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Preface

Increasingly, business, government agencies, and scientists are confronted with
large amounts of heterogenous data that are critical for the daily activities, but
not well enough analyzed to get the valuable information and knowledge that
they potentially hide. The availability of large data sets has changed the scientific
approaches to data mining. This has given rise to the need to develop efficient data
modeling tools. Among these approaches, mixture models have become a tool of
choice in the last years in many scientific domains [1-3]. This is mainly due to
their ability to offer a well-principled approach to clustering. New challenges (e.g.,
Big Data), new approaches (e.g., deep learning), and new technologies (e.g., cloud
computing, Internet of Things, etc.) have added new problems when deploying
mixture models in real-life scenarios. And several new frameworks based on mixture
models have been proposed. The importance of mixture models as a powerful
learning machine is evident by the great plethora of papers dedicated to this subject.
Such models are finding applications in almost any area of human endeavor. This
includes applications in engineering, science, medicine, and business, just to name
a few. At the same time, however, there are a lot of challenges related to the
development and application of mixture models. Indeed, very few books present
a comprehensive discussion about the application of such models to many real-life
domains. The present edited book shows clearly that mixture models may be applied
successfully in a variety of applications if well deployed.

The book contains 14 chapters that are grouped into 5 parts, namely, Gaussian-
based models (3 chapters), generalized Gaussian-based models (2 chapters), spher-
ical and count data clustering (3 chapters), bounded and semi-bounded data
clustering (3 chapters), and image modeling and segmentation (3 chapters). In
the first chapter, Parsons presents a Gaussian mixture model approach to classify
response types. The parameter estimates obtained from fitting the proposed Gaus-
sian model are used in a naive Bayesian classifier to perform the classification
task. In Chap. 2, Berio et al. use Gaussian mixtures for the interactive generation of
calligraphic trajectories. The authors exploit the stochastic nature of the Gaussian
mixture combined with an optimal control to generate paths with natural variation.
The merits of the approach are tested by generating curves and traces that are



vi Preface

similar from a geometrical and dynamical point of views to the ones that can be
observed in art forms such as calligraphy or graffiti. In Chap. 3, Calinon presents
an interesting overview of techniques used for the analysis, edition, and synthesis
of continuous time series, with emphasis on motion data. The author exploits the
fact that mixture models allow the decomposition of time signals as a superposition
of basis functions. Several applications with radial, Bernstein, and Fourier basis
functions are presented in this chapter. A generalization to the Gaussian mixture
called multivariate bounded asymmetric Gaussian mixture model is proposed by
Azam et al. in Chap. 4. The proposed model is learned via expectation maximization
and applied to several real-life applications such as spam filtering and texture image
clustering. Another generalization is proposed in Chap. 5 by Najar et al. and applied
for online recognition of human action and facial expression as well as pedestrian
detection from infrared images. In Chap. 6, Fan et al. tackle the problem of spherical
data clustering by developing an infinite mixture model of von Mises distributions.
A localized feature selection approach is integrated within the developed model to
detect relevant features. The resulting model is learned via variational inference and
applied to two challenging applications, namely, topic novelty detection and image
clustering. A hybrid generative discriminative framework, based on an exponential
approximation to two distributions dedicated to count data modeling, namely, the
multinomial Dirichlet and the multinomial generalized Dirichlet, is developed in
Chap. 7 by Zamzami and Bouguila. Several SVM kernels are developed within this
hybrid framework and applied to the problem of analyzing activities in surveillance
scenes. A challenging problem when considering the multinomial Dirichlet and
the multinomial generalized Dirichlet distribution in statistical frameworks is the
computation of the log-likelihood function. This problem is tackled in Chap. 8
by Daghyani et al. by approximating this function using Bernoulli polynomials.
The approach is validated via two clustering problems: natural scene clustering
and facial expression recognition. A unified approach for the estimation and
selection of finite bivariate and multivariate beta mixture models is developed
in Chap.9 by Manouchehri and Bouguila. The approach is based on minimum
message length and deployed to several problems (e.g., sentiment analysis, credit
approval, etc.). In Chap. 10, Maanicshah et al. tackle the problem of positive
vector clustering by developing a variational Bayesian algorithm to learn finite
inverted Beta-Liouville mixture models. Applications such as image clustering and
software defect detection are used to validate the model. In Chap. 11, Kalra et al.
examine and analyze multimodal medical images by developing an unsupervised
learning algorithm based on online variational inference for finite inverted Dirichlet
mixture models. The algorithm is validated using challenging applications from
the medical domain. Kalsi et al. tackle in Chap. 12 image segmentation problem
by integrating spatial information within three mixture models based on inverted
Dirichlet, inverted generalized Dirichlet, and inverted Beta-Liouville distributions.
The same problem is approached in Chap. 13 by Chen et al. by developing a spatially
constrained inverted Beta-Liouville mixture model applied to both simulated and
real brain magnetic resonance imaging data. Finally, Chap. 14 by Channoufi et
al. presents a flexible statistical model for unsupervised image modeling and
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segmentation. The model is based on bounded generalized Gaussian mixtures
learned using maximum likelihood estimation and minimum description length
principle.

Montreal, QC, Canada Nizar Bouguila
Xiamen, China Wentao Fan
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Part I
Gaussian-Based Models



Chapter 1 ®
A Gaussian Mixture Model Approach Qs
to Classifying Response Types

Owen E. Parsons

Abstract Visual perception is influenced by prior experiences and learned expec-
tations. One example of this is the ability to rapidly resume visual search after
an interruption to the stimuli. The occurrence of this phenomenon within an
interrupted search task has been referred to as rapid resumption. Previous attempts
to quantify individual differences in the extent to which rapid resumption occurs
across participants relied on using an operationally defined cutoff criteria to classify
response types within the task. This approach is potentially limited in its accuracy
and could be improved by turning to data-driven alternatives for classifying response
types. In this chapter, I present an alternative approach to classifying participant
responses on the interrupted search task by fitting a Gaussian mixture model to
response distributions. The parameter estimates obtained from fitting this model can
then be used in a naive Bayesian classifier to allow for probabilistic classification of
individual responses. The theoretical basis and practical application of this approach
are covered, detailing the use of the Expectation-Maximisation algorithm to estimate
the parameters of the Gaussian mixture model as well as applying a naive classifier
to data and interpreting the results.

1.1 Background

1.1.1 The Influence of Prior Information During Interrupted
Visual Search

Visual perception is widely regarded to involve processes of unconscious inference
about the state of the external world which act upon incoming noisy sensory
information [1]. Hermann von Helmholtz was an early pioneer of the view that
visual perception involves higher order processing of ambiguous retinal images.

O. E. Parsons (IX)
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He suggested that vision was a process of finding the most likely state of visual
stimuli based on both the sensory information being received and the previous
experiences of the observer [2]. This view of vision, as a process of testing
hypotheses about the state of the world, has since been strongly advocated and
perception is now understood to be heavily influenced by our expectations of the
external environment [3]. These expectations help to solve any ambiguities in the
incoming sensory information and enable us to process visual scenes in a fast and
efficient way.

Prior expectations have been shown to influence performance during visual
search tasks [4-9]. One particular set of studies, which were carried out by Lleras
and colleagues, demonstrated how periodically removing the search display during
visual search tasks results in a unique distribution of response times [4, 10, 11].
These results illustrated the effects of previously acquired information on search
performance. The initial paradigm within these studies required participants to
complete a visual search task in which the search display was only visible for short
intervals, while being intermittently interrupted by a blank screen [4]. By separating
responses into those which occurred after a single presentation of the search display
and those which occurred after two or more presentations, the authors found
that the distributions of these two response types were distinct. Responses which
immediately followed the first presentation of the search display showed a typical
unimodal distribution, with all responses occurring after 500 ms from the onset of
the search display. However, responses that followed subsequent presentations of
the search display showed a clear bimodal distribution with a large proportion of
responses occurring within 500 ms of the most recent presentation of the search
display. This was interpreted as evidence for a predictive aspect of visual processing
in the latter response type, as participants were able to use information acquired
from previous exposures of the search display to facilitate their search performance
on subsequent presentations.

Lleras and colleagues built on this initial finding by carrying out a number of
different manipulations to the original task design in order to better understand the
mechanisms of this phenomenon and to rule out alternative explanations for their
results [4]. First, they implemented an adaptation of the original paradigm in which
the participants had to search for two separate targets in parallel which occurred
within distinct search displays that alternated on each presentation. This version of
the task produced similar response distributions from participants as the original
task, which provided evidence that the results they found in the original task were
not simply the product of delayed responses following previous presentations of
the display. The authors also experimented with increasing the display time of their
search display from 100 ms to 500 ms, which resulted in a stronger influence of prior
information on search performance as the participants had longer to accumulate
visual information.

Importantly, they were able to rule out the possibility that the effects they
observed in the original study were due to a confirmation bias. This refers to a
potential strategy where participants would withhold their response following the
initial presentation of the search display until they could confirm their decision after
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viewing a subsequent presentation. The authors assessed whether this strategy was
adopted by participants by inserting catch trials into the task (20% of time) in which
the search display did not reappear following the initial presentation. The absence of
further presentations of the search display forced participants to respond when they
realised that they weren’t going to be presented with any additional information.
The results from this version of the task found that responses which occurred during
these catch trials were likely to have been generated by random guessing, suggesting
that a confirmation strategy was unlikely to have been the cause of the observed
results in the original task.

1.1.2 Quantifying Individual Differences During the
Interrupted Search Task

It is common that distributions of responses which are obtained from single-
condition behavioural tasks (tasks in which the behavioural paradigm is consistent
across all trials) are assumed to be a result of a single underlying cognitive process.
Distinct cognitive processes are more commonly seen in multiple-condition tasks
where two types of condition are presented to participants. A classic example of
a multiple-condition task is the Posner cueing task, in which trials may either have
valid or invalid cues [12]. In tasks such as this, the data are normally stratified by the
type of task condition to allow for statistical comparison. This is straightforward in
multiple-condition tasks where the different response types occur as a direct result
of task manipulation. However, a different approach is required in the case of single-
condition tasks, such as the interrupted search task, as different response types occur
throughout the task independently of any task manipulation. This means there are no
directly observable labels that indicate which response type occurred in any given
trial.

Previous attempts have been made to classify response types during the inter-
rupted search task in order to quantify the effects of rapid resumption across
individual participants. Lleras and colleagues carried out a subsequent study which
looked at whether there were age-related differences in the extent to which
individuals showed the effects of rapid resumption [10]. In their study, they focused
on responses that occurred after subsequent presentations of the search display
(in which rapid resumption could occur) and discarded responses that occurred
immediately after the first presentation of the search display (in which rapid
resumption could not occur). They classified trials where rapid resumption was
thought to have occurred using a cutoff value of 500 ms, which was based on their
operational definition of rapid resumption. This allowed for a comparison to be
made between the reaction time distributions of the two different response types and
for the relative proportion of each response type to be calculated. Using this method,
they were able to calculate the ratio of trials in which rapid resumption did and did
not occur and then used this to assess for age-related effects. While they found
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increasing age led to an improvement in overall visual search performance, they
were unable to find an association between age and the extent to which participants
displayed the effects of rapid resumption.

