Minimax Principle

What is the best way to allocated resources in order to reduce the chance of gross
errors of measurement. One approach to solving this problem is using the minimax
strategy devised in game theory for modeling choice behavior [15, 16]. Generally,
the minimax strategy is used for estimating the maximal expected loss for every
choice and then pursuing the choices for which the expected maximal loss is
minimal. In the present case, the choice is between the sensors that deliver infor-
mation with variable uncertainty.

In the following, the minimax strategy is implemented by assuming the maximal
(worst-case) uncertainty of measurement across the sensors spanning the entire
range of the useful spatial and temporal scales. This strategy is used in two ways.
First, the consequences of Gabor’s uncertainty relation are investigated under the
assumption that the uncertainty of measurement is as high as possible (i.e., using
the limiting case of uncertainty relation; Eq. 7.3). Second, the outcomes of mea-
surement on different sensors are anticipated by adding their component uncer-
tainties, i.e., using the joint uncertainty function of Eq. 7.4. (Advantages of the
additive model are explained in Appendix 1.) Suppose that sensor preferences are
ranked according to the expected maximal uncertainty: the lower the uncertainty,
the higher the preference.

2 Different criteria of measurement and sensor shapes correspond to different magnitudes of Cy.
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7.2.2 Sensor Populations

Real sensory systems have at their disposal large but limited numbers of sensors.
Since every sensor is useful for measuring only some aspects of the stimulus,
sensory systems must solve an economic problem: they must distribute their sensors
in the interest of perception of many different stimuli. Let us consider this problem
using some simple arrangements of sensors.

First, consider a population of identical sensors in which the measurement
intervals do not overlap. Figure 7.2a contains three examples of such sensors, using

(a)
fo (@] o (0]
X
(b)y

Uncertainty

L

—_—
)
—
-
o

Allocation preference

Y

Ax (spatial or temporal interval: As or Af)

Fig. 7.2 Allocation of multiple sensors. a Information diagrams for a population of four sensors,
using sensors of the same size within each population, and of different sizes across the populations.
b Uncertainty functions. The red curve is the joint uncertainty function introduced in Fig. 7.1, with
the markers indicating special conditions of measurement: the lowest joint uncertainty (the circle)
and the equivalent joint uncertainty (the squares), anticipating the optimal sets and the equivalence
classes of measurement in the higher-dimensional systems illustrated in Figs. 7.3 and 7.4.
¢ Preference functions. The solid curve is a function of allocation preference (here reciprocal to the
uncertainty function in b: an optimal distribution of sensors, expected to shift (dashed curve) in
response to change in stimulus usefulness
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the information diagram introduced in Fig. 7.1. Each of the three diagrams in
Fig. 7.2a portrays four sensors, identical to one another except they are tuned to
different intervals on x (which can be space or time). Each panel also contains a
representation of a narrow-band signal: the yellow circle, the same across the three
panels of Fig. 7.2a. The different arrangements of sensors imply different resolu-
tions of the system for measuring the location and frequency content of the
stimulus.

e The population of small sensors (small Ax on the left of Fig. 7.2a) is most
suitable for measuring signal location: the test signal is assigned to the rightmost
quarter on the range of interest in x. In contrast, measurement of frequency
content is poor: signals presented anywhere within the vertical extent of the
sensor (i.e., within the large interval on f;) will all lead to the same response.
This system has a good location resolution and poor frequency resolution.

e The population of large sensors (large Ax on the right of Fig. 7.2a) is most
suitable for measuring frequency content. The test signal is assigned to a small
interval on f,. Here, measurement of location is poor. This system has a good
frequency resolution and poor location resolution.

e The population of medium-size sensors can obtain useful information about
both locations and frequency content of signals. It has a better frequency res-
olution than the population of small sensors, and a better location resolution than
the population of large sensors.

Consequences of the different sensor sizes are summarized by the joint uncer-
tainty function in Fig. 7.2b. (For non-overlapping sensors, the function has the same
shape as in Fig. 7.1c). The figure makes it clear that the sensors or sensor popu-
lations with very different properties can be equivalent in terms of their joint
uncertainty. For example, the two filled squares in Fig. 7.2b mark the uncertainties
of two different sensor populations: one contains only small sensors and the other
contains only large sensors.

The populations of sensors, in which the measurement intervals overlap, are
more versatile than the populations of non-overlapping sensors. For example, the
sensors with large overlapping intervals can be used to emulate measurements by
the sensors with smaller intervals (Appendix 2), reducing the uncertainty of
stimulus localization. Similarly, groups of overlapping sensors with small mea-
surement intervals can emulate the measurements by sensors with larger intervals,
reducing the uncertainty of identification. Overall, a population of the overlapping
sensors can afford lower uncertainties across the entire range of measurement
intervals, represented in Fig. 7.2b by the dotted curve: a lower-envelope uncer-
tainty function. Still, the new uncertainty function has the same shape as the
previous function (represented by the solid line) because of the limited total
number of the sensors.
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7.2.3 Cooperative Measurement

To illustrate the benefits of measurement using multiple sensors, suppose that the
stimulation was uniform and one could vary the number of sensors in the popu-
lation at will, starting with a system that has only a few sensors, toward a system
that has an unlimited number of sensors.

e A gystem equipped with very limited resources, and seeking to measure both the
location and the frequency content of signals, will have to be unmitigatedly
frugal. It will use only the sensors of medium size, because only such sensors
offer useful (if limited) information about both properties of signals.

e A system enjoying unlimited resources will be able to afford many specialized
sensors or groups of such sensors (represented by the different information
diagrams in Fig. 7.2a).

¢ A moderately wealthy system: a realistic middle ground between the extremes
outlined above will be able to escape the straits of Gabor’s uncertainty relation
using different specialized sensors and thus measuring the location and content
of signals with high precision.

As one considers systems with different numbers of sensors, from small to large,
one expects to find an increasing ability of the system to afford the large and small
measurement intervals. As the number of sensors increases, their allocation will
expand in two directions, up and down on the dimension of sensor scale: from using
only the medium-size sensors in the poor system, to using also the small and large
sensors in the wealthier systems. This allocation policy is illustrated in Fig. 7.2c.
The preference function in Fig. 7.2c indicates that, as the more useful sensors are
expected to grow in number, the distribution of sensors will form a smooth function
across the scales. As mentioned, the sensitivity of the system is expected to follow a
function monotonically related to the preference function.

Increasing the number of sensors selective to the same stimulus condition is
expected to improve sensory performance, manifested in lower sensory thresholds.
One reason for such improvement in biological sensory systems is the fact that
integrating information across multiple sensors will help to reduce the detrimental
effect of the noisy fluctuations of neural activity, in particular when the noises are
uncorrelated.

The preference function in Fig. 7.2¢ is exceedingly simple: it merely mirrors the
joint uncertainty function of Fig. 7.2b. This example helps to illustrate some special
conditions of the uncertainty of measurement and to anticipate their consequences
for sensory performance. First, the minimum of uncertainty corresponds to
the maximum of allocation preference, where the highest sensitivity is expected.
Second, equal uncertainties correspond to equal allocation preferences, where equal
sensitivities are expected. Allocation policies are considered again in Sects. 7.4 and
7.5, where the relationship is studied between a normative prescription for resource
allocation and a characteristic of performance in biological vision.
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7.3 Gabor’s Uncertainty in Space-Time

Let us consider how Gabor’s uncertainty generalizes to two dimensions. A two-
dimensional spatiotemporal uncertainty function is introduced in Sect. 7.3.1, and
the equivalence classes of uncertainty are derived in Sect. 7.3.2. The interaction
between the spatial and temporal dimensions of uncertainty is discussed in
Sect. 7.3.3.

7.3.1 Uncertainty in Two Dimensions

Consider a more complex case, where signals vary on two dimensions: space
and time. Here, the measurement uncertainty has four components, illustrated in
Fig. 7.3a. The bottom of Fig. 7.3a is a graph of the spatial and temporal sensor sizes
(T,S) = (41, 4s). Every point in this graph corresponds to a “condition of mea-
surement” associated with the four properties of sensors.” By Gabor’s uncertainty
relation, spatial and temporal intervals (A¢, As) are associated with, respectively, the
spatial and temporal frequency intervals (4f;, Af;).

The four-fold dependency is explained on the side panels of the figure using
Gabor’s logons, each associated with a sensor labeled by a numbered disc. For
example, in sensor 7 the spatial and temporal intervals are small, indicating a good
precision of spatial and temporal localization (i.e., concerning “where” and “when”
the stimuli occurs). But the spatial and temporal frequency intervals are large,
indicating a low precision in measuring spatial and temporal frequency content
(a low capacity to serve the “what” task of stimulus identification). This pattern is
reversed in sensor 3, where the precision of localization is low but the precision of
identification is high.

As in the previous example (Fig. 7.1b, c), here the one-dimensional uncertainties
are summarized using joint uncertainty functions: the red curves on the side panels
of Fig. 7.3b. Each function has the form of Eq. 7.4, applied separately to spatial:

Us=MhS+ 72/S
and temporal:

Ur = )»3T—|—i4/T

3 Here the sensors are characterized by intervals following the standard notion that biological
motion sensors are maximally activated when the stimulus travels some distance 4s over some
temporal interval At [17].
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dimensions, where S = As and T = At. Next, spatial and temporal uncertainties are
combined for every spatiotemporal condition:

Usr = Ur + Us
to obtain a bivariate spatiotemporal uncertainty function:

A4

- (7.5)

A
Ugr = AIS+§2+JV3T+

represented in Fig. 7.3b by a surface.

The spatiotemporal uncertainty function in Fig. 7.3b has a unique minimum, of
which the projection on graph (T, S) is marked by the red dot: the point of perfect
balance of the four components of measurement uncertainty. Among the conditions
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of imperfect balance of uncertainties, consider the conditions of an equally
imperfect balance. These are the equivalence classes of measurement uncertainty,
represented by the level curves of the surface. The concentric contours on the
bottom of Fig. 7.3b are the projections of some of the level curves.

7.3.2 Equivalence Classes of Uncertainty

Contours of equal measurement uncertainty are reproduced in Fig. 7.4 from the
bottom of Fig. 7.3b. The pairs of connected circles indicate that the slopes of
equivalence contours vary across the conditions of measurement. This fact has
several interesting implications for the perception of visual motion.

First, if the equivalent conditions of motion perception were consistent with the
equivalent conditions of uncertainty, then some lawful changes in the perception of
motion would be expected for stimuli that activate sensors in different parts of the
sensor space. This prediction was confirmed in studies of apparent motion, which is
the experience of motion from discontinuous displays, where the sequential views
of the moving objects (the “corresponding image parts”) are separated by spatial (g)
and temporal (7) distances. Perceptual strength of apparent motion in such displays
was conserved: sometimes by changing ¢ and t in the same direction (both
increasing or both decreasing), which is the regime of space-time coupling [22], and
sometimes by trading off one distance for another: the regime of space-time tradeoff
[23]. Gepshtein and Kubovy [20] found that the two regimes of apparent motion
were special cases of a lawful pattern: one regime yielded to another as a function
of speed, consistent with the predictions illustrated in Fig. 7.4.

\

Space -time —
A
Optimum | |

1 ‘/\'

\ \ \ @ | |
N ]
A i

N ks ll| I

Space-time i1

tradeoff \\ / /]

I
o Eh ¢

Spatial interval S

Temporal interval T

Fig. 7.4 Equivalence classes of uncertainty. The contours represent equal measurement
uncertainty (reproduced from the bottom panel of Fig. 7.3b and the red circle represents the
minimum of uncertainty. The pairs of connected circles labeled “space-time coupling” and “space-
time tradeoff” indicate why some studies of apparent motion discovered different regimes of
motion perception in different stimuli [20, 21]
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Second, the regime of space-time coupling undermines one of the cornerstones
of the literature on visual perceptual organization: the proximity principle of per-
ceptual grouping [24, 25]. The principle is an experimental observations from the
early days of the Gestalt movement, capturing the common observation that the
strength of grouping between image parts depends on their distance: the shorter
the distance the stronger the grouping. In space-time, the principle would hold, if
the strength of grouping had not changed, when increasing one distance (¢ or 1)
was accompanied by decreasing the other distance (t or ¢): the regime of tradeoff
[26]. The fact that the strength of grouping is maintained by increasing both ¢ and
7, or by decreasing both ¢ and 7, is inconsistent with the proximity principle [21].

7.3.3 Spatiotemporal Interaction: Speed

Now let us consider the interaction of the spatial and temporal dimensions of
measurement. A key aspect of this interaction is the speed of stimulus variation: the
rate of temporal change of stimulus intensity across spatial location. The dimension
of speed has been playing a central role in the theoretical and empirical studies of
visual perception [17, 27, 28]. Not only is the perception of speed crucial for the
survival of mobile animals, but it also constitutes a rich source of auxiliary infor-
mation for parsing the optical stimulation [29, 30].

What is more, speed appears to play the role of a control parameter in the
organization of visual sensitivity. The shape of a large-scale characteristic of visual
sensitivity (measured using continuous stimuli) is invariant with respect to speed
[31, 32]. And a characteristic of the strength of perceived motion in discontinuous
stimuli (giving rise to “apparent motion”) collapse onto a single function, when
plotted against speed [20].