The method developed by Lleras and colleagues has some potential issues
regarding its validity and suitability for classifying response types in the interrupted
search paradigm. First, the defined cutoff used to differentiate between response
types is slightly arbitrary as it wasn’t derived empirically from behavioural data.
The cutoff used in this approach was chosen primarily based on visual inspection of
data [4, 11] and is therefore unlikely to allow for optimal labelling of the different
response types. By using more sophisticated statistical methods, empirical data
could be used to classify response types more accurately. Second, the use of a
cutoff point leads to binary classifications that might lose some of the richness of
the behavioural data. To further illustrate the potential variance in performance that
this method fails to capture, I generated simulated data for 3 different hypothetical
response distributions (see Fig. 1.1). These 3 response distributions were created
using distinct underlying generative models. Distributions (a) and (c) were each
drawn from single Gaussians. While both of these had a mean reaction time of u =
0.5, they had differing variances of o = 0.07 and o0 = 0.3, respectively. Distribution
(b) was drawn from a mixture of two Gaussians with the same variance (o = 0.1)
but different means (u = 0.25 and © = 0.75). Using the approach by Lleras and
colleagues [10] to classify these different distributions (in terms of the proportion of
rapid resumption responses that they contain) gives us the same value (0.5) for all 3
distributions. As they clearly have distinct underlying generative models, this result
highlights how this method fails to capture certain types of variation in response
distributions that may be indicative of differences in performance on the task.

(a) 0.5 (b) 0.5 (<) 0.5

Fig. 1.1 Simulated reaction time distributions. Distribution (a) was drawn from a single Gaussian
of u = 0.5 and 0 = 0.07. Distribution (b) was drawn equally (A = 0.5) from a mixture of two
Gaussians with the same variance (¢ = 0.1) but different means (©x = 0.25 and u = 0.75).
Distribution (¢) was drawn from a single Gaussian of @ = 0.5 and o = 0.3. The ratio of rapid
to non-rapid responses, using the method suggested by Lleras et al. [10], is shown in the top right
corner of each plot
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1.1.3 An Alternative Approach to Classifying Response Types
During Interrupted Search

One way in which the evaluation of performance in the interrupted search task
could be improved is through the use of an empirical data-driven approach to
classify response types. The following chapter presents a novel method which uses
behavioural data to drive response classification. Considering the data obtained from
the interrupted search task, the overall distribution of responses can be viewed
as being comprised of two separate distributions. When distributions are derived
from two or more distinct processes, the underlying probabilistic structure can be
captured using mixture modelling [13]. Based on the evidence put forward by Lleras
and colleagues [4, 11], there is a strong reason to believe that there are two distinct
response types that occur within the interrupted search paradigm, these being (1)
those responses which involve rapid resumption and (2) responses which don’t
involve rapid resumption.

In terms of the true underlying cognitive mechanisms responsible for the different
response types, there is no direct way of observing which response type occurred in
any given trial. Therefore, the response type can be described as a latent variable (or
a hidden variable), a variable which is not directly observable but can be inferred
from other observed variables. The main observed variable that can be used in
the present study is reaction time. The method used by Lleras and colleagues was
essentially a way of using a simple classification rule to infer the latent variable,
response type, from the observed variable, reaction time. The main concern with
this approach, as outlined earlier, is the suitability of the classification rule used to
infer the latent variable from the observed data. Here, I present a novel data-driven
approach that uses reaction times from trials to infer the most likely response type
for any given trial.

1.1.4 Aims of This Chapter

This chapter aims to clearly present a method of applying the Expectation-
Maximisation algorithm to fit a Gaussian mixture model to behavioural data and
demonstrating how this can then be used to classify response types based on
which generative process they were likely to have been produced by. Here, I will
focus primarily on applying the outcomes from this approach to assessing whether
the original cutoff point suggested by Lleras and colleagues is valid. The results
produced by this novel method will also be compared with the results from the
method used by Lleras et al. to assess whether the classifications produced by
the two methods differ significantly. However, as outlined above, this approach
also has the potential to provide a number of additional advantages such as
individualised modelling of classification criteria as well as potential quantification
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of the confidence of classifications. While I will not apply these approaches in the
present chapter, the additional benefits of such approaches will be considered during
the discussion.

1.2 Methods

1.2.1 Data Collection

The dataset presented here was collected as part of a larger study which used a
reproduced version of the original task presented by Lleras et al. [4]. A summary
of the procedures used for this experiment are presented in the appendix. For the
present analysis, only participant responses that occurred following subsequent
presentations of the search display were included.

1.2.2 Overview of Approach

This alternative approach to estimating the latent variable from the observed data
will be based on extracting the parameters for the separate unimodal distributions
of the different response types and then using these parameters to calculate which
distribution was more likely to have generated each individual response. The
outline of this approach is shown in Fig. 1.2. The overall response distribution for
the combined distributions is assumed to be a bimodal distribution, as illustrated
by Fig. 1.2a. The first step is to estimate the distribution parameters of the two
individual Gaussian distributions that would generate similar data to the observed
bimodal distribution. This step is shown in Fig. 1.2b. Once these parameters have
been estimated, individual data points can be assessed to determine which of the
two Gaussians they were more likely to have been generated by. Two example data
points, x; and x ;, are shown in Fig. 1.2c. Both of these example data points are more
likely to have been generated by the rightmost Gaussian distribution, as indicated
in Fig. 1.2d. One additional advantage of the new approach is that the likelihood to
which these data points are expected to have been generated by a given distribution
and not the other can also be quantified. In this instance, x; will be more likely
to have been generated by the highlighted Gaussian than x;. The exact details and
methodology of approach will be outlined in greater detail below.

1.2.3 Gaussian Mixture Models

One particular example of a latent variable model is the Gaussian mixture model. A
mixture model is an example of a hidden model, in which observations are generated
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Fig. 1.2 Demonstration of the procedure used to classify data generated by a bimodal distribution.
Diagram (a) shows a hypothetical binomial distribution. A Gaussian mixture model can be used
to estimate the parameters of the different components of the binomial distribution as shown in
diagram (b). These can be used to label data points such as x; and x; based on which distribution
they were most likely to have been drawn from, as shown in diagrams (c¢) and (d)

from a mixture of two distinct generative models [14]. A Gaussian mixture model
is a common example of this, which consists of a mixture model comprising of two
or more Gaussian distributions. The Gaussian distribution can be expressed as:

(x —mz)

1
o)1 exp — < 2 (L.1)

N(x|w, o) =

where  is the expected value of the dataset x, and o2 is the variance of the dataset.
A mixture model can be defined as such:

K
PGHOD =D hapr(x16x) (12)
k=1

Here, 1; represents the relative weights of the different components (for a model
with k components) where > Ar = 1 and pg(x|6;) represents the respective
components of the subpopulations with 6; referring to the parameter set for
component k. Note that this assumes that 1; > 0 for all values of k, otherwise the
model contains non-contributive subpopulations which can be ignored. Gaussian
mixture models are a specific case of mixture models in which the distributions for
the subpopulations are Gaussian. This can be written as:
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PO =Y N (xl s, Zh) (1.3)

Within the mixture model, each individual Gaussian density N (x|ug, Xk) is
referred to as a component of the mixture and has specific values for its mean uy and
covariance Y. The parameters A, are the mixing coefficients, which are the relative
weights of each distribution within the mixture model. Integrating equation (1.3)
with respect to x, while incorporating the fact that both p(x) and each of the
individual Gaussian components are normalised, gives:

D=1 (1.4)

By definition, both p(x) > 0 and N (x |k, Xx) > 0. This indicates that Ay > 0
for all values of k. These statements can be combined with Eq. (1.4) to show that the
mixing coefficients meet the criteria to be probabilities:

0<x <1 (1.5)

It can also be stated across all the components k that:

K
px) =Y pk)p(xlk) (1.6)

k=1

So, itis clear that A, is equivalent to p(k), which is the prior probability of a data
point coming from the k;, component. Additionally, the density N (x|uk, ) =
p(x]k) can be regarded as the probability of data point x given component k. The
properties of the Gaussian mixture distribution are defined by the parameters A,
and X, which refer to sets containing the parameters of the individual components
A={A, ... Ak}, ={u1,...,uxtand X = {2, ..., g}

In the present study, there is no direct information that indicates which of the
two underlying processes generate any given response. In order to be able to
estimate which underlying process is the most likely cause of individual responses,
knowledge of the specific characteristics of the distributions for the different
subpopulations is required. In the case of a Gaussian mixture model, estimates
need to be obtained for the number of subpopulations, k, the characteristics of
each Gaussian, i and Xi, as well as the relative weight of each subpopulation
distribution to the overall population, A;. A standard approach for estimating
parameters such as these is to find the maximum likelihood. This involves finding
values of parameters for which the likelihood function is maximised. The log
likelihood function can be written as:

N K
log p(X |1, u, £) =) log {ZAkN(xnmk, zk>} (1.7)

n=1 k=1
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This equation includes a summation term within the logarithm. This leads to it
not being possible to solve the derivative of this in closed-form and so it is necessary
to turn to the Expectation-Maximisation algorithm to estimate the parameter values.

1.2.4 Expectation-Maximisation Algorithm

The Expectation-Maximisation algorithm is an iterative method which can be used
to find the maximum likelihood estimate in models that contain latent variables
[15]. It works by starting with initial parameter estimates and then iterates through
an Expectation Step and a Maximisation Step until the estimates for the parameters
converge on a stable solution. The Expectation Step assumes the current parameter
estimates are fixed and uses these to compute the expected values of the latent
variables in the model. The Maximisation Step takes the expected values of the
latent variables and finds updated values for the previous parameter estimates that
maximise the likelihood function.

In the case of a Gaussian mixture model, the Expectation Step assumes that
the values of all the 3 parameters for the Gaussians in the model are fixed and
then computes the probability that each given data point is drawn from each of
the individual Gaussians in the model. This property, the probability that a data
point is drawn from a specific distribution, is referred to as the responsibility of
the distribution to a given data point. Once the responsibility values are calculated,
the Maximisation Step assumes these responsibilities are fixed and then attempts to
maximise the likelihood function across all the model parameters.

The responsibilities are equivalent to the posterior probabilities for a given
component within the model and can be calculated as follows:

pzk=1) plxlzgk = 1)
YR P =1 plz=1)
M NOelpks Zg)
YK NGl E)

y(zk) = p(zx = 1lx) = (1.8)

(1.9)

where Zf: 1Aj - N(x|uj, Xj) is the normaliser term across all components. The
responsibility of a component of the model to a data point is equivalent to the
normalised probability of a given data point belonging to a specific Gaussians within
the mixture model, then weighted by the estimated mixture proportions (Ag). This
is the posterior probability for a specific distribution given the observed data, x.
Using this, it is possible to calculate the distribution of the prior mixture weights.
The responsibilities can be summed and normalise to estimate the contribution of
the individual Gaussians to the observed data:
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1
M = NXI,:V(Z") (1.10)

The responsibilities of each data point to the different distributions in the model
can be used to estimate the mean and standard deviation of the Gaussians:

> v @)X
== 7 1.11
Y@ (1D
and
o = Do v (@) (i — i) (xi — k) (1.12)

Zi v (2k)

It would be straightforward to calculate the posteriors for the components within
the model if the distribution parameters were known and, similarly, it would
be easy to calculate the parameters were the posterior know. The Expectation-
Maximisation algorithm overcomes this issue of circularity by alternating between
fixing either the posterior or the parameters while maximising the likelihood.
Initially, the parameters are fixed and then the posterior distribution is calculated
for the hidden variables. Then, the posterior distribution is fixed, and the parameters
are optimised. These steps are repeated in an alternating fashion until the likelihood
value converges.

1.2.5 Estimation of Mixture Model Parameters

I used the Expectation-Maximisation algorithm to estimate the parameters for
the individual distributions of responses where rapid resumption did occur and
responses where rapid resumption did not occur. Once the parameters of these
two distributions had been estimated, I would be able to not only reclassify all
participant responses using an empirically derived criterion but also quantify the
relative likelihood of each individual classification. The Expectation-Maximisation
algorithm was carried out by initialising the parameters and then iterating through
the Expectation and Maximisation Steps until the parameters converged. The
individual steps of the Expectation-Maximisation algorithm are detailed below.

1.2.5.1 Initialisation

The means p, covariances X; and mixing coefficients A; were initialised by
using the values obtained from the classification method suggested by Lleras and
colleagues [10] to classify data points across all participants and then estimate the
distribution parameters for the two response types based on these classifications.
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1.2.5.2 Expectation Step

The responsibilities (posteriors) for the individual components were evaluated using
the current estimates for the parameter values:

Ak - N o ks i)
Z;{:l Aj - NQplpj, X5)

Y (Znk) = (1.13)

1.2.5.3 Maximisation Step

The parameters were then updated by re-estimating them based on the current
values for the responsibilities. This can be done using Egs. (1.10)—(1.12), giving
the following update equations:

N
1
M;{lew — Fk . Z)/(an) - Xp (1.14)
n=1
LN
TPV = m D v @ar) - Gon — ) - (i — )" (1.15)
n=1
Ny
snew _ Vi 1.16
o = N (1.16)
where:
N
Ne = v (1.17)
n=1

1.2.5.4 Convergence Criteria

Convergence was checked for both the model parameters and log likelihood. The
convergence criteria were all set as 10~12. During each iteration of the Expectation-
Maximisation algorithm, the updated parameter and log likelihood estimates were
compared to the previous estimates to assess whether the change in values met the
convergence criteria. The log likelihood was estimated as follows:

N K
log p(X|p, 3, %) = ) log {ZMN(xnm,c, m] (1.18)

n=1 k=1
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If any of the parameters or the log likelihood satisfied the convergence criteria,
then the algorithm terminated, otherwise the next iteration was started.

1.2.6 Log Probability Ratio

Once the parameters for the distributions of rapid and non-rapid responses had been
estimated, log probability ratios were calculated for all trials across each participant
individually. The log probability ratios could be used to classify responses as either
rapid or non-rapid which in turn allowed for an updated calculation of the proportion
of rapid responses for all participants. This updated measure will be referred to as
RR-Model which can then be compared to the RR-Basic scores that were calculated
using the cutoff method outlined by Lleras and colleagues [10]. Additionally, the log
probability ratios allow for a measure of the camulative confidence of classifications
to be calculated for individual participants. For the current dataset, the set of
latent variables (which refer to the components of the Gaussian mixture model)
is Z = {zg, zs} where zp and zg are multinominal vectors such that zg = 1
is a classification of a rapid response and zg = 1 is a classification of a slow
response. For any given response x;, the probabilities of the observed responses
can be formulated as either being classified as a rapid response or a slow response
(non-rapid response). These can be written, respectively, as:

P — 1) PGr=1
Per=1|x)= | 2r P(;) k=1 (1.19)

and

Plzs=1|x) = L& 12s ZPZ)P(ZS =D (1.20)

As a binary classification (two classes) has been used and slow trials are defined
as any trials in which rapid resumption has not occurred, it can also be stated that:

Pzr=1|x)+P@is=1]x)=1 (1.21)

Equations (1.19) and (1.20) can then be combined with Eq. (1.21). This gives us
an equation for the normaliser term P (x):

P(x|zr=DPr=D+Px|zs=DPs=1) = Px) (1.22)

This can be rearranged to give the probability that data point x will be classified
as a rapid response:
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1

P(x|zs=1)P(zs=1)
Palcr=DPer=h) T !

Pizr=1]x)=

(1.23)

All the terms within this equation are computable from the observed data. The
prior probabilities P(zg = 1) and P(zs = 1) can be estimated from the observed
data. The posterior terms P(x|zg = 1) and P(x|zs = 1) can then be calculated by
assuming that:

Px|z=1) =N | op) (1.24)

where zx = 1 is the response type (either rapid, zg = 1, or slow, zg = 1) and
and ‘71(2 are the estimates for the mean and standard deviation of the given response
distribution which were calculated using the Expectation-Maximisation algorithm.
From this it is possible to expand Eq. (1.24) using Eq.(1.1) to calculate the log
probability ratio, which is the ratio of log likelihood probabilities for the Gaussian
components of the model.

Per=11) _ 1 (G—p)? @—p)’ ) 2
log —=— "7 — __ _ ) 2
og P(zs = 1|x) 2 ( o2 o2 + logo,;” —logo,

+logP(zg = 1) —log P(zs = 1) (1.25)

The final form shows the 3 mains components of the log probability ratio:
the variance-weighted Euclidean distances from the means ((x;# — (x;#),
the log variances (logo;? —logo?) and the difference in log prior probabilities
(log P (wy)—log P(ws)). A log probability ratio of 0 would suggest that the observed
response was equally likely to have been generated by either distribution, with
positive values suggesting stronger evidence that the response was a rapid response
and negative values suggesting that the observed response was a non-rapid response.
These values can be accumulated across all responses for each individual participant
using a sequential probability ratio test. This approach rests on the assumption
that the outcome on the nth trial is independent of the outcome on the n — 1th
trial. To verify whether this assumption holds, regression analyses can be used to
determine whether previous trial response type has an effect on current trial response
type. Additionally, it is worth considering that the accumulation of directional
log probability ratios is not entirely informative as distributions which are evenly
balanced across the classification boundary will have values close to zero regardless
of the likelihood of the individual trial classifications. Returning to the simulated
distributions in Fig. 1.1, accumulation of the direction log probability ratios would
still not be able to differentiate between these 3 distributions. Therefore, the absolute
values of the log probability ratio for each individual trial could also be considered.
These absolute values of the log probability ratios can be accumulated across both

response types combined, to give an overall measure of classification confidence for
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each participant, or for each of the response types individually, to create 2 distinct
within-subjects measures.

1.3 Results

1.3.1 Parameter Estimation of Response Distributions

The Expectation-Maximisation algorithm was initialised using the values detailed
in the methods section. The algorithm found a two-Gaussian fit for the response
distribution. The parameters for the two Gaussians were u, = 0.324, o, = 0.155
and up = 0.73, 0, = 0.119 with a A of 0.551. To ensure the parameter estimates
were accurate, the Expectation-Maximisation algorithm was run 100 times. The
algorithm consistently converged on the same values with an average of 631.92
iterations (SD = 30.85) taken to converge. The fit of the estimated Gaussians to the
observed data is shown in Fig. 1.3.

Gaussian mixed model estimate of distributions for response classes
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Fig. 1.3 Histogram showing the percentage of responses within different time bins for standard
responses. Data shown for all responses pooled across participants. The two curves show the
estimated distributions from the Gaussian mixture model. The Gaussian for rapid responses is
shown as a dashed line and the Gaussian for slow responses is shown as the solid line
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1.3.2 Evaluation of Previous Classification Criteria

To contrast the current method with the method presented by Lleras et al. [10],
the threshold value between the two response type classifications was calculated
using the parameters obtained here. This value represents the exact within-epoch
reaction time for which faster responses would be classified as rapid responses
and slower responses would be classified as slow responses. This is calculated by
using the model parameters and finding the reaction time for which the absolute
log probability ratio is minimised. The calculated threshold reaction time was
432 ms, which indicates that the difference between the value used by Lleras and
colleagues and the empirically derived value estimated by the model presented here
is a relatively modest 68 ms. While this suggests that the cutoff used by Lleras and
colleagues was a fairly good estimate, it is not clear whether the methods produce
significantly different values for the ratio of rapid to non-rapid responses.

1.3.3 Comparison of Classification Methods

Participant data were then modelled by applying a naive Bayesian classifier using
the estimated parameters. For each trial, a classification likelihood value was
calculated using the within-epoch reaction time and the estimated parameters for
the underlying Gaussians obtained using the Expectation-Maximisation algorithm.
The log probability ratio was calculated for all responses and was used to classify
the response type for each individual trial. Trials with positive log probability
ratios were classified as rapid responses, and trials with negative log probability
ratios were classified as slow responses. No trials were calculated as having a log
probability ratio of exactly O and so there were no ambiguous cases.