From the present normative perspective, the considerations of speed measure-
ment (combined with the foregoing considerations of measuring the location and
frequency content) of visual stimuli have two pervasive consequences, which are
reviewed in some detail next. First, in a system optimized for the measurement of
speed, the expected distribution of the quality of measurement has an invariant
shape, distinct from the shape of such a distribution conceived before one has taken
into account the measurement of speed (Fig. 7.4). Second, the dynamics of visual
measurement, and not only its static organization, will depend on the manner of
interaction of the spatial and temporal aspects of measurement.

In Figs. 7.3 and 7.4, a distribution of the expected uncertainty of measurement
was derived from a local constraint on measurement. The local constraint was
defined separately for the spatial and temporal intervals of the sensor. The con-
siderations of speed measurement add another constraint, which has to do with the
relationship between the spatial and temporal intervals.
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(a) U, 0, (b)

Minimum
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 —
Time

Fig. 7.5 Economic measurement of speed. a The rectangle represents a sensor defined by spatial
and temporal intervals (S and 7). From considerations of parsimony, the sensor is more suitable for
measurement of speed v, = §/T than v; or v3 since no part of S or T is wasted in measurement of
vy. b Liebig’s barrel. The shortest stave determines barrel’s capacity. Parts of longer staves are
wasted since they do not affect the capacity

The ability to measure speed by a sensor defined by spatial and temporal
intervals depends on the extent of these intervals. As it is shown in Fig. 7.5a,
different ratios of the spatial extent to the temporal extent make the sensor differ-
ently suitable for measuring different magnitudes of speed.

This argument is one consequence of the Law of The Minimum [33], illustrated
in Fig. 7.5b using Liebig’s barrel. A broken barrel with the staves of different
lengths can hold as much content as the shortest stave allows. Using the staves of
different lengths is wasteful because a barrel with all staves as short as the shortest
stave would do just as well. In other words, the barrel’s capacity is limited by the
shortest stave.

Similarly, a sensor’s capacity for measuring the speed is limited by the extent of
its spatial and temporal intervals. The capacity is not used fully, if the spatial and
temporal projections of vector v are larger or smaller than the spatial and temporal
extents allow (v; and v; in Fig. 7.5b). Just as the extra length of the long staves is
wasted in the Liebig’s barrel, the spatial extent of the sensor is wasted in mea-
surement of v; and the temporal extent is wasted in measurement of v;. Let us
therefore start with the assumption that the sensor defined by the intervals S and T is
best suited for measuring speed v = S/T.

7.4 Optimal Conditions for Motion Measurement

Several special conditions of motion measurements — the minima of uncertainty
and the shape of the optimal set of measurement — are introduced, respectively, in
Sects. 7.4.1 and 7.4.2.
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7.4.1 Minima of Uncertainty

The optimal conditions of measurement are expected, where the measurement
uncertainty is the lowest. Using a shorthand notation for the spatial and temporal
partial derivatives of Usr in Eq. 7.4, OUs = OUsr/0S and 0Ur = 0Usr /0T, the
minimum of measurement uncertainty is the solution of

dUrdT + dUsdS = 0. (7.6)

The optimal condition for the entire space of sensors, disregarding individual
speeds, is marked as the red point in Fig. 7.4. To find the minima for specific speeds
v;, let us rewrite Eq. 7.6 such that speed appears in the equation as an explicit term.
By dividing each side of Eq. 7.6 by dT, and using the fact that v; = dS/dT, Eq. 7.6
becomes

oUgv; + 0Ur = 0. (77)

The solution of Eq. 7.7 is a set of optimal conditions of measurement across
speeds. To illustrate the solution graphically, consider the vector form of Eq. 7.7,
i.e., the scalar product

<g<r,s>, V(T,s>> =0, (7.8)
where the first term is the gradient of measurement uncertainty function
g(r.s) = (Our, Jus) (7.9)
and the second term is the speed
virs) = (T,vT) (7.10)

for sensors with parameters (7,S). For now, assume that the speed, to which a
sensor is tuned is the ratio of spatial to temporal intervals (v = §/T) that define the
logon of the sensor. (Normative considerations of speed tuning are reviewed in
Sect. 7.3.3.)

The two terms of Eq. 7.8 are shown in Fig. 7.6: separately in panels A-B and
together in panel C. The blue curve in panel C represents the set of conditions
where vectors v and g are orthogonal to one another, satisfying Eq. 7.8. This curve
is the “optimal set” for measuring speed while minimizing the uncertainty about
signal location and content.
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Fig. 7.6 Graphical solution of Eq. 7.8 without integration of speed. a Local gradients of
measurement uncertainty g. b Speeds v, to which the different sensors are tuned. ¢ Optimal
conditions (blue curve) arise, where g and v are orthogonal to one another (Eq. 7.8). The yellow
circles are two examples of locations, where the requirement of orthogonality is satisfied. (Arrow
lengths are normalized to avoid clutter.)

7.4.2 The Shape of Optimal Set

The solution of Eq. 7.8 was derived for speed defined at every point in the space of
intervals (T,S): the blue arrows in Fig. 7.6b. This picture is an abstraction that
disregards the fact that measurements are performed while the sensors integrate
stimulation over sensor extent. The solution of Eq. 7.8 that takes this fact into
account is described in Fig. 7.7. The integration reduces differences between the
directions of adjacent speed vectors (panel B), and so the condition of orthogonality
of g and v is satisfied at locations other than in Fig. 7.6.

The red curve Fig. 7.7c is the “integral” optimal set for measuring speed. This
figure presents an extreme case, where speeds are integrated across the entire range
of stimulation, as if every sensor had access to the expected speed of stimulation
across the entire range of stimulus speed:

ve:/p(v)vdv7 (7.11)
0

where p(v) is the distribution of speed in the stimulation. At this extreme, every v is
co-directional with the expected speed.

In comparison to the local optimal set (the blue curve in Fig. 7.7¢), many points
of the integral optimal set (the red curve) are shifted away from the origin of the
parameter space. The shift is small in the area of expected speed v, (the black line in
Fig. 7.8), yet the shift increases away from the expected speed, such that the integral
optimal set has the shape of a hyperbola.

The position of the optimal set in the parameter space depends on the prevailing
speed of stimulation [19], as Fig. 7.8 illustrates. This dependence is expected to be
more pronounced in cases where the integration by receptive fields is large.
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Fig. 7.7 Graphical solution of Eq. 7.8 with integration of speed. a Local gradient of measurement
uncertainty g as in Fig. 7.6a. b Speeds v integrated across multiple speeds. ¢ Now the optimal
conditions (red curve) arise at locations different from those in Fig. 7.6 (the blue curve is a copy
from Fig. 7.6¢)
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Fig. 7.8 Effect of expected stimulus speed. The red and blue curves are the optimal sets derived in
Figs. 7.6 and 7.7, now shown in logarithmic coordinates to emphasize that the “integral” optimal
set (red) has the invariant shape of a rectangular hyperbola, whereas the “local” optimal set (blue)
does not. From a to ¢, the expected stimulus speed (Eq. 7.11) decreases, represented by the black
lines. The position of the integral optimal set changes accordingly

To summarize, the above argument has been concerned with how speed inte-
gration affects the optimal conditions for speed measurement. At one extreme, with
no integration, the set of optimal conditions could have any shape. At the other
extreme, with the scope of integration maximally large, the optimal set is a
hyperbola. In between, the larger the scope of integration, the more the optimal set
resembles a hyperbola. The position of this hyperbola in the parameter space
depends on the prevalent speed of stimulation.

This argument has two significant implications. First, the distribution of
resources in the visual system is predicted to have an invariant shape, which is
consistent with results of measurements in biological vision (Fig. 7.9) using a
variety of psychophysical tasks and stimuli [27, 34-36]. Second, it implies that
changes in statistics of stimulation will have a predictable effect on allocation of
resources, helping the systems adapt to the variable stimulation, a theme developed
in the next section.
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7.5 Sensor Allocation

In this section, let us consider adaptive allocation of sensors: its norms (Sect. 7.5.1)
and mechanisms (Sect. 7.5.2).

7.5.1 Adaptive Allocation

Allocation of sensors is likely to depend on several factors that determine sensor
usefulness, such as sensory tasks and properties of stimulation. For example, when
the organism needs to identify rather than localize the stimulus, large sensors are
more useful than small ones. Allocation of sensors by their usefulness is therefore
expected to shift, for example as shown in Fig. 7.2c.

Such shifts of allocation are expected also because the environment is highly
variable. To insure that sensors are not allocated to stimuli that are absent or
useless, biological systems must monitor their environment and the needs of
measurement. As the environment or needs change, the same stimuli become more
or less useful. The system must be able to reallocate its resources: change properties
of sensors such as to better measure useful stimuli.

Because of the large but limited pool of sensors at their disposal, real sensory
systems occupy a middle ground between the extremes of sensor “wealth.” Such
systems can afford some specialization but they cannot be wasteful. They are
therefore subject to Gabor’s uncertainty relation, but they can alleviate conse-
quences of the uncertainty relation, selectively and to some extent, by allocating
sensors to some important classes of stimuli. Allocation preferences of such sys-
tems is expected to look like that in Fig. 7.2¢, yet generalized to multiple stimulus
dimensions.

To summarize, the above analysis suggests that sensory systems are shaped by
constraints of measurement and the economic constraint of limited resources. This
is because the sensors of different sizes are ordered according to their usefulness in
terms of Gabor’s uncertainty relation. These considerations are simple preceding
in the one-dimensional analysis undertaken so far. In the more complex case
considered in the next section, this approach leads to nontrivial conclusions. In
particular, this approach helps to explain several puzzling phenomena in perception
of motion and in motion adaptation.

The preceding analysis has led to a prescription for how receptive fields of
different spatial and temporal extents ought to be distributed across the full range of
visual stimuli. By this prescription, changes in usefulness of stimuli are expected to
cause changes in receptive field allocation. Now consider some specific predictions
of how the reallocation of resources is expected to bring about systematic changes
in spatiotemporal visual sensitivity. Because the overall amount of resources in the
system is limited, an improvement of visual performance (such as a higher sensi-
tivity) at some conditions will be accompanied by a deterioration of performance
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Fig. 7.9 Human spatiotemporal contrast sensitivity function, shown as a surface in a and a
contour plot in b. Conditions of maximal sensitivity across speeds form the thick curve labeled
“max.” The maximal sensitivity set has the shape predicted by the normative theory: the red curve
in Fig. 7.7. The mapping from measurement intervals to stimulus frequencies is explained in
[19, 27]. Both panels are adopted from [31]

(a lower sensitivity) at other conditions, leading to counterintuitive patterns of
sensitivity change.

Let us assume should be allocated to the equally useful stimuli, when certain
speeds become more prevalent or more important for perception than other speeds
period. Then, the visual system is expected to allocate more resources to the more
important speeds. For example, Fig. 7.10a, b contains maps of spatiotemporal
sensitivity computed for two environments, with high and low prevailing speeds.
Figure 7.10c is a summary of differences between the sensitivity maps. The pre-
dicted changes form well-defined foci of increased performance and large areas of
decreased performance. Gepshtein et al. [37] used intensive psychophysical
methods [38] to measure the entire spatiotemporal contrast sensitivity function in
different statistical “contexts” of stimulation. They found that sensitivity changes
were consistent with the predictions illustrated in Fig. 7.10.

50

S 328 e
9 > > k>
> = O [
= © @ Z 10 >
z 358 88
2 o g 5 ©c
Q o S o
> < © T >
9 s N @ o3
= T = =
= gegs ! 2
© ~E 5

g s 2 08 o®
£ [} ©
I e

0.1 05 1 5 10 01 051 5 10 01 051 5 10
Spatial frequency (cyc/deg) Spatial frequency (cyc/deg) Spatial frequency (cyc/deg)

Fig. 7.10 Predictions for adaptive reallocation of sensors. a, b Sensitivity maps predicted for two
stimulus contexts: dominated by high speed in a and low speed in b. The color stands for normalized
sensitivity. ¢ Sensitivity changes computed as 100 x a/b, where a and b are map entries in a and b,
respectively. Here, the color stands for sensitivity change: gain in red and loss in blue
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These results suggest a simple resolution to some long-standing puzzles in the
literature on motion adaptation. In the early theories, adaptation was viewed as a
manifestation of neural fatigue. Later theories were more pragmatic, assuming that
sensory adaptation is the organism’s attempt to adjust to the changing environment
[39—42]. But evidence supporting this view has been scarce and inconsistent. For
example, some studies showed that perceptual performance improved at the
adapting conditions, but other studies reported the opposite [43, 44]. Even more
surprising were systematic changes of performance for stimuli very different from
the adapting ones [44]. According to the present analysis, such local gains and
losses of sensitivity are expected in a visual system that seeks to allocate its limited
resources in face of uncertain and variable stimulation (Fig. 7.10). Indeed, the
pattern of gains and losses of sensitivity manifests an optimal adaptive behavior.

This example illustrates that in a sensory system with scarce resources, opti-
mization of performance will lead to a reduction of sensitivity to some stimuli. This
phenomenon is not unique to sensory adaptation [45]. For example, demanding
tasks may cause impairment of visual performance for some stimuli, as a conse-
quence of the task-driven reallocation of visual resources [46, 47].