Rapid resumption ratios were calculated using the procedure described above
and will be referred to as the RR-Model scores. These scores were then compared
to rapid resumption ratios calculated using the method suggested by Lleras et al.
[10], which will be referred to as the RR-Basic scores. As expected, a Pearson
correlation test revealed a high level of correlation between scores obtained using
the two methods (r = 0.958, p < 0.001). A repeated measures ANOVA was
then conducted, with method of calculation (RR-Basic v RR-Model) as the within-
subject measure and the calculated rapid resumption ratio values as the outcome
variable. There was a significant effect of method (F(;23) = 178.8, p < 0.001,
n? = 0.886) indicating that scores obtained by the two methods did statistically
differ from each other. Participant data are displayed as violin plots [16] in Fig. 1.4.
This suggests that, in the present dataset, the Gaussian mixture model approach that
was developed produced results that differed to the method used by Lleras et al.
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Fig. 1.4 Violin plots showing the calculated rapid resumption ratio using the RR-Basic (light grey)
and RR-Model (dark grey) methods. Median values as well as upper/lower quartiles are shown for
each method by the horizontal dashed lines

1.4 Discussion

In this chapter, a Gaussian mixture model was successfully fit to the pooled
participant response data. This allowed for the estimation of the parameters of
the distinct distributions for responses in which rapid resumption occurred and
responses in which rapid resumption did not occur. The Expectation-Maximisation
algorithm converged on a 2-component model, suggesting that the response dis-
tributions for responses in the task that occurred after subsequent presentations of
the search display were indeed bimodal. Importantly, the model parameters that
were found were then used to calculate a more accurate classification threshold
(the exact time at which a response is equally likely to be a rapid response or a
slow response) by minimising the absolute log probability ratio between the two
Gaussian distributions. This classification threshold was found to be moderately
close to the value used by Lleras and colleagues [10]. The value calculated by
the model was 432 ms, which was not dramatically different from the approximate
value (500 ms) suggested by Lleras et al. However, a significant difference between
the ratio scores calculated using the two methods was reported. This suggests that
a slight adjustment to the originally suggested cutoff value of 500 ms should be
adopted.
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One limitation of the approach used by Lleras et al. is that fixed parameters
are used to classify the response types across all participants rather than adopting
an individualised approach. It may be the case that the best estimates for the
parameters of the underlying response distributions vary across individuals and
therefore using an approach that estimates the model parameters based on data
from the entire sample might lead to less accurate modelling of the response types.
The approach presented here could allow for Gaussian mixture models to be fit to
single participant data which could overcome this issue. The modelling approach
developed in this chapter has the added advantage of allowing for the likelihood
of each trial classification to be considered. This method provides a richer set of
measures which could be sensitive to variation in task performance that would be
overlooked by only considering the relative proportions of response types. While
individualised classification or the calculation of classification confidence values
were not explored in this chapter, both of these approaches are viable using the
method that was developed here. The focus of the present chapter was primarily to
assess the cutoff criteria used by Lleras et al., which was achieved. It is hoped that
the procedures outlined in this chapter will provide guidance for others who wish to
apply similar methods to their datasets.

Appendix: Additional Methods

Participants

A total of 27 healthy male participants completed the interrupted visual search task.
All participants were right handed and had normal or corrected-to-normal vision.
The mean age of the group was 30.42(SD = 9.18), and the mean performance 1Q
(measured using the WASI [17]) was 114.11(SD = 11.97). These participants were
recruited as the control group in a larger study that was conducted. Participants were
recruited from the Cambridge Psychology Volunteers Database or through classified
adverts on websites such as Gumtree.

Stimuli Presentation

Stimuli were presented using the Psychtoolbox extension [18, 19] in MATLAB [20].
Stimuli were displayed on a 24” monitor running at a resolution of 1920 x 1080.
Participants were sat with a viewing distance of 60 cm from the screen in a darkened
room.

Overall the stimuli presented and procedure used in this study closely match the
methods outlined in experiment 1 from Lleras et al. [4]. Participants were required to
locate a target T shape within an array of L shapes. Trials either contained 16 visual
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items (1 target and 15 distractors) or 32 visual items (1 target and 31 distractors). An
even amount of 16 and 32 item trials were presented to each participant in a random
order. The effects of distractor density were not considered as part of the analysis
presented here.

Items were presented within a centrally positioned white square which subtended
a 9° visual angle. The area of the screen outside of the central square was coloured
grey. Item positions were generated by randomly placing them inside an invisible
6 x 6 grid. The height and width of each invisible cell within the grid was 1.5°.
During display generation, items were initially placed centrally within their grid
positions and then a random amount of jitter (+0.2) was applied to this initial
position in order to avoid the objects being collinearly aligned.

After generating item positions, one of the items was selected at random to be
the target item, and the others were presented as distractor items. All items were
generated using two lines of equal length at 90 degrees to each other, with target ‘T’
shapes placing the second line in the middle of the first line and distractor ‘L’ shapes
placing the second line at the end of the first line. Each of the line segments within
the items subtended 0.5° of visual angle. The orientation of each item was randomly
selected from four possible options (at 90 degree rotations). Items could be either
blue or red in colour and were balanced to ensure an equal number of items of each
colour in the display.

Procedure

During each trial, a new search display was generated using the methods detailed
above. Trials were preceded by a fixation cross in the centre of the screen for 500 ms.
The search display was shown for 100 ms at a time with a 900 ms blank display
period in between. Blank display periods showed a white square without any of the
search items present. Each cycle of a 100 ms search display presentation and 900 ms
blank display will be referred to as an epoch [21]. Trials terminated after a total of
8000 ms without a response or as soon as the participant responded. This meant
that on each trial the search display would be visible for a maximum of 8 times (8
epochs). Participants were shown feedback on each trial which stayed on the screen
for 1000 ms. This procedure is demonstrated in Fig. 1.5.

Participants were given instructions on the screen which were repeated verbally
by the experimenter. Once the participants were happy with the instructions,
they were given 15 practice trials to do. After completing the practice trials, all
participants completed a control task designed to assess their base reaction time.
The control task consisted of 30 trials in which a target object appeared without the
addition of any distractor objects. Participants were asked to report the colour of the
target shape (red or blue) as quickly as possible by pressing the ‘z’ key for a blue
target or the ‘m’ key for a red target. Coloured stickers were placed on the keys to
indicate which key corresponded to which colour.
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Fig. 1.5 Diagram showing the stimuli sequence for any given trial. At the start of each trial,
participants are presented with a fixation cross for 500 ms. After the fixation cross, the search
display is presented for 100 ms followed by a 900 ms interval with a blank screen. The search
display is shown a maximum of 8 times in total. Feedback is given for 1000 ms (‘Correct’ or
‘Incorrect’) once the participant responds or the trial times out (8000 ms from initial presentation
of the search display)

After completing the control task, participants were given a short break before
starting the main task. In the main task, participants were again required to report the
colour of a target T shape. However, these T shapes were now presented alongside
distractor L shapes. Participants completed a total of 10 blocks of 30 trials. Each
block was followed by a 30 s rest period. The duration of the full session including
the instructions, practice trials, control task and main task was approximately
30 min. Two participants were removed from further analysis for having median
reaction times in the control task that were greater than 2 standard deviations from
the group mean. An additional participant was removed for having an error rate in
the main task that was greater than 2 standard deviations from the group mean. This
left a final sample of 24 subjects for the main analyses. Data for all response trials
were pooled together for all the participants. Only correct responses were included
in this dataset.
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Chapter 2 ®
Interactive Generation of Calligraphic Qs
Trajectories from Gaussian Mixtures

Daniel Berio, Frederic Fol Leymarie, and Sylvain Calinon

Abstract The chapter presents an approach for the interactive definition of curves
and motion paths based on Gaussian mixture model (GMM) and optimal control.
The input of our method is a mixture of multivariate Gaussians defined by the user,
whose centers define a sparse sequence of key-points, and whose covariances define
the precision required to pass through these key-points. The output is a dynamical
system generating curves that are natural looking and reflect the kinematics of a
movement, similar to that produced by human drawing or writing. In particular,
the stochastic nature of the GMM combined with optimal control is exploited to
generate paths with natural variations, which are defined by the user within a simple
interactive interface. Several properties of the Gaussian mixture are exploited in this
application. First, there is a direct link between multivariate Gaussian distributions
and optimal control formulations based on quadratic objective functions (linear
quadratic tracking), which is exploited to extend the GMM representation to a
controller. We then exploit the option of tying the covariances in the GMM to
modulate the style of the calligraphic trajectories. The approach is tested to generate
curves and traces that are geometrically and dynamically similar to the ones that can
be seen in art forms such as calligraphy or graffiti.

2.1 Introduction

The hand-drawn curves that can be observed in art forms such as calligraphy [32]
and graffiti [8] are often the result of skillful and expressive movements that require
years to master. Even after practice, the same trace executed twice will always be
different due to motor variability. Mimicking this type of curves and variability with
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conventional geometric computer aided design (GCAD) methods can be difficult.
These methods typically describe a curve through the concatenation of piecewise
polynomials, which interpolate or approximate the vertices of a control polygon
defined by a user. This approach is well suited for geometric design applications.
However, the manual positioning of control points can become unintuitive and
overly complex when the task at hand requires mimicking the curvilinear patterns
that would be produced by the movements of an experienced artist’s hand. To this
end, we propose a movement centric approach to curve design, in which a curve is
defined through the synthesis of a movement underlying its production rather than
only considering its static geometric trace.

In this chapter, we demonstrate how tools from statistics and optimal control,
together with insights from computational motor control, can be combined into
a curve generation method that produces synthetic traces that are visually and
kinematically similar to the ones made by a human when drawing or writing. The
input of our method is a Gaussian mixture model (GMM)' describing a spatial
distribution. The output of our method is a distribution of smooth trajectories, with
variations and kinematics that are similar to the ones that typically characterize
human hand motions. We generate smooth trajectories by forcing a dynamical sys-
tem to track the centers of each GMM component with a precision determined by the
respective covariances. The trajectory evolution is determined by an optimization
with a quadratic objective, which is formulated as a trade-off between tracking
accuracy and control effort. The latter is expressed as the square magnitude of a
nth order derivative of position, such as jerk (3rd) or snap (4th), which results in
smooth trajectories that are consistent with known principles from computational
motor control [18, 41]. Accompanying source codes for the chapter are available at
http://doc.gold.ac.uk/autograff/.

2.2 Background

The proposed approach is informed by a number of observations and ideas from
the domain of computational motor control. Target-directed hand movements are
characterized by an archetypal “bell” shaped velocity profile [17, 34, 36]. A
number of mathematical models of handwriting movements describe trajectories as
the time superposition of multiple target-directed sub-movements [16, 37], where
each sub-movement is in turn characterized by a bell-shaped velocity profile. The
speed and curvature of human hand movements tend to show an inverse relation
[15, 21] with this relation taking the form of a power law for certain types of
movements [27, 44]. The duration of hand movements tends to be approximately
invariant to scale, a principle that is also known as isochrony. Also the duration

IWe refer the reader to the chapter by O.E. Parsons in this same book [Chapter 1] for an
introduction and in-depth description of GMMs and relevant estimation methods.
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of sub-movements tends to be approximately equal, a principle that is commonly
referred to as local isochrony [25], and which is consistent with the hypothesis of
central pattern generators [14]. Human hand movements are smooth and appear to
obey optimality principles, which can be well modeled as the minimization of an
objective function [19]. Popular models express this objective as the minimization
of the square-magnitude of higher order positional derivatives [12, 18, 33, 42]
or torque [43]. Human movements show inherent variability [6], which tends to
increase in parts of the movement that are not critical to the required precision of a
task. Todorov and Jordan [41] propose the framework of optimal feedback control
and suggest that deviations from an average (smooth) trajectory are corrected only
when they interfere with the required task precision. Our method allows to model
this principle by explicitly defining the required precision of trajectory segments
with full covariance matrices.