7.5.2 Mechanism of Adaptive Allocation

From the above it follows that the shape of the spatiotemporal sensitivity function,
and also transformations of this function, can be understood by studying the
uncertainties implicit to visual measurement. This idea received further support
from simulations of a visual system equipped with thousands of independent
(uncoupled) sensors, each having a spatiotemporal receptive field [48, 49].

In these studies, spatiotemporal signals were sampled from known statistical
distributions. Receptive fields parameters were first distributed at random. They
were then updated according to a generic rule of synaptic plasticity [5S0-53]. The
changes of receptive fields amounted to small random steps in the parameter space,
modeled as stochastic fluctuations of the spatial and temporal extents of the
receptive fields. Step length was proportional to the (local) uncertainty of mea-
surement by individual receptive fields. The steps were small, where the uncertainty
was low, and the receptive fields changed little. Where the uncertainty was high, the
steps were larger, so the receptive fields tended to escape the high-uncertainty
regions. This stochastic behavior led to a “drift” of receptive fields in the direction
of low uncertainty of measurement [49], predicted by standard stochastic methods
[54], as if the system sought stimuli that could be measured reliably (cf. [55]).

Remarkably, the independent stochastic changes of receptive fields (their
uncoupled “stochastic tuning”) steered the system toward the distribution of
receptive field parameters predicted by the normative theory described in Sect. 7.4,
and leading to the distribution of sensitivity observed in human vision (Fig. 7.9).
When the distribution of stimuli changed, mimicking a change of sensory environ-
ment, the system was able to spontaneously discover an arrangement of sensors
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optimal for the new environment, in agreement with the predictions illustrated in
Fig. 7.10 [56]. This is an example of how efficient allocation of resources can emerge
in sensory systems by way of self-organization, enabling a highly adaptive sensory
behavior in face of the variable (and sometimes unpredictable) environment.

7.6 Conclusions

A study of allocation of limited resources for motion sensing across multiple spatial
and temporal scales revealed that the optimal allocation entails a shape of the
distribution of sensitivity similar to that found in human visual perception. The
similarity suggested that several previously puzzling phenomena of visual sensi-
tivity, adaptation, and perceptual organization have simple principled explanations.
Experimental studies of human vision have confirmed the predictions for sensory
adaptation. Since the optimal allocation is readily implemented in self-organizing
neural networks by means of unsupervised leaning and stochastic optimization, the
present approach offers a framework for neuromorphic design of multiscale sensory
systems capable of automated efficient tuning to the varying optical environment.
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Appendices
Appendix 1. Additivity of Uncertainty

For the sake of simplicity, the following derivations concern the stimuli that can be
modeled by integrable functions / : R — R of one variable x. Generalizations to
functions of more than one variable are straightforward. Consider two quantities:

e Stimulus location on x, where x can be space or time, and the “location”
indicates respectively “where” or “when” the stimulus has occurred.

e Stimulus content on f;, where f; can be spatial or temporal frequency of stimulus
modulation.

Suppose a sensory system is equipped with many measuring devices (“sensors”),
each used to estimate both stimulus location and frequency content from “image”
(or “input”) I(x). Assume that the outcome of measurement is a random variable
with probability density function p(x,f). Let
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(x.f)df (7.12)

be the (marginal) means of p(x,f) on dimensions x and f;, (abbreviated as f).

It is sometimes assumed that sensory systems “know” p(x,f), which is not true in
general. Generally, one can only know (or guess) some properties of p(x, f), such as its
mean and variance. Reducing the chance of gross error due to the incomplete infor-
mation about p(x,f) is accomplished by a conservative strategy: finding the minima
on the function of maximal uncertainty, i.e., using a minimax approach [15, 16].

The minimax approach is implemented in two steps. The first step is to find such
px(x) and py(f), for which measurement uncertainty is maximal. (The uncertainty is
characterized conservatively, in terms of variance alone [2]). The second step is to
find the condition(s), at which the function of maximal uncertainty has the smallest
value: the minimax point(s).

Maximal uncertainty is evaluated using the well-established definition of entropy
[58] (cf. [59, 60]):

H(X.F) = — / p(x.f) log plx.f) dxdf.

According to the independence bound on entropy (Theorem 2.6.6 in [61]),
H(X,F)<H(X)+H(F)=H"(X,F), (7.13)

where

H(X): _fpx Ingx )d
H(F) = — [ps(f) logpy(f) df

Therefore, the uncertainty of measurement cannot exceed

H*(X’F): _fpx Ingx )d
— ['pr(f) logpy(f) df (7:14)

Eq. 7.14 is the “envelope” of maximal measurement uncertainty: a “worst-case”
estimate.

By the Boltzmann theorem on maximum-entropy probability distributions [61],
the maximal entropy of probability densities with fixed means and variances is
attained, when the functions are Gaussian. Then, the maximal entropy is a sum of
their variances [61] and

1 _2/02
e x* /207

X) =—= ,
Px(x) O’x\/Z_TC
pr(f) ===,
o
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where o, and oy are the standard deviations. Then maximal entropy is
2, 2
H =0, +0;. (7.15)

That is, when p(x, f) is unknown, and all one knows about marginal distributions
px(x) and ps(f) is their means and variances, the maximal uncertainty of mea-
surement is the sum of variances of the estimates of x and f. The following minimax
step is to find the conditions of measurement, at which the sum of variances is the
smallest.

Appendix 2. Improving Resolution by Multiple Sampling

How does an increased allocation of resources to a specific condition of mea-
surement affect the (spatial or temporal) resolution at that condition? Consider set ¥
of sampling functions

Y(so+9), 0 €R, >0, 0 €R,

where ¢ is a scaling parameter and 0 is a translation parameter. For a broad class of
functions Y(-), any element of ¥ can be obtained by addition of weighted and
shifted (s). The following argument proves that any function from a sufficiently
broad class that includes (s + d) can be represented by a weighted sum of
translated replicas of y(s).

Let yy*(s) be a continuous function that can be expressed as a sum of a con-
verging series of harmonic functions:

U (s) = Za,- cos(w;s) + b; sin(w;s).

For example, Gaussian sampling functions of arbitrary widths can be expressed
as a sum of cos(+) and sin(-). Let us show that, if |i/(s)| is Riemann-integrable, i.e.,
if

—00< / W(s)|ds < oo

and its Fourier transform @ does not vanish for all w € R: @(w) #0 (ie., its
spectrum has no “holes™), then the following expansion of /" is possible:

Ut (s) = Zc,-lﬁ(s +d;) + &(s), (7.16)
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where &(s) is a residual that can be arbitrarily small. This goal is attained by proving
identities
cos(wos) = ciny(s +dir) + eils),

sin(wgs) = Xl_:ci.zl//(s +din) + e(s), (7.17)

where ¢;, ¢;» and d;;, d;» are real numbers, while ¢;(s) and &,(s) are arbitrarily
small residuals.
First, write the Fourier transform of y/(s) as

oo

b = [ ) as

—00

and multiply both sides of the above expression by e":

eiwnua(w) _ eiwgv / lp(S)eiindS — / lp(s)e*i(wsfwov)dsl (718)

Change the integration variable:

X + oL
X=ws — wob = dx = wds, s = ,
w

such that Eq. 7.18 transforms into

iwov ], 1
ey (o) -5

/ w(waOU) e ™dx.
Notice that @(w) = a(w) + ib(w). Hence
e"”o”@(w) = " (a(w) + ib(w)) = (cos(mgv) + isin(wgv))(a(w) + ib(w))

and

oy (w) = (cos(wpv)a(w) — sin(wv)b(w)) + i(cos(wev)b(w) + sin(wev)a(w)).
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Since @(a}) #0 is assumed for all w € R, then a(w)+ib(w)#0. In
other words, either a(w) # 0 or b(w) # 0 should hold. For example, suppose that
a(w) # 0. Then

Re (ei("o')a(w)) + %Im (e""“'@(a))) = cos(wpv) (aiz(w)a(—z);)z(w» .

Therefore,

COS((U()U) = (W) ((L f l//(JﬁLon) wd)()
+(W)Im<a{o W(’%)e'*dx).

(7.19)

Because function ¥(s) is Riemann-integrable, the integrals in Eq. 7.19 can be
approximated as

oo

N _
Re 1 / 1 ()67+ wOU) e Ydx| = %; 1 (x—k J;)wol)) cos(xg) + a0, )

w w

—00

oo
1 X+ o\ A X, + wev\ . &(v,N)
Im| — / l//(7)€ dx) = 5; 1/ pT sin(x,) + ,

) @) )
(7.21)
where x; and x, are some elements of R.
From Eqs. 7.19-7.21 it follows that
cos(wov) Zc]1¢< )—|—91(u N).
Given that @(w) = 0 for all w and letting @ = wy, it follows that
2N
cos(wov) = > _ ¢ (v +djr) + &1(v,N), (7.22)

j=1
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where

El(va) a(w()) +§2(07N) b(w())
(o)) az(wo) + bz(wo) wo az(wo) + bz(w0>

(7.23)

An analogue of Eq. 7.22 for sin(wgv) follows from sin(wov) = cos(wov + 7/2).
This completes the proof of Eq. 7.17 and hence of Eq. 7.16.
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Chapter 8
Scene Analysis Using Morphological
Mathematics and Fuzzy Logic

Victoria Lynn Fox, Mariofanna Milanova and Salim Al-Ali

Abstract Owing to compound textural features, intensity inhomogeneity, image
layers, and variations of statistics inherent, the segmenting of complicated images
into areas of similarity for scene analysis is a challenging task. In this work, a
morphological active contour is developed to increase efficiency of current active
contour schemes and a fuzzy clustering energy is incorporated into the active contour
algorithm to increase accuracy and flexibility. Finally, to aid in the segmentation of
figures for scene analysis, a visual attention is incorporated into the fuzzy clustering.
The savings in computational efficiency garnered from using a morphological curve
evolution rather than a partial differential equation and corresponding Euler-
Lagrange equations combined with the expert knowledge garnered from a visual
attention fuzzy logic scheme translates into a highly accurate and efficient segmen-
tation method for scene analysis.
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8.1 Introduction

While the statistics of large data sets of images follow certain regularities, statistics
of singular images are found to be capable of a large variance in statistical analysis
[1]. Therefore, the applications, which work with individual images, must seek to
exploit the variability of the image while acknowledging the established statistical
properties of natural images as a group. As an example, consider the spatial structure
of a natural image, which is often irregular with contours produced by different
boundaries, markings, and shadows. These boundaries can sometimes be determined
by exploiting luminance and contrast within the given natural scene. In a survey of
natural image statistics, Geisler [2] notes, in general, natural images, i.e. images with
significant local covariance, tend to have large variations in local luminance and
contrast with a low correlation in their average joint distribution. However, global
statistics have shown that strong features tend to cluster in natural images and, thus,
ignoring global information in light of only local information often results in poor
segmentation results, when considering natural images [3]. Therefore, the segmen-
tation protocols seeking to exploit luminance and contrast in a natural image must
consider both local and global statistics, which leads to an increase in computational
cost in segmentation algorithms. It bears mentioning that the statistics involving
luminance and contrast are of only one group of statistical models for natural images.
To effectively segment natural images, one must also consider other statistical
information, such as textural information given by entropy and homogeneity, depth
given by the scene scale of the image or levels of color saturation in a multispectral
image. With each additional feature space, the complexity of a given algorithm
grows. Therefore, it is very important for the mechanism of an image segmentation
method to be as efficient as possible with low computational cost while minimizing
error.

While the last two decades have seen a large variety of image segmentation
methods with many able to produce reasonable segmentations on images with
moderate complexity, see [1, 2, 4] and their references as examples of effective
segmentation techniques, computational efficiency is still a concern, when seg-
menting a complex image. Many state-of-the-art methods can become impractically
time-consuming or are limited in the types or size of images that can be processed.
Often, feature vectors are sacrificed in order to increase computational speed
resulting in a lower level of accuracy in general for the algorithm [3]. The proposed
method presented in this work is a computational low-cost segmentation method
that effectively segments a variety of complex images. This method makes use of
mathematical morphology, fuzzy logic clustering, and visual attention, all of which
are incorporated into a hybrid, level set active contour method.

The chapter is organized as the follows. Background material is presented in
Sect. 8.2. The proposed method is developed in Sect. 8.3. Conclusion is situated in
Sect. 8.4.
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8.2 Background Material

Let us consider briefly the background materials including segmentation methods
(Sect. 8.2.1), the basics of morphological mathematics (Sect. 8.2.2), application of
fuzzy logic in imaging (Sect. 8.2.3), and visual attention issues (Sect. 8.2.4).

8.2.1 Segmentation Methods

The objective of segmentation is to partition an image into regions. With the
assumption that every section in an image is sufficiently homogenous, edge-based
segmentation determines the transition between two sections on the basis of dis-
continuities alone. When this assumption is not valid, a region-based segmentation
usually provides a more realistic segmentation product.

In order to detect meaningful discontinuities between sections, most edge-
detection techniques employ the use of first- and second-derivatives. The first-order
derivative of choice is the gradient vector of an image I(x, y) given as Eq. 8.1,
which is obtained by the partial derivatives at every pixel location.