Egerstedt and Martin [13] discuss the equivalence between several forms of
splines and control theoretic formulations of dynamical systems. The authors show
that smoothing splines correspond to the output of a controller found by minimizing
a quadratic cost function similar to the one used in our method. In a related line
of work, Fujioka et al. [22] optimize the placement of B-spline [10] control points
in order to mimic smoothing effects observable in Japanese calligraphy. With our
method we extend these principles to a more generic case, in which movement
precision as well as coordination patterns are encoded as full covariance matrices,
and where the output of the method is a distribution rather than a single trajectory.

In conventional computer graphics applications, hand-drawn curves are usually
specified interactively through a sketch-based interface. A user traces a curve
with a mouse, trackpad, or tablet. The trace is then processed in order to avoid
digitization artefacts and hesitations, with a procedure commonly referred to as
curve “neatening” or “fairing” [2, 30, 31, 40]. However, the output of these methods
is usually a piecewise polynomial curve set with several control points, and this
makes it difficult to later edit or vary the overall trace.

Non photorealistic animation and rendering (NPAR) is the subfield of computer
graphics aimed at the simulation of artistic techniques/styles and at clarity of
representation [26]. A few methods from this domain also target the generation
of curves through the simulation of a hand movement. Haeberli [23] uses a mass-
spring system to generate calligraphic curves from input mouse movements. House
and Singh [24] use a proportional-integral-derivative (PID) controller to generate
sketch-based stylizations of 3D models. AlMeraj et al. [1] mimic the quality of hand-
drawn pencil lines with a model of human movements that minimizes changes in
acceleration [19]. The method we describe in this chapter allows to achieve similar
artistic rendering effects or to generate curves that are similar to the ones produced
by a sketch-based interface. We provide a user-friendly interface to input a sparse
sequence of key-points, bearing similarities to the interfaces used in conventional
GCAD methods.
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2.3 Trajectory Generation

The input to our method is a GMM with M multivariate components N (u,-, E,-)
defined in a Cartesian space of dimension D. The output is a distribution of smooth
motions N (x, £*), where each motion tracks the centers p; of the input with a
precision defined by the corresponding covariances X;. Considering a sequence
of centers of the mixture components gives a series of key-points (1, ..., i),
results in a descriptor that is similar to the control polygon used in conventional
curve generation methods such as Bézier curves or splines. At the same time, the
covariance structure of the GMM provides explicit control over the variability and
smoothness of the trajectory in the neighborhood of each key-point, together with
local or global control of the curvilinear evolution of the trajectory (Fig.2.1).
Trajectories are generated by optimizing the evolution of a dynamical system that
tracks each GMM component sequentially for a given amount of time. A decrease
in the variance of a component corresponds to an increased precision requirement
and thus forces the trajectory to pass near the component center (Fig.2.2a). A
sufficiently low variance then produces an interpolatory behavior. An increase in
the variance corresponds with a lower precision requirement and thus produces a
smoothing effect that is similar to the one achieved with approximating splines
(Fig.2.2b). However, the use of full covariances allows more complex spatial
constraints to be captured such as forcing a movement to follow a given direction
or to pass through a narrow region of space (Fig.2.2c). The resulting trajectories

(2) (b) (©)
1 3

Fig. 2.1 The trajectory generation method in a nutshell. An input GMM (a) is considered as a
sequence (b). The ordered components are then used to guide the evolution of a dynamical system

()

(a) (b) (©) />

Fig. 2.2 Variations of a trajectory by manipulating one covariance matrix. (a) Using an isotropic
covariance with low variance (high precision). (b) An increase in variance produces a smoothing
effect. (¢) A full covariance can be used to force the trajectory to remain in a restricted (here nearly
flat) region of space
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are smooth and have kinematics that are similar to the ones that would be seen in
a movement made by a drawing hand, with desirable features such as bell-shaped
speed profiles and an inverse relation between speed and curvature.

2.3.1 Dynamical System

The model for our trajectory generation mechanism is a discrete linear time-
invariant system of order n defined with the state equation:

X141 = Ax; + Bu, , (2.1)

where at each time step ¢ the state,
T ="
X =[xT,xT,xT..., x&] , 2.2)

concatenates the position and its derivatives up to order n — 1. The matrices A and B
describe the time invariant response of the system to an input command u;,. For the
examples presented here, we utilize a chain of n integrators commanded by its n-th
order derivatives. The system matrices for the continuous version of this system are
then given by:

070---0 0
00r71---0 0
A=l BO=l ] 23)
000---171 0
000---0 1

with I a D x D identity matrix. The discrete time versions of the system matrices
can be computed with a forward Euler discretization:

A=AtA°+1 and B = AtB°, (2.4)
where At is the duration of one time step, or with higher order approximation
methods such as zero order hold (ZOH).

The positions along the trajectory are then given by:

y; =Cx;, where C :[I, 0,...,0, 0]. (2.5)

From a control perspective, the sensor matrix C determines what elements of the
state are observed in a feedback system. For our use case of curve generation, this
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formulation of C limits the parameters of our method to the position components of
the state, which greatly simplifies the user interaction with the method.

2.3.2 Optimization Objective

We generate a trajectory of T time steps by computing an optimal controller that
minimizes a quadratic cost, which penalizes a trade-off between deviations from
a reference state sequence {ft}thl (tracking cost) and the magnitude of a control
command sequence {u t}th_]l (control cost). The optimization objective is expressed
with the cost:

T T-1

J=Y (& —x)' Q@ (% —x))+ ) ujRu, (2.6)

=1 t=1

subject to the constraint of the linear system defined in Eq. (2.1), with @, and R;
being positive semi-definite weight matrices that determine the tracking and control
penalties for each time step. The linear constraint guarantees that the output of the
method is a trajectory that has continuous derivatives up to order n — 1.

The combination of a linear system with this type of optimization objective is
commonly used in process control and robotics applications, where it is known
as discrete linear quadratic tracking (LQT) and corresponds to the quadratic cost
case of model predictive control (MPC) [45]. This results in a standard optimization
problem that can be solved iteratively or in batch form and produces an optimal
controller or control command sequence. In typical control settings, the optimization
is performed iteratively over a time horizon of observations and is thus commonly
known as receding horizon control. However, for the intended use case of curve
design, we can apply the optimization to the full duration of the desired trajectory.
With the appropriate formulation of the reference, this results in a flexible curve
generation method that can be used similarly to the more conventional ones.

2.3.3 Tracking Formulation

We formulate the reference state and weights for the optimization objective, by
pairing each input Gaussian with an activation function:

@i (1)

hi(f) = =7t
© Y i) +e

. ( (t—fi)2>
, with ¢;(t) =exp| ——— ], 2.7

202
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where 1; defines the passage time for the state, o is a global parameter which defines
the time interval covered by each state, and € is an arbitrarily small value that avoids
divisions by 0.

With an assumption of local isochrony, we define the passage times for each state
at equidistant time steps with: 7,41 —17; = T/(M—1),andwithty = landtyy = T.

The reference states and weights are then generated by assigning to each time
step the state for which k; () > 0.5 (Fig. 2.3, second row) with:

¥i=Cp; and Q,=C3'C (2.8)

With this formulation, the derivatives of the trajectory are fully determined by the
optimization procedure, which is expressed by setting the corresponding precision
terms @, to zero. Intuitively, a zero entry in , means that the optimization has no
precision requirements for the corresponding state entry and thus is free to enforce
the smoothness requirement expressed in the second term of the cost function. In
typical applications, the tracking weights Q, are defined as diagonal matrices. This
corresponds to a penalty in terms of the Euclidean distance to a reference state.
In our stochastic formulation, the weights are expressed as full precision matrices,
which correspond to a penalty in terms of the Mahalanobis distance to the reference
state. When it is desirable to force the movement to a full stop, this can be done by
setting @ = I and all the derivative terms in X 5 to zero.

Increasing the value of o increases the time interval covered by a state, with
o = T/(4(M — 1)) resulting in a stepwise reference that fully covers the time steps
of the trajectory (Fig. 2.3c). This increases the influence of the GMM covariances on
the resulting trajectory and allows a user to specify curvilinear trends and variability
for longer segments of the trajectory. As the parameter o tends to zero, ¢; () will
converge to a delta function (Fig.2.3a), which will result in Q, being non-zero

(@ (b ©

hi(t
hi(t)
hi(t

0 25 50 75 100 125 150 0 25 50 75 100 125 150 0 25 50 75 100 125 150

Fig. 2.3 Effect of three different activation sequences with the same set of Gaussians
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only in correspondence with each passage time 7;. This will result in smoother
trajectories that interpolate the key-points. In general, a lower time interval will
result in sparser tracking cost in the objective. This increases the influence of the
control cost and potentially facilitates the addition of objectives and constraints to
the optimization.

2.3.4 Stochastic Solution

The optimal trajectory can be retrieved iteratively using (1) dynamic programming
[4, 7] or (2) in a batch form by solving a large ridge regression problem. Here
we describe the latter, which results in a more compact solution and additional
flexibility such as a straightforward probabilistic interpretation of the result. To
compute the solution, we exploit the time invariance of the system and express all
future states as a function of the initial state x{ with:

x=S% + S"u, (2.9)
where
I 0 0 )
A B 0 )
s =]4 and S*=| AB B -0 (2.10)
AN AN-'B AN-2B ... B

We then express the objective (2.6) in matrix form as:
J=F&—-x) QX —x)+u Ru, (2.11)

where Q and R are large block matrices with O, and R; along their block diagonals,
while x, x, and u are column vectors representing the reference, state, and control
commands, this for each time step. Substituting (2.9) into (2.11), differentiating with
respect to u, and setting to zero result in a ridge regression solution of the form:

u=“ﬂfQW+Ry%WfQ@—§ﬁL 2.12)

yu

which is then substituted back into (2.9) to generate a trajectory.

From Eq. (2.12), we can see that R effectively acts as a Tikhonov regularization
term in the least squares solution, resulting in a global smoothing effect on the
generated trajectory.



2 Interactive Generation of Calligraphic Trajectories from Gaussian Mixtures 31

From a probabilistic perspective, R corresponds to a Gaussian prior on the
deviations of the control commands from 0. The minimization of Eq.(2.11) can
then be interpreted as the product of two Gaussians:

N, =) o N((84) & = $%%0), (8*) @S") N B) 2.13)

describing a distribution of control commands with center # and covariance X*. By
using the linear relation (2.9), the distribution in control space can also be interpreted
as a trajectory distribution:

N (x,2%) with X* =8§"Z*(s) . (2.14)

This formulation results in a generative model of trajectories, which can be
used to generate variations that are similar to the ones that would be seen in
multiple instances of human writing or drawing (Fig.2.4). Because of its lower
dimensionality, it is preferable to generate variations at the control level, which can
be done by exploiting the eigendecomposition:

T

¢ = veD" (VvY)', (2.15)

where V* denotes a matrix with all eigenvectors along the columns and D*
denotes a matrix with the corresponding eigenvalues along its diagonal. We can
then generate samples around the average commands sequence u with:

1
u ~ u+ V" (D")EN(O,GMI), (2.16)
(a) (b)
= 1000 -
0- - . | . i N
0 50 100 150 200 250
"

()

SRR

Fig. 2.4 Stochastic sampling. (a) GMM with corresponding trajectory (dark thick race) overlaid
together with samples from the trajectory distribution (light gray traces). (b) Corresponding
sampled speed profiles. (¢) A few samples selected from the trajectory distribution
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where o is a user-defined parameter to select the desired sample variation. The
resulting trajectories can then easily be retrieved by fitting in the selected samples
u’ back into Eq. (2.9), see Fig. 2.4 for the results.