Vi = [g] - [g%g’;]ge e (8.1)

To determine the presence of edges, the magnitude of the gradient vector is
computed with Eq. 8.2.

V1| = a2 + g2 = \/ @1/’ +(@1/0y) : @ — R (8.2)

Since it is zero in areas of constant intensity and its values are related to the
degree of intensity change in areas of variable intensity. The Laplacian of an image
function I(x, y) is the sum of the second-order derivatives, defined by Eq. 8.3.

T

Vi=—+—
ox2  dy?

Q—-N (8.3)

While the Laplacian is seldom used by itself for edge detection due to its
sensitivity to noise, it is powerful, when used in combination with other edge-
detection techniques. The edge detection by gradient operations generally performs
well only in images with defined intensity transitions and relatively low noise.
However, computationally, the gradient operator methods have a relatively lower
cost than other segmentation methods because the computation can be performed
with a local filtering operation [5].
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While the edge-based segmentation focuses on discontinuities in intensity levels,
the region-based techniques find the regions directly. The basic formulation of
region-based segmentation with R representing a region in the image can be given
with a series of conditions. The first condition states that every pixel must be
assigned a region while the second condition requires that points in a region be
connected (e.g., 4- or 8-connected) and the third condition indicates the regions
must be disjoint. The fourth condition states that pixels in a segmented region must
share some predefined common features while the fifth condition indicates that
adjacent regions are different in the sense of the predefined feature spaces [6].

The region growing is a technique that merges regions of interest into a larger
region of interest. The pixel aggregation is an example of a region growing tech-
nique. In pixel aggregation, an initial set of seed points grows regions from the
seeds by joining neighboring pixels, if they satisfy given criteria. In its most basic
form, segmentation starts with two initial seeds, and then the region grows, if
neighboring pixels satisfy the following criteria: [I(x, y) — I(seed)| < t, in which 7 is
some predefined threshold. The selection of initial seeds is often based on the nature
of applications or images. If a priori information is not obtainable, then the clus-
tering techniques must be used to determine the pixels that can be used as seeds.
Despite the simple nature of the algorithm, there are several problematic areas in the
implementation of region growing: descriptors of region properties alone can yield
misleading results, if connectivity is not taken into consideration.

The statistical estimation is another common approach in a region-based seg-
mentation [7]. When considering the statistical segmentation of images, authors
generally suppose the existence of two random fields: the field of “classes” and the
field of “measurements.” With this method, two sections are considered to be
homogenous and accordingly merged, if they have common parameter values
within a given threshold. In application, the parameters of a section cannot be
directly observed; rather they can only be inferred from the observed data. This
inference, if often made using Bayes’s rule and the conditional probability density
function p(I(x,y)|0,,), which presets the conditional probability statistic derived
from the data (I(x,y)), will be observed, given that section m has the parameter
values of 0,,. In typical statistical region merging algorithms [8], stochastic esti-
mates in the parameter space are obtained for different sections, and merging
decisions are based on the similarity of these parameters.

Unfortunately, there is a limitation of most estimation-based segmentation
methods in that they do not explicitly represent the uncertainty in the estimated
parameter values and, therefore, are prone to error, when the parameter estimates
are poor. To counteract this limitation, a Bayesian probability of homogeneity uses
all of the information contained in the statistical image model rather than just
estimating parameter values. The probability of homogeneity is based on the ability
to formulate a prior probability density function on the parameter space, and
measures the uniformity by taking the expectation of the data likelihood over a
posterior parameter space.
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In general, the region-based methods yield more reasonable segmentations than
edge-based algorithms, when an image has relatively large noise and/or requires the
use of local properties combined with global properties. However, the complexity
and computational cost of region-based methods can be large, particularly when
considering methods based upon partial differential equations, e.g. active contour
methods. Active contours are the energy-based segmentation methods that seek to
guide partitioning of an image via the minimization of a cost functional.

The first efforts in formulating the boundary detection problem as an energy
minimization problem resulted in the energy-minimizing splines guided by external
constraint forces that pull the splines towards objects of interest [9]. These splines
were dubbed snakes by their creators, Kass, Witkin, and Terzopoulos, because the
contours appeared to slither across an image as it moved toward local minima. In
the classical formulation, the boundary detection consisted of matching a deform-
able model to an image by means of energy minimization. Representing the
position of a snake parametrically by C(s) = (x(s),y(s):0<s<L): R — Q, where
L denotes the length of the contour C, s is the arc length, and Q represents the entire
domain of an image I(x, y), the energy functional can be written as Eq. 8.4, where
E;,; and E,,, represent the internal energy and external energy functions.

E(C) =Epyy + Eoy (8.4)

The internal energy function determines the smooth shape (regularity) of the
contour. A common choice for the internal energy is a functional given by Eq. 8.5,
where C(s) =~ C(n) = {(x(n),y(n)):0<n<N,s =0+ nAs} and L = NAs.

L N

En — /oc|C’(s)|2+/3|C”(s)|2ds ~ Y dCm + A" WPAs (85)

0 0

Here a controls the tension of the contour and S controls the rigidity of the
contour. The external energy term determines the criteria of contour evolution
depending on the image I(x, y) and can be defined as Eq. 8.6, where E;,, (X, y)
denotes a scalar function defined on the image plane, so the local minimum of E;,,,,
attracts the snakes to edges.

L N
Eoy = / Eing(C(s))ds &> Eing(C(n))As (8.6)
n=0
0
The edge attraction function, Ej,,,, was originally presented as a combination of
three separate functionals: Eju, = WineEline + WedgeEedge + WiermErerm- Since the
presentation of the original algorithm, there have been many other functionals
suggested for E;,,, and one common example is a function of image gradient, given
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by Eq. 8.7, which incorporates a Gaussian smoothing filter, G,, with standard
deviation o and a suitably chosen constant 4.

1

U § [, ¢ 8.7
AVG, x1(x,y)] (8.7)

Eimg (.X, y) =

In order to solve the geometric contour problem, one must find the contour C
that minimizes the total energy term E within the given set of weights, a, £, and .

In order to achieve an accurate location of edges, the classical snake algorithm
must be initialized sufficiently near the edge or object of interest. Estimating a
correct position of an initial contour without prior knowledge is a challenging
problem. Also, classical geometric contours are only able to separate a region into
two sub-regions and cannot, subsequently split into multiple boundaries or merge
from multiple initial contours. In order to correct this deficiency, Hamilton-Jacobi
formulations [5] were applied to active contours and resulted in the creation of
geodesic active contours.

The level set function ¢(x,y) was proposed by Oshar and Sethian [5] as a
formulation to implement active contours. Oshar and Sethian represented a contour
implicitly via a two-dimensional Lipschitz-continuous function ¢(x,y):Q — R
defined on the image plane. On a particular level, usually the zero level, the level set
function is defined as a contour, such as Eq. 8.8, where Q denotes the entire image
plane.

C={(x):¢(x,y) = 0},V(x,y) € Q (8.8)

As the level set function increases from the initial stage, the corresponding set of
contours, C, moves toward the exterior.

By using the zero level, the contour can be defined as the border between a
positive area and negative area. Thus, the contour can be identified by checking the
sign of ¢(x,y). Using the zero level, the level set is usually represented by Eq. 8.9.

<0(x,y) inside C
d(x,y) = ¢ =0(x,y)on C (8.9)
> 0(x,y) outside C
The initial level set function ¢ (x,y): Q — R is usually given as a signed dis-
tance from the initial contour such as in Eq. 8.10 in a way that £D(a, b) denotes a
signed distance between @ and b and N, ,(Cy) denotes the nearest neighbor pixel on
the initial contours C = C(¢ = 0) from (x, y).

¢0(x7y) = {¢(x7y):l = 0} = :tD((x>y)7Nx»)’(C0))’V(xvy) €Q (8'10)

The deformation of the contour is generally represented as a Partial Differential
Equation (PDE). The initial proposal for a formulation of contour evolution using
the magnitude of the gradient, given by Osher and Sethian [5], states by Eq. 8.11,
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where v denotes a constant speed term to push or pull the contour and x(-) : Q — R
denotes the mean curvature of the level set function ¢(x, y) given by Eq. 8.12.

w = [Vo(x, y)l(v + ex(¢(x, 7)) (8.11)

2_ 5 , &2
b)) div(|§$||) _Pah =20t by 512
(¢x + (bv)

The curvature term is used to control the regularity of the contour as the internal
energy term does in the classic snake model while € controls the balance between
the smoothness and the robustness of the evolution.

Chan and Vese [10] proposed a new form of contour evolution that is very
popular in current research methods, the active contour without the edges method.
The length of the contour |C| can be approximated by a function of ¢(x, y) such as in
Eq. 8.13, where H,(-) denotes the regularized form of the unit step function,
H(): Q — % given by Eq. 8.14 and d,(-) denotes the derivative of H,(+).

IC| ~ Li(¢(x,y)) :/IVHs(qﬁ(x,y))ldxdy:/5s(¢(x,y))lv¢(x,y)ldxdy
(8.13)

_ [ Lif(x,y) >0

Hixo) = { G020 v e (8.14)
Since H,(-) produces either a 0 or 1 depending on the sign of the input, J,(-)
produces nonzero results only on the contour of Eq. 8.13, where ¢(x, y) = 0. The
associated Euler-Lagrange equation [11] obtained by minimizing L, (-) with respect to
¢ and parameterizing the descent directions by an artificial time ¢ is given by Eq. 8.15.

D) 59D, ) (5.15)

The contour evolution motivated by this equation can be interpreted as the
motion by mean curvature minimizing the length of the contour. Therefore,
Eq. 8.12 is considered as the motion motivation by partial differential equation,
while Eq. 8.15 is considered as the motion motivated by energy minimization.

A convenient characteristic of level-set contours is that the contour can split or
merge as the topology of the level set function changes. As a result, level set
methods can detect more than one boundary simultaneously and several initial
contours can be placed. The computational cost of level set methods, however, is
high because computation should be done on the same dimension as the image
plane. Yet, due to the convenience and flexibility of level set methods, they are a
practical method to use in the research of segmenting multi-region images.
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8.2.2 Morphological Mathematics

First introduced by Matheron [12] and Serra [13], the mathematical morphology
views an image as a set of geometric structures then transforms it with the use of a
smaller geometrically defined set, commonly referred to as a structuring element.
The structuring element is translated over the image set and with the use of basic set
operations (i.e. union and intersection), the fundamental operations of dilation and
erosion are obtained.

For a binary image, entries consisting of 0 represent background information and
entries consisting of 1 represent foreground entries. In a binary erosion, A © B, in
which A is eroded by the structuring element B, consists of all points, for which the
translation of B over A fits inside of A. In other words, it is the set operation
A S B = {x|B, C A}. A binary dilation is the dual operation to erosion and is defined
by the set complementation of erosion. The dilation of a set A by structuring element
Bis givenby A @ B = [A°G(—B)]". To dilate A by B, B is rotated around the origin
to create (—B), the complement of A is eroded by (—B), and then the complement of
the erosion is taken. To illustrate with a sample binary image matrix, let the binary
image be represented by A and the structuring element is represented by B as given
by the matrix in Eq. 8.16. The erosion of A by B is given by the matrix in Eq. 8.17
while the dilation of A by B is given by the matrix in Eq. 8.18.

01010
11101 .
A=|110 0 1 BL 0] (8.16)
101 10
00110
00000
11001
ASB=1{1 0 0 0 0 (8.17)
00100
00100
01 1 1 1
111 11
AGB=1[1 11 0 1 (8.18)
111 11
101 11

From erosion and dilation, the morphological operations of opening and closing
can be defined. A morphological opening on a binary image is defined as
A®B = (A© B) @ B, where the image A is eroded by B, and then the result of the
erosion is dilated by B. Using the sets defined in Eq. 8.16, A ©@ B has the results
represented in Fig. 8.1.
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(@ (b)

S N )
coRr RO
[ e =]
mRhooo
cCo R RO

Fig. 8.1 Example of morphological opening on a binary set. a A matrix form of A®B. b An
image representation of A© B

The morphological closing on a binary image is defined as A ©® B = (A @ B)SB.
Using the sets defined in Eq. 8.16, A ® B results in the matrix and image repre-
sentation in Fig. 8.2.

For a binary structuring element B, the locations, where B is equal to zero, are
referred to as neutral elements since they do not affect the image during the mor-
phological operation. For gray-scale morphology, the morphological operations
transform the gray-scale image into a binary data set with an extra dimension
representing the gray-level. Since the gray-scale level of an image is bound to a
finite domain of [0, m], the neutral elements of a gray-scale structuring element are
the elements with values of m [14]. This is due to the nature of the definition of
gray-scale morphology operators, in which they are used as the invariants to the
maximum and minimum operators.

In continuous gray-scale morphology, images are viewed as functions mapping a
grid to RU (—o00,00). Since gray-scale images are restricted to integer values
between some range of values (i.e. 0-255 for 8 bit), it is necessary to restrict
the discrete gray-scale morphology mapping to the integer range imbedded in the
image format. With these preliminaries stated, the erosion and dilation of an gray-

scale image, A(x), by a structuring element B(x), can be defined as (ASB)(x) =

;n]; B [A(y) —B(y —x)] and (A& B)(x) = ;ug B [A(y) — B(y — x)], respectively.

8.2.3 Fuzzy Logic

Fuzzy logic is composed of multi-logic systems that have been developed in
opposition to the classical logic, which uses an “on/off” switch in its assessment of
membership. In fuzzy logic sets, the membership is determined by values assigned

(a) (b)

OR Rk RO
cCOoOR R
[ e
[ =
[

Fig. 8.2 Example of morphological closing on a binary set. a A matrix form of A® B. b An
image representation of A ® B
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to linguistic expressions and human decisions. The use of fuzzy logic in imaging is
primarily in the practice of image clarity and identification of objects [15]. It is a
modification of this second usage, i.e. identification of objects, where segmentation
has begun to use fuzzy logic.

A linguistic variable is a term used in our natural language to describe some
concept that usually has vague or ill-defined values. For example, if researcher tried
to describe the frequency heights of an image in the frequency domain, the lin-
guistic variable would be “height” and the typical values would be “low”, “med-
ium”, and “high” and would define our clustering. The fuzzy expert system process

is composed of four steps:

1. Fuzzification—convert the data to fuzzy sets via membership functions.

2. Inference—perform all fuzzy logical operations and apply an implication
method.

3. Composition—apply an aggregation method for fuzzy sets acquired in the
inference step.

4. Defuzzification—convert the final fuzzy conclusion back to raw data to obtain
final weights.

It is important to note that fuzzy logic is not logic that is fuzzy; rather it is the
logic of fuzziness. While the linguistic variable may be filled with ambiguity, the
output of the defuzzification is a value that will guide the image segmentation.

There are several fuzzy membership functions to help cluster the values of the
linguistic variable. In choosing the linguistic variables and terms for the fuzzy logic
model, it is important to be directed by the following guidelines [16]:

1. The features should carry enough information about the image and should not
require any domain-specific knowledge for their extraction.

2. They should be easy to compute in order for the approach to be feasible for a
large image collection.

3. They should relate well with the human perceptual characteristics since users
will finally determine the suitability of the retrieved images.

8.2.4 Visual Attention

In 1964, Neisser [17] presented a popular model, in which human vision consists of
pre-attentive and attentive stages. The pre-attentive stage focuses on local spatial
discontinuity, while in the attentive stage, relationships between these discontinu-
ities are created and clustering takes place. In the pre-attentive stage, the principles
of proximity, simplest form, and continuity factor into the decision, of where the
spatial discontinuities take place. The attention stage additionally takes note of
similarity features (e.g. color, luminosity, texture) and shape to aid in the process.

In computational vision, the numerous approaches to the attention model of
scene analysis can be categorized as two methodologies: bottom-up and top-down.
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In bottom-up attention, dissimilarities attract the attention of the vision model. In
the top-down methodology, the viewer searches for a specific feature and the
expected objects receive the attention [18]. Through both of these methodologies, a
saliency map can be created to aid in the segmentation of the visual scene. In
general, bottom-up attention models are based upon feature detection (e.g. orien-
tation, shape, texture) that is easily estimated by a computer while top-down models
are more subjective and increase computational complexity in that they depend on
contextual clues, objectives, and expert knowledge of the viewer. In an effort to
reduce computational cost, the method presented here will make use of the bottom-
up saliency model known as Context-Aware Saliency [19, 20].

Context-Aware Saliency Detection (CASD) makes use of the principles of
Gestalt vision psychology in its formulation. Particularly, the model makes use of
following information:

1. Local, pre-attentive features such as color, texture, and contrast.

2. Global attentiveness, which identify features that deviate from the norm.

3. Perceptual organization rules such as a visual scene containing at least one
center of gravity.

4. High-level factors such as distance priors or shape priors.

Using the local-global feature fusion and perceptual organization rules, the
CASD detects the salient objects along with the regions of the image around the
salient object in order to lend context to the salient region. The local, pre-attentive
features give distinctive areas a high saliency and homogenous regions a low
saliency score. Frequently occurring features are classified as part of the ground and
rare features are classified as part of the figure per global attentiveness. Perceptual
organization groups salient pixels that are in close proximity to each other and
discounts salient pixels that are not connected. Finally, a center prior contributes to
the determination, of which of the salient pixels have the highest fixation levels.
Thus, the CASD makes use of the similarity and proximity principles of Gestalt
psychology with exceptionally low computational cost. In particular, the method
evaluates pixels in patches in order to evaluate the context of each pixel. Consid-
ering a single patch p; of scale s at each pixel, a single pixel i is salient, when the
patch containing the pixel is unique with respect to all other patches in the image.
This capability of incorporating context patches with the salient object gives the
CASD model the flexibility needed for scene analysis.

8.3 Proposed Method

The proposed method is based on morphological operations (Sect. 8.3.1), hybrid
morphological contour (Sect. 8.3.2), and representation of fuzzy morphological
contour with visual attention (Sect. 8.3.3).
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8.3.1 Morphological Mean Curvature

In the image processing application of level set active contours, the curve, C:R™ x
[0,1] — IR?, is represented implicitly as a level set of an embedding function. If we
set u: RT x R? — R as an implicit representation of our contour, it will become
C(t) = {(x,y)|u(z, (x,y)) = 0}. During the contour evolution, infinitesimal change
of the contour is controlled by differential operators. In other words, a differential
operator D guides the contour evolution with the partial differential equation C(z) =
D(C). In partial differential equation formulations of active contours, the smoothing
force regularly takes the form of mean curvature motion and acts as a regularization
term.

The underlying principal of mean curvature motion is the evolution of a simple
closed curve, whose points move in the direction of the normal with specified
velocity. Rewriting D(C) = F - N, where \V is the normal to the contour and F is
a scalar field, one can determine the velocity of evolution at each point on the
contour. In level set implementations, the evolution of u(x, y) is % = |Vu| - F and
will equal Eq. 8.19, when F is the divergence of the normalized gradient (i.e.
Euclidean curvature of C) and gives the curvature of the implicit curve at each point.

du . (Vu

The parameter u(x, y) must be discretized in image processing in order to be
applied to the grid of image information, which is usually expressed as pixels in two
dimensional applications. The discretization of the differential operator is not
always a trivial task and results in one of the losses of efficiency in many image
processing contour applications. As a result, the search for a low-cost estimator of
mean curvature motion is an area of active research.

One of the more significant contributions to the topic is provided by [21], in
which it is proven the two-dimensional mean curvature term can be replaced by the
mean of two morphological operators for a single iteration of the method. To
morphologically approximate mean curvature, we let B represent line segments of
set length then define the morphological continuous line operators as mentioned in
Eqgs. 8.20-8.21.

A= 38 i -
(T)x) = 1 sup ) (8.21)

~ BeByex+hB"

Using these operators, let us then define the mean operator as Eq. 8.22, in which
the scheme in [21] relates the mean operator with the mean curvature motion by
Eq. 8.23.
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(Fugte) = ) + (T () 5.22)

(Fpu)(x) = u(x) +— h2|Vu|dlv<|v |>(x) +0(h) (8.23)

Using a small & and subtracting u(x) from each side of (Eq. 8.23), results in the
infinitesimal generator of the J, operator will be the following:

nmh*KfﬂWyw—u(ﬂ_qvwva|y) (8.24)

h—0*

From Eq. 8.24 one can solve the mean curvature motion by means of the F,
operator. However, since the JF), operator generates new level set values after a
single iteration, it ceases to be morphological. In [22] and [23], Alarez et al. modify
the Catte, Dibos, and Koepfler scheme with the use of operator composition, which
states that given any two operators P}l and 73,21, we have, for a small %, Eq. 8.25.

Pu+ Phu
2 1 h
Plp 0 Piptt ~ 5 (8.25)

From this, Alarez et al. show that the non-morphological operator 7' z; can be
approximated by the morphological operator represented in Eq. 8.26 with a base of
B? and is equivalent to Eq. 8.11.

Ajju+ T ju
2

8.3.2 A Hybrid Morphological Contour

Ajod s~ (8.26)

Some authors lay out the format for a hybrid morphological contour [24, 25]. This
section is a brief review of the algorithm for the contour extraction. While the
combination of an edge based and region based active contour, commonly referred
to as a hybrid contour, results in increased computational complexity in order to
mitigate the shortcomings of either method alone, the hybrid morphological contour
has a low complexity and circumventing a method’s shortcoming does not sig-
nificantly add to the computational cost.

In the hybrid method, the coupling of the strong edge term and region statistics
creates a symbiotic relationship. When the edge term is low, the curve is attracted
toward the region of interest. However, when the curve is far away from an edge,
the region statistics take control of the curve evolution and the contour resists
becoming a stationary model. Using the Active Contour without Edges presented as
a basis for the active contour (Eq. 8.27) with the region statistics are used by the
third and fourth terms.
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F(c1,c¢2,C) = p(Lengthof C) + p(AreainC)

HI/ |u—c1|2dx+zl/ |lu — co)dx
inC out C

Parameters A; and A, weight the importance of the regions inside and outside the
curve, respectively, while ¢; and ¢, are the average intensity levels inside and
outside the contour. In the hybrid morphological active contour, the third and fourth
terms of Eq. 8.27 are incorporated directly into the algorithm.

The first term of the Active Contour without Edges is replaced with the mor-
phological mean curvature evolution described in Eq. 8.25 while the second term
becomes the edge-based portion of the hybrid method. In edge based methods,
the contour flow is often represented with the formulation given in Eq. 8.28, where
g(D|Vul|v is the balloon force, Vg(I)Vu is the edge attraction force, and

g(D)|Vuldiv (‘g—z) is mean curvature motion.

(8.27)

814_

5 g(D|Vuly + Vg(I)Vu + g(I)|Vuldiv (ﬂ) (8.28)

[Vu

The parameter g(I) represents an edge image attractor usually obtained from an
edge detector, u denotes the contour, and v is an inflation (or deflation) constant.
Focusing on the balloon force, g(I) could be obtained from any edge detector
appropriate for the image. Traditionally, one would use an edge detector, which is
low in the edges of the image such as Eq. 8.29.

) P S (8.29)

V14 a|VG, x|

In the hybrid morphological active contour method, morphological operations of
dilation and erosion are used to approximate the balloon force. The dilation of a
function is defined as (Dju)(x) = supyecpsu(x —y) while erosion is defined by
(Enu)(x) = infyenpu(x —y). The radius of the operator is denoted by h and B is a
disk structuring element of radius one. The function uz: R* x R? — R, where
uq(t,x) = Dyu,(x) is the solution to Eq. 8.30 for the initial condition u,(0,x) =
u,(x) [26].

Ou
a_;d = |Vug| (8.30)

As a result, Dy, is the infinitesimal generator of Eq. 8.9. Using a comparable
rational, we have the function us: R™ x R* — R, where u,(t,x) = Eu,(x) is the
solution to Eq. 8.31.
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Ou,
=V 31
at | l/lel (83 )

Using the morphological operators D, and &, one can now solve level set
evolution PDEs. In the balloon force term, g(I) manages the balloon force in
individual sections of the curve. The smaller g(I) becomes, the closer the curve is to
the edge. With the use of a threshold, factor g(/) can be discretized into the mor-
phological formulation. The product |Vu|v leads to the PDES in Egs. 8.30 and 8.31.
If v is positive, the PDE becomes the dilation PDE. Likewise, if v is negative, then
the erosion PDE is used.

In the Active Contour without Edges, the internal and external forces are
combined through addition of the terms. Our hybrid morphological active contour
combines them by iteratively interchanging their discretized formulations. In every
iteration, first the balloon force with the edge attraction energy will be applied, then
the region force is applied, and at last the mean curvature motion over the
embedded level set function u is computed. Given the contour evolution at itera-
tion, u": R* — {0,1}, u"*! is defined using the steps of the algorithm mentioned
below (Eq. 8.32).

Algorithm (1)

Step 1
(Dau)(x;) if g(I)(x;) > 0and v >0
uz;llloon(xi) = (5du)(xi) if g(I)(x,) >0 and v<O0
Uy yiioon otherwise.
Step 2

Ui | |[</11(I761)27/12(1702)2](x,-)<0

balloon
n+1

uregion = 0 if |vun+l |[</11(I - Cl)zf/lz(l — C2)2:| (xi) >0 (832)

balloon

n+1 H
up o (i) otherwise

_ JoI*H(u)dx
B dx

_ fQI x (1 — H(u))dx

and ¢, I

C1

finside C finside C

Step 3

s { (Ad o Tt ) if 8(1)(x) > 0

- n+1 :
Upggion(Xi) ~ Otherwise

The experimental results presented in [24] and [25] clearly show the efficiency
and robustness of the hybrid morphological active contour.
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8.3.3 A Fuzzy Morphological Contour with Visual Attention

A fuzzy morphological approach for contour with visual attention supposes the
analysis of fuzzy energy, building of visual attention model, and creation of
combined algorithm.

In [27], Krindis and Chatzis introduced a new type of energy to drive active
contours during the segmentation process. This energy, referred to as fuzzy energy,
was derived from using a fuzzy logic clustering method and then employs the
membership values and weights into the active contour formulation. Specifically,
the following functionals are incorporated into a regional active contour model
provided by Eq. 8.33, where 2 is the image domain and C is an evolving curve such
that C C Q.