2.3.5 Periodic Motions

In order to generate periodic motions (Fig.2.5), we can reformulate the LQT
objective with the addition of an equality constraint on the initial and final states
of the trajectory. This can be formulated with the linear relation:

Kx = K (§*%; + S"u) =0, 2.17)

with K a matrix with zero blocks for each time step apart for the ones corresponding
to the states desired to be equal. Adding this constraint to Eq. (2.11) results in the
Lagrangian:

L@, A)=J+AKx. (2.18)

Differentiating for u and the Lagrange multipliers A and then equating to 0 results
in the following constrained solution, in matrix form:
-1 - -
W] _[ETHETKT] 8 QF - 575 2.19)
Al | Ks® 0 0 ' '
We observe that in order to generate periodic motions that are symmetric, it is
convenient to utilize a wrapped version of the input components as a new input. To

do so we repeat a subsequence of w components at the start and end of the wrapped
sequence with the indices of the original sequence organized as follows:

M—-w,.... M, 1,..., M, 1,...,w], (2.20)
1200 f
T ) 1000 600- ['ﬁlll ’ﬁ\
s 0| IlI [
= 600 = W \/\[I
400 200
200-
0 y 0
0 100 200 0 100 200

Fig. 2.5 Periodic motions using Gaussians with different variances. The speed profiles are
repeated (in light gray) to visualize the periodicity of the speed profile
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where M is the selected number of Gaussians. This produces a new sequence of M°
Gaussians for the periodic motion, giving the following passage time sequence:

[Tows Towt 1o ooy TMA14w] - (2.21)

This results in a wrapped reference Q and x that is constructed as described in
Sect. 2.3.3. The linear constraint matrix is then given by:

.
K:[O,...,I,O,...,—I,0,...} . (2.22)

71 Tm+1

The periodic trajectory is finally computed by plugging the command sequence u
computed with Eq.(2.19) into Eq. (2.11), and then considering the subset of the
trajectory defined between time steps 71 and Ty41.

2.4 User Interface

The proposed trajectory generation method is efficient and is well suited for interac-
tive design applications. It is easy to drag the centers of the input Gaussians with a
typical point-and-click procedure, and it is also easy to interactively manipulate the
covariances. For example, this can be done by manipulating an ellipsoid, such that
its center defines the mean u;, and the axes are used to manipulate the covariance
¥, through its eigendecomposition. The latter can be described with:

T = ©,;5/0], (2.23)

where ©; corresponds to an orthogonal (rotation) matrix, and S; is a scaling matrix.
Here, we describe the 2D case in which the rotation and scaling matrices are
given by:

cosf; —sind; _1a2 lall
0 — i “, gg=tan'=, §;=|2 , 2.24
! |:sin0i cost; i| ! an ai ! |: o l2l ( )

where a and b are the major and minor axes of an ellipse, which can be interactively
dragged to manipulate the shape of the distribution (Fig.2.6, left). While the
examples given are two dimensional, an extension to three-dimensional ellipsoids is
straightforward to implement with a so-called arc-ball interface [38].

The trajectories generated by our system are sequences of points, the resolution
of which depends on the discretization time step At. The distance between
consecutive points is not constant and reflects the smooth and physiologically
plausible kinematics generated by the model. As a result, it is easy to generate
natural looking stroke animations by incrementally sweeping a brush texture along



34 D. Berio et al.

Fig. 2.6 Examples of user interactions by the manipulation of ellipsoids representing GMMs, and
resulting in various animated brush rendering effects

VARDZSA

Fig. 2.7 Three different stylizations of a letter “Z” using semi-tied covariances with different
shared orientations

the points of the trajectory [5]. To increase the sense of dynamism, we slightly
vary the brush size at a degree inversely proportional to the trajectory speed, which
mimics the effect of more ink being deposited on a surface when the movement is
slower (Fig. 2.6).

2.4.1 Semi-tied Structure

In the previous paragraphs, we have seen that it is possible for a user to easily edit the
shape and position of each Gaussian. For applications aimed at procedural content
generation, it may be desirable to formulate a more parsimonious way of generating
trajectories, in which different stylizations are generated without having to specify
the covariance of each GMM component. We observe that one convenient way to
provide the user this facility is to enforce a shared orientation for all covariance
ellipsoids, which can easily be achieved with the formulation above by having the
orientations @; set to the same value. This results in a semi-tied covariance structure
of the input GMMs, in which all covariances share the same eigenvectors but not
necessarily the same eigenvalues (Fig. 2.7).

From a motor control perspective, the semi-tied formalism can be interpreted
as the alignment of different movement parts/primitives with a shared coordination
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Fig. 2.8 Illustrative example of how an oblique coordinate system could result from fine move-
ments in handwriting, when using fingers and wrist only

pattern [39], which is in line with the hypothesis of postural-synergies at the motor
planning level [9]. This implies a shared non-orthogonal (oblique) basis for all the
covariances, which produces a shear transformation that in the 2D case transforms
a circle into an oriented ellipse. Oblique coordinates have also been suggested to
describe the coordination of handwriting movements made with the fingers and wrist
only [11], which suggests another possible bio-physical interpretation of this result
(Fig.2.8).

With this simplified interface, it is possible to explore different stylizations
of a key-point sequence with a reduced set of open parameters. The semi-tied
covariances enforce a coupling between the coordinates of the trajectory, which
results in an observable sense of coordination in the movement. At the same time,
minimization of the control command amplitude produces smooth trajectories that
evoke a natural drawing movement.

2.5 Conclusions

We have presented a method for the generation of smooth curves and motion
trajectories with a stochastic formulation of optimal control. The output of our
method is a trajectory distribution, which describes a family of motion paths
that can mimic the appearance and the variability of human-made artistic traces.
Each trajectory generated by our method reflects a movement with physiologically
plausible kinematics. This can be exploited to produce rendering effects, realistic
animations or also to drive the smooth motion of a robotic arm [3]. The input
to the method is a sparse sequence of multivariate Gaussians that determine the
overall shape of the output and explicitly define its variability. This results in a
representation that is similar to the one used in conventional GCAD applications,
and that can be edited interactively in a similar manner.

For our use case, we let the user explicitly define the GMM components.
However, a similar representation can be learned from data with standard maximum-
likelihood estimation methods [7]. Our choice of Gaussians as an input and
output distribution is principally motivated by its effectiveness and simplicity of
representation. From a user-interaction perspective, this allows users to intuitively
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manipulate the input distributions by modifying the axes of each GMM component
ellipsoid (Fig. 2.6). Furthermore, the straightforward relation of Gaussians to linear
systems quadratic error terms allows us to solve the optimal control problem
interactively and in closed form, while also offering a stochastic interpretation of
the output. Extending the proposed method to non-linear dynamical systems and to
distributions other than Gaussians is an interesting avenue of future research.

The curve generation method presented in this chapter is principally developed
with creative computer graphics applications in mind, especially those that require
mimicking the visual quality of traces observed in artistic applications of calligraphy
and graffiti. There is no specific consensus on a metric that can be used to
aesthetically evaluate the quality of visual traces or marks, and for a human this may
depend on subjective factors such as cultural and educational background. However,
there is growing psychological and neuro-science evidence suggesting that the
observation of a static trace resulting from a human-made movement triggers a
mental recovery of the movement underlying its production [20, 29, 35] and that
such recovery influences its aesthetic appreciation [28]. As a result, we hypothesize
that synthesizing curvilinear traces with kinematics similar to the ones made by
a human may trigger similar responses in an observer. Hence, another promising
line of future work would be to study the responses of human observers to traces
generated with different parameters of the system, as well as evaluate how their
artistic expertise or cultural background may influence aesthetic judgment.

Finally, we note that, while in this chapter we focused on the generation of 2D
trajectories, the proposed method can naturally be generalized to higher dimensions.
We envisage useful future applications, in particular in developing an interface for
3D trajectories, as well as for taking into consideration additional features such as a
drawing tool orientation or the effects of varying the force applied along a trajectory.
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Chapter 3 )
Mixture Models for the Analysis, Edition, s
and Synthesis of Continuous Time Series

Sylvain Calinon

Abstract This chapter presents an overview of techniques used for the analysis,
edition, and synthesis of continuous time series, with a particular emphasis on
motion data. The use of mixture models allows the decomposition of time signals
as a superposition of basis functions. It provides a compact representation that
aims at keeping the essential characteristics of the signals. Various types of basis
functions have been proposed, with developments originating from different fields
of research, including computer graphics, human motion science, robotics, control,
and neuroscience. Examples of applications with radial, Bernstein, and Fourier basis
functions are presented, with associated source codes to get familiar with these
techniques.

3.1 Introduction

The development of techniques to process continuous time series is required
in various domains of application, including computer graphics, human motion
science, robotics, control, and neuroscience. These techniques need to cover various
purposes, including the encoding, modeling, analysis, edition, and synthesis of time
series (sometimes needed simultaneously). The development of these techniques
is also often governed by additional important constraints such as interpretability
and reproducibility. These heavy requirements motivate the use of mixture models,
effectively leveraging the formalism and ubiquity of these models.

The first part of this chapter reviews decomposition techniques based on radial
basis functions (RBFs) and locally weighted regression (LWR). The connections
between LWR and Gaussian mixture regression (GMR) are discussed, based on
the encoding of time series as Gaussian mixture models (GMMs). I will show how
this mixture modeling principle can be extended to a weighted superposition of
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Bernstein basis functions, often known as Bézier curves. The aim is to examine the
connections with mixture models and to highlight the generative aspects of these
techniques. In particular, this link exposes the possibility of representing Bézier
curves with higher order Bernstein polynomials. I then discuss the decomposition of
time signals as Fourier basis functions, by showing how a mixture of Gaussians can
leverage the multivariate Gaussian properties in the spatial and frequency domains.
Finally, I show that these different decomposition techniques can be represented as
time series distributions through a probabilistic movement primitives representation.

Pointers to various practical applications are provided for further readings,
including the analysis of biological signals in the form of multivariate continuous
time series, the development of computer graphics interfaces to edit trajectories
and motion paths for manufacturing robots, the analysis and synthesis of periodic
human gait data, or the generation of exploratory movements in mobile platforms
with ergodic control.