Fi(C) + F2(C) = / e )" Er,y) — c1Pdxdy + / 1 .
Q .

— u(x, )" (x,y) — c2|*dxdy

An image I(x, y) is clustered into two regions by a fuzzy clustering algorithm,
where u(x, y) represents the membership values of a pixel for each region and m is
a weighting exponent on each fuzzy membership. The model is formulated in a
pseudo-level set due to the fact that membership values of u(x, y) = [0, 1]. The
pseudo-level set is a set of Lipschitz similar function u#: I — R presented in Eq. 8.34
and maintains the ideology of using membership values to define u(x, y).

={(x,y) € Lu(x, y) =0.5}
Cinside = {( ) cl:u X y) > 0. 5} (834)
Coutside = {()C y) el M(X y)<0 5}

Unfortunately, while the Fuzzy Energy based Active Contour proves to be
computationally efficient, it suffers in its inability to robustly segment textural or
multispectral images. However, the flexibility provided by fuzzy energy can be
translated into the hybrid morphological active contour by changing the region-
based step of the algorithm and morphing the level set into the pseudo-level set of
Eq 8.34. The region step will take the form of Eq. 8.35, where ¢, represents the
average inside the contour and c; is the average outside the contour.

1
Wogion = —— (8.35)
1+ ().l(lfm (x))m—l
Ja(I—c2)" (x)
Jo I * (u)"dx oI ¥ (1 —u)dx
c1 = fQ mdx € = fQ(l — u)mdx
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Fig. 8.3 Example of boundary extraction. a An original image courtesy of Caltech [28]. b A
saliency map generated by CASD. ¢ Edges from saliency map

The parameter m represents the fuzzy weighting exponent defined in the fuzzy
rules for the clustering.

The visual attention model is incorporated into the hybrid morphological active
contour in two ways. First, the saliency of an image is calculated and then trans-
formed into an edge image to help define the boundary of the salient object (see
Fig. 8.3) giving the algorithm the image created by g(/) from Eq. 8.28. Second, the
visual attention result is compared to the fuzzy clustering results, and the fuzzy
clustering result, which most closely matches the saliency image, is used as the
basis for the fuzzy energy (see Fig. 8.4).

The algorithm incorporating fuzzy energy and visual attention into the hybrid
morphological active contour is given below, where the membership values from
the fuzzy clustering most similar to the saliency image give uy.

Algorithm (2)

on C if I:up(x,y)=0.5
pixelis< inside C  if [I:up(x,y) > 0.5
outside C if 1I:up(x,y)<0.5

The Algorithm 2 includes the following steps.
Step 1

(Daqu)(x) if g(I)(x) >0andv >0
Upoon () = ¢ (Equ)(x) if g(I)(x) > 0 and v<0
U ylioon otherwise.

Fig. 8.4 Examples of fuzzy clustering result with three classes. a Class 1 membership map. b
Class 2 membership map. ¢ Class 3 membership map
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The parameter g(/) is an edge attractor image calculated using Eq. 8.28 on the
saliency image.
Step 2

n+l
region ~

u

Fig. 8.5 Segmentation results of fuzzy morphological active contour with visual attention. a An
original image. b Segmentation result. ¢ An original image. d Segmentation result
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‘/;) Ix (uballmm )mdx j;) I*( 1 —Upatioon )m dx
, €2 = m
j;z (upaiton)" dx fg (1=tbattoon)" dx
bership weighting exponent.
Step 3

where ¢; =

, and m is the fuzzy energy mem-

nil (Ad 0 Tattyion) (i) if g(1)(x) > 0
u

n+1 H
Uppeion (Xi)  Otherwise

The images in the experiment are taken from the computational vision dataset at
Caltech [28], GrabCut [29], and the Berkley Segmentation Dataset and Benchmark
[30]. The images are chosen at random and are grayscale or RGB. The images have
illumination artifacts, shadows, texture, the multiple objects to segment, intensity
inhomogeneity, and noise, i.e. typical image artifacts that make segmentation of
visual scenes a nontrivial task. Figure 8.5 demonstrates a random sampling of the
results.

The comparison of the fuzzy c-means clustering to the saliency image is con-
ducted automatically and uses similarity cues to make the selection, of which result
to use. The membership function values of each pixel in the chosen clustering result
are then used to create the level set function. This results in the use of fuzzy energy
in the active contour and prompts a change in the calculations of the level set during
the region competition portion of the method. As demonstrated with the sample
image results, the algorithm successfully segments salient figures in interior and
exterior environments. It also successfully segmented foreground figures in areas of
high texture. These results lend themselves to the effective segmentation of static
images for scene analysis.

8.4 Conclusion

The images segmented in this work represent just the tip of the possible image types
this method has the potential to segment. It would be trivial to extend the work to a
true multispectral algorithm as well as incorporating more texture cues into the
fuzzy membership rules. The extension of the algorithm to video sequences would
also be a simple matter of changing the image parameters to video and incorpo-
rating a comparison module for each frame of videos. The use of a saliency model
to compare clustering results leading into the membership values for the contour
evolution helps ensure the method will segment a salient object as defined by
human vision research. As a final point, the savings in computational efficiency
garnered from using a morphological curve evolution rather than a partial differ-
ential equation and corresponding Euler-Lagrange equations translates into a highly
accurate and efficient segmentation method.
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Chapter 9
Digital Video Stabilization in Static
and Dynamic Scenes

Margarita N. Favorskaya, Lakhmi C. Jain
and Vladimir Buryachenko

Abstract The digital video stabilization is oriented on the removal of unintentional
motions from video sequences caused by camera vibrations under external condi-
tions, motion of robots stabilized platforms in a rugged landscape, a sea, oceans, or
jitters during a non-professional hand-held shooting. The approaches for digital
video stabilization in static and dynamic scenes are similar. However, objectively
the analysis of dynamic scenes is needed in advanced intelligent methods. Several
sequential stages include the choice of the key frames, the local and global motion
estimations, the jitters compensation algorithm, the inpainting of frames boundaries,
and the blurred frames restoration, for which the novel methods and algorithms
were developed. The proposed application of fuzzy logic operators improves the
separation results between the unwanted motion and the real motion of rigid
objects. The corrective algorithm compensates the unwanted motion in frames;
thereby the scene is aligned. The quality of stabilization in test video sequences was
estimated by Peak Signal to Noise Ratio (PSNR) and Interframe Transformation
Fidelity (ITF) metrics. During experiments, the PSNR and ITF estimations were
received for six video sequences received from the static camera and eight video
sequences received from the moving camera. The ITF estimations increase up on
3—4 dB or 15-20 % relative to the original video sequences.
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9.1 Introduction

The unintentional video camera motions are usual artifacts in non-professional
hand-held shooting, surveillance tasks, or shooting by cameras, which are main-
tained on the mobile moving platforms in outdoor environment. As a result, the
processing of non-stabilized original video sequence by the well-known conven-
tional filters will not provide good segmentation, recognition, and surveillance of
moving objects in static and dynamic scenes [1]. Also such technique is wide
applied in video encoding tasks [2]. In this chapter, the novel methods of Digital
Video Stabilization (DVS) for video surveillance task are developed for the static
and dynamic scenes. The DVS algorithms as pseudo real-time and unreal-time
applications are represented, depending from criteria of accuracy/computer speed.
The novelty consists in the application of Takagi-Sugeno-Kang (TSK) model for
improvement the motion vectors clustering, the decision procedure of key frames
choice, and the reconstruction procedure of frame boundaries in static scenes and
texture tiles from neighbor frames in dynamic scenes. Some often cases of objects
surveillance are studied.

All variety of methods for videos stabilization techniques can be classified as
mechanical, optical, electronic, and digital approaches. Historically, the mechanical
stabilization based on a feedback from vibration sensors (gyros, accelerometers,
etc.) were the first applied in video cameras [3]. Various control techniques are used
for the stabilized platforms. Conventional design methods, modern synthesis tools
such as linear quadratic regulator or linear quadratic Gaussian with loop transfer
recovery, and fuzzy control systems can be used for these purposes [4]. The scope
of such devices is wide but sometimes it is required the additional video stabil-
ization, when a magnitude of vibrations has large values.

The optical image stabilization manipulates the images before their getting to the
Charge-Coupled Device (CCD). The optical devices use prisms or lens of a moving
assembly for tuning of light length way through camera lens systems. Vibrations
occur the shifting of the lens group on a plane perpendicular to the optical axis in
both horizontal and vertical directions. Two vibration-detecting sensors are used to
detect the angle and speed of movement [3]. Usually for these purposes, the
additional knowledge about physical motion of camera is required. Also the optical
stabilization is not suitable for small sizes mobile cameras. Thus, the DVS became
the most appropriative decision in modern compact video devices [5].

The electronic stabilization systems detect the camera jitters through their sen-
sors, when the light hits the CCD. This responds by a slightly moving, and the
image remains in the same position on the CCD. Such effect decreases a video
quality because the pseudo-stabilized CCD area becomes smaller. Therefore, a
digital zooming or oversized CCD is required. Electronic stabilization has the
advantage against the optical stabilization by reducing of lens complexity and price.

The DVS approach is achieved by the synthesis of new imagery based on removal
of unintentional motions between key frames and the reconstruction of frame
boundaries after frame stabilization. The complexity of this task connects with a
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separation the motion of objects from the unwanted camera jitters. In the case of static
scenes, the proposed stabilization method does not consider specialties of camera
motion trajectory. Such interpretation permits to edit static scenes faster and exactly
and allows the pseudo real-time applications. However, such approach failures under
the fast or changeable motions, which are often occurred in the dynamic scenes. In
this case, it is needed to choice the criterion — accuracy or computer speed. According
to the chosen criterion, some novel procedures are developed. In the pseudo real-time
applications, the last 25-30 frames are analyzed. In the unreal-time applications, a
whole video sequence is acquired, and then new frames are generated to compensate
the warping between two successive original frames [6]. The most of stabilization
techniques have a deal with the rigid objects. The non-rigid objects possess such
specialties, which do not permit to generalize their processing.

The DVS algorithms ought to be robust to cluttered scene background, moving
objects, and lighting change. One of such fast algorithms uses the feature-histogram
building [7]. Various 2D and 3D stabilization algorithms are presented in [§-10]. A
mosaic-based registration technique was described by Hansen in the pioneer
research [11]. This system was based on a multi-resolution iterative procedure that
estimated the affine motion parameters between levels of image Laplacian pyramid.
The optical flow of local patches was computed by using a cross-correlation scheme.

The chapter is organized as follows. In Sect. 9.2, the problem statement of DVS
for static and dynamic scenes is discussed. The description of the existing
approaches for DVS is provided by Sect. 9.3. The main novel methods and algo-
rithms suitable for static and dynamic scenes stabilization are detailed in Sects. 9.4
and 9.5, respectively. Section 9.6 presents a discussion of experimental results,
involving experiments with stationary and moving video cameras. Conclusion and
future development remarks are given in Sect. 9.7.

9.2 Problem Statement

The processing of video sequence occurs in the spatio-temporal domain. The DVS
task is not the exclusion. Let an original video sequence VS,,(FR)| - where FR is a
frame, z is a common number of frames, be a non-stabilized video sequence. Its
transformation to the stabilized video sequence VS, (FR)|, includes the sequential
sub-transformations. For static scenes, they are represented by Eq. 9.1, where the
operator Oy selects a current set of frames FSpg,. rg,, for current processing,
t€{0,1,2,...,z— 1} is a number of frame, n is a number of selected frames, the
operator O,,, estimates an unwanted motion in a scene, the operator O,,. com-
pensates an unwanted motion, the operator O,,; scales an area of stabilized frames.

OAf
VS, (FR

Ome One Opi
FSER,..FR,., — FSFR,..FR,, — FSFR,..Fr,,, — VSua(FR)|,



264 M.N. Favorskaya et al.

As a result, the stabilized video sequence VS, (FR)|, with the same number of
frames will be created. Such fractional processing of frames is actual procedure for
pseudo real-time applications. For non-real time applications in static scene, a finite
set of frames CSgg, .. rr, , may be used.

For dynamic scenes, Eq. 9.1 is extended by the additional operator O;,, which
divides an original video sequence in the relatively static scenes with non-essential
changing for current video processing. Equation 9.2 provides the transformations
for dynamic scenes, where SS; is a set of scenes, i € {0, 1, ..., m — 1} is a number of
scene, m is a total amount of scenes.

Oy Oy
VSor(FR)|, — SSFr,...Fr,,, —
(FR)|, FR,..FR 9.2)

Ome Ope Opi
FSer,..rR,., — FSFR,..FR,., — FSFr,..Fr,,, — VSa(FR)|,

Sometimes the blurred frames or frames with strong jutties appear in a video
sequence. Their interpolation is executed by one of known methods, if the first and
the last frames of the current scene have the appropriative quality for the DVS;
otherwise the frames with high jutties are replaced by the interpolated frames. In
this case Eq. 9.2 is replaced by Eq. 9.3, where Oy is the operator of frames inter-
polation. Each of Eqs. 9.1-9.3 corresponds to the special task of computer vision.