The techniques presented in this chapter are described with a uniform notation
that does not necessarily follow the original notation. The goal is to tie links between
these different techniques, which are often presented in isolation of the more general
context of mixture models. MATLAB codes accompany the chapter [25], with full
compatibility with GNU Octave.

3.2 Movement Primitives

The term movement primitives refers to an organization of continuous motion
signals in the form of a superposition in parallel and in series of simpler signals,
which can be viewed as “building blocks” to create more complex movements, see
Fig.3.1. This principle, coined in the context of motor control [23], remains valid
for a wide range of continuous time signals (for both analysis and synthesis). Next,
I present three popular families of basis functions that can be employed for time
series decomposition.

3.2.1 Radial Basis Functions (RBFs)

Radial basis functions (RBFs) are ubiquitous in continuous time series encod-
ing [28], notably due to their simplicity and ease of implementation. Most algo-
rithms exploiting this representation rely on some form of regression, often related
to locally weighted regression (LWR), which was introduced by Cleveland [8]
in statistics and popularized by Atkeson [3] in robotics. By representing, respec-
tively, N input and output datapoints as X' = [x],x},.. .,xﬁ\,]T and X° =
[x{, x5, ...,xl‘f,]T, we are interested in the problem of finding a matrix A so
that AX’ would match X© by considering different weights on the input—output
datapoints {X’, X°} (namely some datapoints are more informative than others for
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Bézier curves Locally weighted regression Fourier series

wy %2 g Wy G C)l \ Ur

Fig. 3.1 Motion primitives with different basis functions ¢y, where a unidimensional time series
X = Z,f;l wi P is constructed as a weighted superposition of K signals ¢

;

the estimation of A). A weighted least squares estimate A can be found by solving
the objective

o>
|

arg min tr((XO —X'A) W(X° — X’A))
= xwx)H 'x"wxe°, 3.1)

where W € RMV is a weighting matrix. Locally weighted regression (LWR) is a
direct extension of the weighted least squares formulation in which K weighted
regressions are performed on the same dataset {X’, X°}. It aims at splitting a
nonlinear problem so that it can be solved locally by linear regression. LWR
computes K estimates Ak, each with a different function ¢y (x]), classically defined
as the radial basis functions

- 1 -1
di(x)) = exp (= 3o — ) B ) — mh). (32)
where u,’( and ¥ ,’C are the parameters of the k-th RBF, or in its rescaled form!

P (x])
Pr(x)) = ———. (3.3)
¢ K Gixl)

An associated diagonal matrix

IWe will see later that the rescaled form is required for some techniques, but for locally weighted
regression, it can be omitted to enforce the independence of the local function approximators.



42 S. Calinon

Wi = diag (9], di(xh). . ge(x}y) (3.4)

can be used with (3.1) to evaluate A\k. The result can then be employed to compute

K
0= wiex'A. (3.5)
k=1

The centroids p; in (3.2) are usually set to uniformly cover the input space, and
=1 o2 is used as a common bandwidth shared by all basis functions. Figure 3.2
shows an example of LWR to encode planar trajectories.

LWR can be directly extended to local least squares polynomial fitting by chang-
ing the definition of the inputs. Multiple variants of the above formulation exist,
including online estimation with a recursive formulation [27], Bayesian treatments

Fig. 3.2 Polynomial fitting with locally weighted regression (LWR), by considering different
degrees of the polynomial and by adapting the number of basis functions accordingly. The top
row shows a very localized encoding of the movement with constant values used in (3.1), thus
requiring the use of many basis functions to represent the trajectory. The next rows show that a
reduction of this number of basis functions typically needs to be compensated with more complex
basis functions (polynomial of higher degrees). The bottom row depicts the limit case in which a
global encoding of the movement would require a polynomial of high degree



3 Mixture Models for Continuous Time Series 43

of LWR [31], or extensions such as locally weighted projection regression (LWPR)
that exploit partial least squares to cope with redundant or irrelevant inputs [33].

Examples of application range from inverse dynamics modeling [33] to the
skillful control of a devil-stick juggling robot [4]. A MATLAB code example
demo_LWRO1.m can be found in [25].

3.2.1.1 Gaussian Mixture Regression (GMR)

Gaussian mixture regression (GMR) is a another popular technique for time
series and motion representations [7, 12]. It relies on linear transformation and
conditioning properties of multivariate Gaussian distributions. GMR provides a
synthesis mechanism to compute output distributions with a computation time
independent of the number of datapoints used to train the model. A characteristic
of GMR is that it does not model the regression function directly. Instead, it first
models the joint probability density of the data in the form of a Gaussian mixture
model (GMM). It can then compute the regression function from the learned joint
density model, resulting in very fast computation of a conditional distribution.

In GMR, both input and output variables can be multidimensional. Any subset of
input—output dimensions can be selected, which can change, if required, at each
time step. Thus, any combination of input—output mappings can be considered,
where expectations on the remaining dimensions are computed as a multivariate
distribution. In the following, we will denote the block decomposition of a datapoint
x; € RP at time step ¢, and the center u;, and covariance X' of the k-th Gaussian
in the GMM as

xl Il'[ Z'I ZIO
A B <
X0 w Ty E

We first consider the example of time-based trajectories by using x as a time
variables. At each time step ¢, P(x{|x/) can be computed as the multimodal
conditional distribution

K
PGeflxl) = Y DN (i e, 57 (37)

k=1
with af () = pf + ZP' 2L ol — mp),
3, =30 _x0xi~lylo
e N(xf| s )
Y NGl el ZD

and  hi(x)) =

computed with
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_1 1 -
N (x| e Bf) = @)~ 2B exp (= 5 () — wd) EL (xf - ).

When a unimodal output distribution is required, the law of total mean and
variance (see Fig. 3.3, right) can be used to approximate the distribution with the
Gaussian

P/ |x)) = N<xf’| aOx;), fo(x{)), (3.8)

K
with  3%x)) =Y hi(x)) f{x)),
k=1

K
2, 20 A A A A
and  E%x) = Y meD) (B +a) 2 ) - 2% A%
k=1

Figure 3.3 presents an example of GMR with 1D input and 1D output. With the
GMR representation, LWR corresponds to a GMM with diagonal covariances.
Expressing LWR in the more general form of GMR has several advantages: (1) it
allows the encoding of local correlations between the motion variables by extending
the diagonal covariances to full covariances; (2) it provides a principled approach to
estimate the parameters of the RBFs, similar to a GMM parameters fitting problem;
(3) it often allows a significant reduction of the number of RBFs, because the
position and spread of each RBF are also estimated; and (4) the (online) estimation
of the mixture model parameters and the model selection problem (automatically
estimating the number of basis functions) can readily exploit techniques compatible

P()

2" P(a)z7) zf

Fig. 3.3 Left: Gaussian mixture regression (GMR) for 1D input x’ and 1D output x°. Right:
Gaussian that best approximates a mixture of Gaussians. The multimodal distributions in dashed
line depict the probability density functions for the mixtures of three Gaussians in gray color
(examples in 1D and 2D are depicted). The Gaussians in green color approximate these multimodal
distributions
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with GMM (Bayesian nonparametrics with Dirichlet processes, spectral clustering,
small variance asymptotics, expectation-maximization procedures, etc.).

Another approach to encode and synthesize a movement is to rely on time-
invariant autonomous systems. GMR can also be employed in this context to
retrieve an autonomous system P (x|x) from the joint distribution P(x, x) encoded
in a GMM, where x and x are position and velocity, respectively (see [13]
for details). Similarly, it can be used in an autoregressive context by retrieving
Pxs|x;—1,%Xs—2,...,%,—7) at each time step ¢, from the joint encoding of the
positions on a time window of size T'.

Practical applications of GMR include the analysis of speech signals [15, 32],
electromyography signals [17], vision and MoCap data [30], and cancer progno-
sis [10]. A MATLAB code example demo_GMRO1 . m can be found in [25].

3.2.2 Bernstein Basis Functions

Bézier curves are well-known representations of trajectories [11]. Their underlying
representation is a superposition of basis functions, which is overlooked in many
applications. For 0 < ¢ < 1, a linear Bézier curve is the line traced by the function

X po.p, (), from pg to py,
Xy (1) = (1= )po+1py. (3.9
For 0 < r < 1, a quadratic Bézier curve is the path traced by the function
Xpop1p, () =1 =1) Xp, 5 () +1 X, ,,(0)
= =n(A=npo+1p)+e(A=0pi+1p)
=1 —0)2py+2(1 -0t p, +1*p,. (3.10)
For 0 < # < 1, a cubic Bézier curve is the path traced by the function

X po.p1.02.73 H=0-0 xlio~111-112(t) T Xpp2ps ()
=1 —=1)1py+301—0tp, +301—0)’p, +ps. (3.11)
For 0 < t < 1, arecursive definition for a Bézier curve of degree n can be expressed

as a linear interpolation of a pair of corresponding points in two Bézier curves of
degree n — 1, namely

x(t) =Y bia()p;. with bi,(t) = ('Z) (1=, (3.12)

i=0
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Fig. 3.4 Linear (left), quadratic (center) and cubic (right) Bézier curves constructed as a weighted
superposition of Bernstein basis functions

with b; ,(t) the Bernstein basis polynomials of degree n, where ('Il) =
binomial coefficients.

Figure 3.4 illustrates the construction of Bézier curves of different orders. Practi-
cal applications are diverse but include most notably trajectories in computer graph-
ics [11] and path planning [9]. A MATLAB code example demo_Bezier0l.m
can be found in [25].

n!
—p)! ¢

3.2.3 Fourier Basis Functions

In time series encoding, the use of Fourier basis functions provides useful con-
nections between the spatial domain and the frequency domain. In the context of
Gaussian mixture models, several Fourier series properties can be exploited, notably
regarding zero-centered Gaussians, shift, symmetry, and linear combination. For the
1D case, these properties are:

_1
e Ifp(x) =N (x |0, 02) = (27102) 2 exp (—2):7—22) is used to create a periodic
function with period L > o, the corresponding Fourier series coefficients are of

2722
the form ¢y = exp (—%);

* If ¢ are the Fourier series coefficients of a function ¢ (x), exp (—i %) ¢y are

the Fourier coefficients of ¢ (x — ), with i the imaginary unit (i = —1);
o If ¢ 1 (resp. @i 2) are the Fourier series coefficients of a function ¢ (x) (resp.
¢2(x)), then a1 ¢y 1 + a2y 2 are the Fourier coefficients of o1 (x) + ca 2 (x).