0. Oy
VSor(FR)|, — SSrw,...Fr., — (9.3)

Ome Op
FSgg,..rR,,, — FSFR,..FR,., —f>VSsr(FR) |,

9.3 Related Work

The DVS methods smooth and compensate the undesired motion of video camera
and then restore frames by algorithms of digital video processing. Usually the DVS
task is divided in three sub-tasks: a motion estimation, a motion compensation, and
a motion inpainting. The motion estimation is a crucial aspect of video stabilization.
A great variability of motion estimation methods, which were actively developed
during last years, can be classified in two main categories [12]: the comparative and
the gradient methods shown in Table 9.1. The dynamic textures are the special class
of objects, usually background, which are characterized by an alternate motion
(a motion of growth or water under a wind). In the DVS task, it is not required to
estimate such motion, only to detect and ignore. The majority objects of interest are
the rigid objects, and the main motion estimation methods are developed for their
segmentation [13]. The non-rigid objects have a gaseous or liquid structure and do
not require the exact estimations of their motion in a scene for the DVS [14]. Let us
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Table 9.1 Classification of motion estimation methods

Groups of Comparative methods Gradient methods
objects
Dynamic Method of spatio-temporal fractal analysis
textures Analysis based on autoregression
functions
Rigid objects Background subtraction® Edge points tracking
Block-matching Feature points tracking
algorithm* Optical flow

Density motion functions* | Kurtosis estimations
Motion patterns

Non-rigid objects | Background subtraction* Feature points tracking
Block-matching Optical flow
algorithm*

High speed and less accurate methods are labeled by symbol “*’

notice that all motion estimation methods are calculated in the spatio-temporal
domain of the original video sequences.

The efficient algorithm of statistical DVS was presented by Shakoor and
Moattari [15]. The algorithm reduces the computational cost of Block-Matching
Algorithm (BMA) by using a mean and a variance of pixels in each analyzed block
with predetermined sizes (usually 16 x 16 pixels). According to such approach, the
best block should not have a uniform area and should belong to a background
without moving objects.

The basic BMA is suitable for motion analysis of rigid objects under the
assumption that shift, rotation, and scale changing between frames are non-sig-
nificant and can be neglected. First, a previous frame is divided on non-crossed
blocks with similar sizes, which are defined by an intensity function I(x, y), where
(x, y) are coordinates, # is a discrete time instant. Second, for each block in the small
neighborhood =S, < d, < +S, and =S|, < d, < +S,, the most similar block in a current
frame I,,,(x + d,, y + d,) is searched, which is also divided on the non-crossed
blocks with the same sizes as a previous frame. The similarity is determined by a
minimization of the error functional e, according to the applied metric. Usually
three metrics are used such as Sum of Absolute Differences (SAD), Sum of Squared
Differences (SSD), and Mean of Squared Differences (MSD) (Eq. 9.4), where n is a
number of analyzed surrounding blocks.

ESAD(dmdy) = ’It+l(x7y) _Il(x+dxay+dY)|

M=
M=

1

=
Il

Ly

(L1 (%,y) = L(x + do,y + dy))° (9.4)

M=
M=

essp (dy, dy) =
I

=
Il
—_

y

:nxnzz Li1(x,y) — (x+dr7Y+dv))2

x=1 y=1

—_

€MSD (dxa dy)
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To reduce the unnecessary computation, the partial distortion elimination was
introduced in SAD-metric (pSAD) by Shakoor and Moattari [15]. Therefore,
esap(dy, dy) is transformed in Eq. 9.5, where k=1, 2, ..., N, k is a kth partial SAD.

kK N
€pSAD (d)m dy) = Z Z |It+l (x,y) =1 (x +dyy+ dy) | (9:5)

x=1 y=1

If an intermediate sum in k rows is larger than the minimum value of matching
distortion, then the following computation is unnecessary. When the best block
from four current estimated blocks is selected, a Local Motion Vector (LMV) is
calculated only for the best block by use a full search strategy. This algorithm gives
the main attention to search a stabilized macro-block in a frame, for which the
LMVs and a Global Motion Vector (GMV) are calculated.

Methods from Table 9.1 include the steps for the LMVs and the GMVs defi-
nition. The GMVs are the basic for scene correction. For the GMVs estimations, a
Speeded-Up Robust Features (SURF) tracking and a discrete Kalman filter were
proposed in the researches [16, 17]. The SURF algorithm is used to obtain the
stable feature points in the neighbor frames for global motion estimation by six
parameters in 2D affine camera model [18]. The matching of SURF descriptors was
done by the nearest neighbor distance ratio method. The Kalman filter estimated the
process state at some time and then obtained the feedback measurements. The
Kalman filter smoothed the estimated accumulated affine transformations by
removing the high frequency components. During the motion compensation stage,
the difference between the smoothed parameters and the estimated ones permitted to
reconstruct the stabilized video sequence.

To account the temporal lighting variations, the generalized optical flow con-
straint under the non-uniform lighting change was used in the research [19]. Instead
of using the traditional optical flow, the generalized optical flow constraint was
applies in a local window of frame. The authors represented their performance of
optical flow by Eq. 9.6, where I,_;(x, y) and I(x, y) are intensity functions in a
previous frame (¢ — 1) and a current frame ¢, respectively, u and v are velocity vector
components along axes OX and OY, respectively, w is a constant for compensating
the non-uniform lighting change.

61t71(x7 y) U+ aItfl (xvy)
ox Oy

V+It—l(-x7y)'W+It—l(x7y)_lt(xay):0 (96)

Three parameters (1, v, w) are estimated by the iterative linear least squares
method in a local window. The main idea of such iterative process is to move the
block with the newly estimated motion vector and to compute the updated flow
constraints in a recursive manner. Let us notice that the Lucas and Kanade optical
flow computation method cannot provide the reliable motion estimation in the close
homogeneous regions. Chang et al. [19] suggested the procedure for homogeneous
regions detection by Eq. 9.7, where T is a user-defined threshold.



9 Digital Video Stabilization in Static and Dynamic Scenes 267

RO e

XyEW;;

Such homogeneous regions are skipped. Thereby, the approach can be called the
sparse optical flow vectors estimation. The camera motion parameters are smoothed
temporally to reduce the motion fluctuations by using a regularization method,
which is considered the cost function for the penalty of data deviations and the cost
function corresponding to the temporal motion smoothness constraint.

One of interesting approaches for fast and accurate global motion estimation is
based on the Levenburg—Marquardt Algorithm (LMA) and several sub-sampling
patterns with their combinations [20]. The LMA is a method based on the gradient
descent for iteratively estimation of parameters of perspective model. The LMA is a
highly expensive computationally method but it was substantially accelerated by
using the sub-set selection methods based on the pixel-sub-sampling patterns. Partly
the pixel sub-sampling patterns are similar to the BMA applied to the gradient
frames.

One of the most popular approaches for motion compensation is based on the
assumption that the GMVs have a high-frequency component, and the application
of the low-pass filtering will free the original video sequence from the unwanted
motion. In this case, the application of a first-order infinite impulse response of a
low-pass filter integrates a differential motion in a scene and smoothes the global
movement trajectory. Also a smoothing algorithm based on the smoothing absolute
frame positions provides a successful stabilization performance [21, 22]. To other
decisions, it may be concerned the application of discrete Fourier transform, Kal-
man filter, fuzzy systems, and fuzzy Kalman systems [23, 24]. Some adaptive filters
with a smoothing factor and the adaptive procedures were proposed to remove the
camera jitters [25, 26].

In the research of Puglisi and Battiato [27], the fast and the accurate block—based
local motion estimator based only a translational motion together with a robust
alignment algorithm using a voting are proposed. The collected information from
the different spatial locations in a frame is applied to compute the GMVs through a
voting strategy. The GMVs are related to a similarity motion model: two transla-
tions, one zoom factor, and one rotation. An integral projection-based error function
is used in a search strategy. Instead of usual intensity function, the authors applied
the gradient of integral projections that provides a high accuracy.

The fuzzy Kalman compensation of the GMVs in the log-polar plane was
proposed by Kyriakoulis and Gasteratos [28]. Due to special features of the log-
polar plane, each GMV was calculated as the average value of the four LMVs. Then
the GMV displacements were imported in the fuzzy Kalman system. The fuzzy
system was tested with several types of the Membership Functions (MFs), the
different aggregation and the defuzzification methods.

For hand-held cameras and third-generation mobile phones, the unwanted motion
is mainly caused by two independent motions: the camera motion (ego-motion) and
the undesired hand jitter (high-frequency motion) [29]. The independent component
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analysis searches the components that are both statistically independent and non-
Gaussian. The authors assume that the estimated LM Vs between the consecutive
frames are the time-varying signals x;(¢) and are a linear mixture of the ICs s,(7). The
relative amplitude of each independent motion vector s; at the estimated LMV is
related to the selected frame region and can be defined as a weighting factor a;; for
each type of motion. The mixture x;, j = 2 for two frame regions is represented by
Eq. 9.8.

X1 = ans +ans: (9.8)
X2 = d151 + annsr

Some original approaches can be found in the researches, dedicating to video
stabilization by using a principal component analysis [30], an independent compo-
nent analysis [31], a probabilistic global motion estimation based on Laplacian two-
bit plane matching [32], wavelet transformations [33], a calculation of statistical
functions, mean and variance of pixels in each block of the BMA [15], etc. An
algorithm to estimate the global camera motion with Shift-Invariant Feature Trans-
form (SIFT) features was proposed by Hu et al. [34]. These SIFT features have been
proved to be affine invariant and used to remove the intentional camera motions.

Tanakian et al. [35] proposed the integrated system of the video stabilizer and
the video encoder by using the BMA for the LMVs detection, the histogram
analysis for the GMVs detection, and the low pass filtering for a Smooth Motion
Vector (SMV) obtaining as the intentional motion correction. The authors sug-
gested a low pass filtering to remove a high frequency component of intentional
motion. They approximate the SMVs by the first-order auto-regression function
(Eq. 9.9), where a is a smoothing factor, 0 < a < 1; n is a frame number.

ISMV,| = a|SMV,_| + (1 — 0)|GMV,| (9.9)

The authors proposed a rule to chose a value (o = 0.1 or a = 0.95) in dependence
of the GMVs and the SMVs magnitudes in the previous frames. In their following
research, a fuzzy system for tuning of smoothing factor a was suggested according
to noise and camera motion acceleration [36]. The trapezoidal and triangular the
MFs were used for adaptive filtering of horizontal and vertical motion components
between (n — 3), (n — 2), (n — 1), and n frames.

To product the full-frame stabilized video sequence with a good visibility is the
final stage of the DVS. The direct pixel based on the full-frame video stabilization
approach was proposed by Matsushita et al. [37]. This approach uses a technique of
image mosaics by accumulating neighboring frames with natural stitching of
multiple images and a motion deblurring method to reduce the motion blur caused
by the original camera motion. The propagated motion field, based on a pyramidal
version of the Lucas-Kanade optical flow computation, is used to help naturally fill
up the missing image areas even for scene regions that are non-planar and dynamic.
Also in order to sharpen the blurry frames by a novel interpolation-based deblurring
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method was developed. The crucial idea is to transfer the blurry pixels in a current
frame by the corresponding sharper pixels from neighbor frames. This method
works well in most videos except the cases with a large area cover of moving object
and impossibility of correct the GMVs detection.

The method of dual-tree complex wavelet transform for video stabilization was
developed by Pang et al. [38]. This method considers the dependence between the
phase changes of wavelet transform and shift invariant feature displacement in a
spatial domain. The smoothness of motion jitters is achieved by the optimal
Gaussian kernel filtering. This phase-based method is invariant to lighting changes,
but has a high computational cost. Usually the technologies of image warping are
used, which reduce an area of stabilized frame. The motion inpainting of frame
boundaries (the reconstruction of frame boundaries) can be successfully applied for
static scenes. However, this may be impossible in dynamic scenes, when the
reconstruction data are absent in neighbor frames.

Liu et al. [8, 39] proposed a content-preserving warping based on two objectives:
to displace all tracked feature coordinates to their regularized re-projected locations
and, at the same time, to minimize the warping distortion in the content-rich regions
with a minimum computational cost.

A novel method to stabilize video sequences based on a 3D perspective camera
model without recovering the dense depth maps was proposed in the research of
Zhang et al. [40]. By balancing the smoothness and similarity, a video stability was
optimized related to rotation, zooming, and translation components with suitable
weights. Based on a 3D perspective camera model, the depth relative motion
(camera translation) and the depth irrelative motion (camera rotation and zooming)
were separated. The corresponding SIFT features are constrained frame by frame
according to the epipolar geometry theory with application of RANdom SAmple
Consensus (RANSAC) algorithm.

The literature survey shows a great variability of existing stabilization methods.
Often the authors solve the DVS task for a static scene and prefer to use more
simple decisions in order to provide the pseudo real-time applications.

9.4 Video Stabilization in Complex Static Scenes

The DVS in static scenes is a particular case of the DVS in dynamic scenes. The
both approaches have some common procedures and a similar logic of realization
but the differences are also essential, especially on the stage of motion inpainting.
For static scenes, it is required to find vectors of unwanted motion, which are
enough uniform distributed in each original frame and have the similar magnitudes
and directions.

The motion estimation of cluttered background is the task with a high compu-
tational cost. The main goal of the current research was not only to develop the
novel algorithms for separation of motion vectors but also to design the fast
algorithms in order to make the DVS in a static scene as a pseudo real-time
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application. These issues are performed in Sect. 9.4.1. Motion compensation by the
smoothing of global motion in a static scene and camera path estimation is situated
in Sect. 9.4.2. Section 9.4.3 provides the static scene alignment with using two main
techniques: the stabilized frame scaling with the reduced stabilized frame area and
the frame borders restoration with the non-changeable frame sizes.

9.4.1 Motion Estimation in Static Scene

According to the problem statement representing in Sect. 9.2, the motion estimation
in static scenes can be provided by fast comparative methods. The small dis-
placements of objects in a scene between two sequential frames may be roughly
performed as the parallel transitions from frame to frame. Usually a motion of
objects in static scene satisfies the assumption that a motion is described by the
almost continuous function. The proposed modification of the BMA based on a
statistical model of background is concerned to fast realization of the basic BMA.
Let us consider the enhanced statistical model of a background.

The enhanced statistical model of background in a static scene is based on the
following parameters: an average of frames I,,., (medium values), a mean value
u(x, y), and a variance o>(x, y) for K frames, which are described by the intensity
function I,(x, y), where x and y are coordinates of a current pixel, ¢ is a number of
frame at moment 7. A mean value p(x, y) and a variance cz(x, y) for K frames are
calculated by Eqs. 9.10-9.11, where w,(x, y) are the weighting coefficients.

H(x,y) = (sz(xvy)w(x,y)) / (Zm(w)) (9.10)
=1 =1

K K 2
Gz(xay) = ﬁ <Z (Wt(xay))z'(ll(xay) - “(xay))2>/<zwt(xay)>
t=1
(9.11)

Let us notice, that Eq. 9.11 gives a unbiased estimator of variance (52()6, y) for
small K value, K < 30.

The weighting coefficients are used for minimization of spikes, which are
maximally removed from the average of frames I,,.; (a noisy compensation) and are
normally distributed. Equation 9.12 provides the estimations for w,(x, y), where
standard deviation o,, is calculated from K neighbor frames in a spatial domain.
The use of weighting coefficients w(x, y) in the statistical model of background
permits to build a robust background model without any training video sequences.
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2
) = —exp (_ (1(x,5) = Inea(x,y)) ) o.12)

2162, 202,

The statistical model of background (Eqs. 9.10-9.12) is recalculated periodically
because of lighting or meteorological changes. The enhanced model of background
separates the background and the foreground moving objects. If Eq. 9.13 is exe-
cuted, then this pixel is a foreground pixel, and otherwise. Value A is equaled to 3
according to the rule of three sigma: all values of normal distributed random
variable lay in the interval +3c with not less reliability than 99.7 %.

() = 1(x,)[ > 22 6? (x,) (9.13)

Such statistical model is especially effective, when a set of sequential frames
without moving objects can be provided. This requirement is ordinary for the
outdoor and the indoor surveillance tasks. The worse results are received, when the
moving objects with a small area (less 5-8 % of frame area) appear in static scene.
The most problematic case connects with the moving object with a large sizes,
when only the probable regions with or without motion are determined.

The background subtraction and the BMA are the main comparative methods of
fast motion estimation. The background subtraction is the simplest motion esti-
mation technique. For each current frame, the intensity values and the color com-
ponents of each pixel are compared with the corresponding values of pixels in an
initial averaged (sampling) frame of video sequence. As a result, the binary masks
of moving foreground objects in a scene will be received. Such method is a noise-
dependent. Therefore, a median filter or the mathematical morphological operators
are applied for binary masks improvement. The filter parameters determine the
sensitivity and the reliability of background subtraction method. The simplicity and
the high computational speed are its main advantages. However, shadows, dynamic
background, lighting change, and camera inaccuracy make this approach the non-
used in practice.

More appropriate decision connects with the BMA application for a set of
sequential frames. Experiments show that 25 frames processing (near 1 s) is a good
decision that provides a delay for receiving of stabilized video sequence in 2—4 s. In
surveillance systems as the urban surveillance or computer vision in the outdoor
environment, such results are satisfied. The hardware realization by CUDA tech-
nology will reduce the processing duration in times.

The proposed procedure for motion estimation includes three steps:

e The local motion estimations by fast BMA modification.
The accuracy improvement by using the Takagi-Sugeno-Kang model.
The global motion estimation in a frame.

Let us consider local motion estimation by the BMA. The basic BMA has
various interpretations such as full search, pattern search, and recursive search,
among others [12]. The full search strategy provides the best results with the highest
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computational cost. There are known its modifications such as three step search,
four step search, block based gradient descent search, diamond search algorithm,
adaptive rood pattern search, etc., which were developed to reduce the computa-
tional cost with a non-essential quality loss. All these fast search algorithms are
based on the assumption that a block distortion measure increases monotonically
around the global minimum. However, the search process can be easily trapped in
one of the local minimums, a lot of which are included in any video sequence as
noises, lighting changes, or dynamic textures. To avoid such problem, the Markov
model with three states was proposed by Chen et al. [41] to provide an acceptance
probability of being able to jump out of a local minimum. Also many BMA
modifications were developed for various cases of motion estimation, for example,
a motion estimation in noisy video sequences [42], fast BMA [43], Gaussian
mixture model [44], a motion estimation by using Lie operators [45], a bilinear
deformable BMA [46], a fuzzy logic BMA [47], etc.

A motion vector MV(d,, d,), for which an error functional e according one of
metrics (Eq. 9.4) has the minimum value, is considered as a displacement vector for
the given block. It shows the displacement of the left top corner in the marked block
from a previous frame (¢ — 1) to a current frame ¢. The proposed BMA modification
uses the transparent masks for moving objects and the opaque mask for a static
background, which often involves periodical motions of textons. Usually such
motion is not interesting for estimation and ignored. In the case of static scene, all
values of background pixels can be set to a constant value, for example, —1. When a
motion is detected, the transparent mask is put on a visual object. Therefore, the
intensity function describing a moving object will be available for estimation
especially during the overlapping of visual objects. Forcibly maintained to negative
constant values, the opaque background masks permit to reduce BMA calculations
due to only the analysis in a neighbor region. The procedure of basic BMA is
reactivated periodically (with interval 1 s) as an additional search of other moving
objects, appearing in static scene. As a result, a set of the LM Vs fields will be built
for the chosen frames; the LMVs field shows the motion vectors between two
neighbor frames. Such LMVs field is enough chaotic, and the following procedure
is to separate of the LVMs as “good” and as “bad” motion vectors.

The field of LMVs includes the motion vectors, which describe an unwanted
camera motion and objects motion in a scene. For such clustering, a novel fast method
for detection of unwanted camera motion was developed based on Takagi-Sugeno-
Kang (TSK) model. A fuzzy zero-order TSK model is adopted to infer the quality
index: four different output fuzzy sets are defined to describe the quality of the
matching, named as excellent, good, medium, and bad [48]. A zero-order TSK model
is very simple, compact, and computationally efficient model, which permits to use
the adaptive techniques. These adaptive techniques customize the MFs in such
manner that the input data are modeled by a fuzzy system in the best way. Also a quite
complex data behavior can be interpreted by using the “IF-THEN” fuzzy rules. In our
experiments, the triangle, trapezoidal, and S-shape MFs to partitioning the LM Vs
were used. A view of these MFs is represented in Fig. 9.1, parameters a and b of
S-shape membership are fitted empirically. Our recommendations are to use
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Fig. 9.1 A view of the MFs in the TSK model: a triangle, b trapezoidal, ¢ S-shape
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Fig. 9.2 A view of S-shape MFs: a for the non-noisy video sequence, b for the noisy video
sequence

a=0.5and b = 1.5 for the non-noisy video sequence and a=0.75 and b = 1.75 for the
noisy video sequence. The recommended S-shape functions are situated in Fig. 9.2.

The inputs of fuzzy logic model are two error measures: an Euclidean distance
e; between expected and the real LM Vs calculated in one of SAD, SSD, or MSD
metrics (magnitude of vectors) E' = (ey, e, ..., €, ...e,) and an angle between these
LMVs ¢;, C' = (cy, ¢a, ..., Cjy ...Cp), Where i = 1...n. In this research, the similar
approach from [49] to find error deviations d; and d; was used. The median values
My and Mc of sets E' = (ey, es, ..., €;, ...e,) and C' = (¢, o, ..., Ciy ...Cp), i =1...1,
respectively, are provided by Eq. 9.14.

df:ei/ME dlc :C,‘/MC (914)

Values of error deviations d;j and d; from Eq. 9.14 are mapped in three different
classes of accuracy: high, medium, and low. The lower values of error deviations
are mapped to the best class, and otherwise. If the MFs are overlapped, then better
class of the input fuzzy set is chosen.

The output of fuzzy logic model indicates a final reliability of estimation for a
quality of the matching by using the TSK model. The quality index is a value in the
range [0, 1]. It shows the quality of the LMVs, which are clustered in four classes:
excellent, good, medium, and bad. The “IF-THEN” fuzzy rules defined for two
inputs (error deviations di and d;) are the following:
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Fig. 9.3 The interpretation of the TSK model: a for the non-noisy video sequence, b for the noisy
video sequence

e [F (both inputs = “high”) THEN (quality = “excellent”).

e IF ((one input = “high”) AND (other input = “medium”)) THEN
(quality = “good”).
IF (both inputs = “medium”) THEN (quality = “medium”).
IF (at least one input = “low”) THEN (quality = “bad”).

Each of these four classes is mapped in a set of the constant values (1.0, 0.75,
0.5, 0.25, 0.0) [48]. During our experiments, the results for noisy video sequences
were received with a set of the constant values (1.0, 0.85, 0.65, 0.4, 0.0). The TSK
models for non-noisy and noisy video sequences with the sets of constant values
(1.0, 0.75, 0.5, 0.25, 0.0) and (1.0, 0.85, 0.65, 0.4, 0.0), respectively, are show in
Fig. 9.3. The TSK model permits to discriminate the LM Vs with excellent and good
quality and detect the best LM Vs (with excellent and good values of indexes) in
order to improve the final result.

Our following researches permitted to speed the LM Vs calculation for both types
of video sequences in the static scenes. Let us introduce the initial procedure, which
will put an invisible grid on each frame adaptively to the frame sizes with 40-60
cells. The sizes of such grid are less than the frame sizes in order to reject the
boundary areas of frame, which are more stressed to artifacts of instability. For five
first frames in a scene, the LMVs estimations and their improvements by TSK
model are calculated for all cells of this grid. For each cell, the information of
reliable LMVs is accumulated under the condition, that 4—-16 reliable LMVs are
determined in a cell. According to the scene background, some of such cells are
selected for the following analysis. Therefore, the LMVs of unwanted motion are
calculated only in the selected cells, that permits to avoid the challenges of lighting
change or moving foreground objects and reduce the number of analyzing cells in
1.5-3 times. Figure 9.4 provides such adaptive and fast technique for frame number
69 from video sequence “EllenPage_Juggling.avi”. Figure 9.5 illustrates several
frames from the same video sequence with the imposed grid.

The selected cells include information only about unwanted motion that also
increases an accuracy of the GMV in a frame. Let us consider the technique of the
global motion estimation in static scene. The global motion caused by a camera
movement is estimated for each frame by using a clustering model. On the one
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Fig. 9.4 The adaptive technique for LMVs estimation in static scene, video sequence
“EllenPage_Juggling.avi”: a the initial frame 69; b all calculated LMVs; ¢ the reliable LMVs
based on the TSK model; d the reliable LMVs in the selected cells of imposed grid

hand, the LM Vs of background are very similar in magnitudes and directions. On
the other hand, they are essentially different from the motion vectors of foreground
objects. The procedure, classifying the LMVs in two clusters — background and
foreground, has the following steps:

Step 1. The histogram H is built, which includes only valid LMVs with excellent
and good values of indexes (near 30 % from all detected LMVs).

Step 2. The LMVs are clustered by a criterion of the similar magnitudes.

Step 3. The LMV with a maximum magnitude from background motion cluster is
chosen as the GMV for a current frame.

The example of a histogram with valid LMVs is presented in Fig. 9.6.

For the GMV detection, the TSK model can be also applied. The global motion
includes two major components: a real motion (for example, a panning) and an
unwanted motion caused by camera jitters. Usually an unwanted motion corre-
sponds to a high frequency signal. Therefore, the low-frequency filtering can
remove the unwanted motion.

The model, proposed in the research of Kyriakoulis and Gasteratos [28], was
used to create a Smooth Motion Vector (SMV) calculated by Eq. (9.14). The low-
pass filter of the first order requires the low computational cost and can be used in a
real-time application.
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Fig. 9.5 The LMVs estimation in static scene from video sequence “EllenPage_Juggling.avi’: all
calculated LMVs are in the left column; the reliable LMVs based on the TSK model are in the
middle column; the reliable LM Vs in the selected cells of imposed grid are in the right column
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9.4.2 Unwanted Motion Compensation

The unwanted motion compensation in static scenes is based on a smoothing of the
GMVs. Any moving rigid object has the following states [50]:

Appearance. The object is appearing in a scene.

Mature. The obje