Well-known applications of Fourier basis functions in the context of time series
include speech processing [15, 32] and the analysis of periodic motions such as
gaits [2]. Such decompositions also have a wider scope of applications, as illustrated
next with ergodic control.
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3.2.4 Ergodic Control

In ergodic control, the aim is to find a series of control commands u(¢) so that the
retrieved trajectory x (1) € RP covers a bounded space X in proportion of a given
spatial distribution ¢ (x). As proposed in [21], this can be achieved by defining a
metric in the spectral domain, by decomposing in Fourier series coefficients both
the spatial distribution ¢ (x) and the (partially) retrieved trajectory x(1).2 The goal
of ergodic control is to minimize

e(x(n) = % > Ax(er(x ) - ¢k)2 (3.13)
kekC
= %(c(x(t)) - ¢>TA (c(x(t)) — ¢), (3.14)

where Ay are weights, ¢y, are the Fourier series coefficients of ¢ (x), and ¢ are the
Fourier series coefficients along the trajectory x (7). K is a set of index vectors in
NP covering the D-dimensional arrayk =r xr x --- x r,withr =[0, 1, ..., K]
and K the resolution of the array. ¢ € RX " and ¢ € RX P are vectors composed
of elements ¢ and ¢y, respectively. A € RK”xK”
with elements Ag. In (3.13), the weights

is a diagonal weighting matrix

_ D+l
2

A = (1 n ||k||2) (3.15)

assign more importance on matching low frequency components (related to a metric
for Sobolev spaces of negative order). The Fourier series coefficients c; along a
trajectory x (¢) of duration ¢ are defined as

t

1
alx) = / e ) s (3.16)

whose discretized version can be computed recursively at each time step ¢ to build
1 t
X = - Xs), 3 . 1 7
cx(xr) tsz_;fk( ) (3.17)

or equivalently in vector form ¢(x;) = % ZZY: 1 f(xs).

2In [21], cosine basis functions are employed but the approach can be extended to other basis
functions.
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For a spatial signal x € RP, where x4 is on the interval [—%, %] of period L,
Vd e{l, ..., D}, the basis functions of the Fourier series with complex exponential
functions are defined as

21k,
fi®) = =5 ]"[exp( i dx")

D
1 2k, 2k,
:L_DHCOS(%)_Z- (“T) Vkek.  (G18)
d=1

3.2.4.1 Computation of Fourier Series Coefficients ¢ for a Spatial
Distribution Represented as a Gaussian Mixture Model

We consider a desired spatial distribution ¢o(x) represented as a mixture of J
Gaussians with centers u js covariance matrices X ;, and mixing coefficients «;

(with ZJJ»ZI a;j =1landa; > 0),

J
Pox) => o;N(x|n;. %)) (3.19)

Jj=1

d -2 -1 1 Ty—1
=Y o @m) 2 IEj 7 exp(— S -n) ] (- ))).
j=1

with each dimension on the interval [O, %] ¢o(x) is extended to a periodized
function by constructing an even function on the interval X', where each dimension
x4 is on the interval X = [ Fs 7] of period L. This is achieved with mirror
symmetries of the Gaussians around all zero axes, see Fig. 3.5d. The resulting spatial
distribution can be expressed as a mixture of 2 J Gaussians

J 2b
qb(x):ZZ;X—L])N(x|Amuj,AmEjA;), (3.20)

j=1m=1

with linear transformation matrices A,,.> By exploiting the symmetries and Gaus-
sian distribution properties presented in Sect. 3.2.3, the Fourier series coefficients
¢x can be analytically computed as

A, = diag(H,p _p41:90 ,)> Where Hyp_p o y9p ,, is a vector composed of the last D elements
in the column m of the Hadamard matrix H of size 2°. Alternatively, A,, =diag(vec(€m)) can be
constructed with the array £,,,, with m indexing the first dimension of the array {=sX§X---XS§€E
z22*2 with s = [—1,1]. In 2D, we have A; = [ ' O], Ao =['9]. A5 = [} B ] and
Ar= [(1) (1)]’ see Fig. 3.5d.



3 Mixture Models for Continuous Time Series 49

Spatial _ Spectral

\

-~
e

(a) 0

\ -L/2
-L/2 0 L/2

m @
‘(;}T min Z:\k (ck (=(t)) — ¢k)2

| ult) ek

=
% |
bvn
~

| | -
|
(T . — i
¢2,* —I—
L ]L_
(c) Pre | 2
Q1 Guo - --

N P

Fig. 3.5 2D ergodic control problem. In (a)—(c), the left graphs show the spatial distribution (gray
colormap) that the agent has to explore, encoded here as a mixture of two Gaussians. The right
graphs show the corresponding Fourier series coefficients ¢y in the frequency domain (K = 9
coefficients per dimension), which can be computed analytically by exploiting the shift, symmetry
and linear combination properties of Gaussians. (b) Shows the evolution of the reconstructed
spatial distribution (left graph) and the computation of the next control command u (red arrow)
after one fourth of the movement. The corresponding Fourier series coefficients cx (x (t)) are shown
in the right graph. (c¢) Shows that after 7 iterations, the agent covers the space in proportion to
the desired spatial distribution, with a good match of coefficients in the frequency domain (¢ in
(a) and ¢y (x (t)) in (c) are nearly the same). (d) Shows how a periodic signal ¢ (x) (with range
[—L/2, L/2] for each dimension) can be constructed from the original mixture of two Gaussians
¢o(x) (red area). The constructed signal ¢ (x) is composed of eight Gaussians in this 2D example
(mirroring the Gaussians along horizontal and vertical axes to construct an even signal of period L).
(e) Depicts the spatial reconstruction of each Fourier series coefficient (for the first four coefficients
in each dimension), corresponding to periodic signals at different frequencies along the two axes

|
4
_ .




50 S. Calinon

¢k=/ ¢(x) fr(x) dx
xeX
1 L& 2k App; 272k Ay X ATk
:L_DZZZ_DGXp I A L2

J 2b-1 T
1 j 2k App; 2n’k"An X Ak

(3.21)

With this mirroring, we can see that ¢y, are real and even, where an evaluation over
keK,je{l,2,....,J}and m € {1,2,...,2P71} in (3.21) is sufficient to fully
characterize the signal.

3.2.4.2 Controller for a Spatial Distribution Represented as a Gaussian
Mixture Model

In [21], ergodic control is set as the constrained problem of computing a control
command #(t) at each time step ¢ with

i(t) = arg m(ltr)l e(x() + Ar), st x@) = f(x®,u®), Ju@®l <u™,
(3.22)

where the simple system x(f) = wu(z) is considered (control with velocity
commands), and where the error term is approximated with the Taylor series

e(x()+A1) ~ e(x(1) + é(x()Ar + %'é(x(t))Atz. (3.23)

By using (3.13), (3.16), (3.18) and the chain rule % = %%—’t‘, the Taylor series is
composed of the control term u(¢) and % fi (x (1)) € R'*P the gradient of fi (x (1))
with respect to x(¢). Solving the constrained objective in (3.22) then results in the

analytical solution (see [21] for the complete derivation)

max

u= ﬁ(r)””ﬁ(—t)”, with i = —I(ZGI:CAk<ck(x(t)) — 8% fi(x )
= Ve f(x(0) A (c(x(t)) — ¢), (3.24)

where V, f (x (1)) € RP*K " is a concatenation of the vectors % fi (x(1)). Figure 3.5
shows a 2D example of ergodic control to create a motion approximating the
distribution given by a mixture of two Gaussians. A remarkable characteristic of
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such approach is that the controller produces natural exploration behaviors (see
Fig. 3.5¢c) without relying on stochastic noise in the formulation. In the limit case,
if the distribution ¢ (x) is a single Gaussian with a very small isotropic covariance,
the controller results in a standard tracking behavior.

Examples of application include surveillance with multi-agent systems [21],
active shape estimation [1], and localization for fish-like robots [22]. A MATLAB
code example demo _ergodicControlOl.m can be found in [25].

3.3 Probabilistic Movement Primitives

The representation of time series as a superposition of basis functions can also
be exploited to construct trajectory distributions. Representing a collection of
trajectories in the form of a multivariate distribution has several advantages. First,
new trajectories can be stochastically generated. Then, the conditional probability
property (see (3.7)) can be exploited to generate trajectories passing through
via-points (including starting and/or ending points). This is simply achieved by
specifying as inputs x’ in (3.7) the datapoints that the system needs to pass through
(with corresponding dimensions in the hyperdimensional vector) and by retrieving
as output x© the remaining parts of the trajectory.

A naive approach to represent a collection of M trajectories in a probabilistic
form is to reorganize each trajectory as a hyperdimensional datapoint x, =
[x{,x3,..., x}]T € RPT | and fitting a Gaussian A (u*, X*) to these datapoints,
see Fig. 3.6, left. Since the dimension DT might be much larger than the number of
datapoints M, a potential solution to this issue could be to consider an eigendecom-
position of the covariance (ordered by decreasing eigenvalues)

M samples Uni-dimensional trajectory: t=1y
& =¢w Y

K
& = Z wy. Py _ [ _ [ I\l
k=1 ¢ € RTF)[ w e RY] b )

. O Oz Qg - QK
D-dimensional trajectory:

& _,'f‘P w

(@ eRPT*PK] [ € RPK]

Fig. 3.6 Left: Raw trajectory distribution as a Gaussian of size DT by organizing each of the
M samples as a trajectory vector, where each trajectory has 7 time steps and each point has
D dimensions (T = 100 and D = 2 in this example). Right: Trajectory distribution encoded
with probabilistic movement primitives (superposition of K basis functions). The right part of the
figure depicts the linear mapping functions ¢ and ¥ created by a decomposition with radial basis
functions
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DT
IX=VDVT =) v, (3.25)

j=1
with V =[vq,va, ..., vpr] and D :diag(kz, A%, el A%T). This can be exploited

to project the data in a subspace of reduced dimensionality through principal
component analysis. By keeping the first KT components, such approach provides
a Gaussian distribution of the trajectories with the structure N (¥ u¥, W ¥ "), where
W =[v|A1, V22, ..., UpKADK].

The ProMP (probabilistic movement primitive) model proposed in [24] also
encodes the trajectory distribution in a subspace of reduced dimensionality, but
provides a RBF structure to this decomposition instead of the eigendecomposition
as in the above. It assumes that each sample trajectory m € {1,..., M} can be
approximated by a weighted sum of K normalized RBFs with

xn=%w, +€, where €~ N(0, LI, (3.26)
and basis functions organized as

Ip1(t1) 1ga(t1) --- Tk (t1)

I1p1(2) 1a(t2) --- 1ok (1)

V=9I = , (3.27)

I\ () Ipa(tr) - -+ Tk (11)

with ¥ € RPT*PK “identity matrix I € RP*P, and ® the Kronecker product. A
vector w,, € RPX can be estimated for each of the M sample trajectories by the
least squares estimate

Wy = W) Wy, (3.28)

By assuming that {wm}ﬁ‘n/l=1 can be represented with a Gaussian A (u”, X%)
characterized by a center u* € RPX and a covariance X% € RPX*PK 4 trajectory
distribution P(x) can then be computed as

x ~ N(-Iz;u”, IIIE"’lIIT—i-ozI), (3.29)

with x € RPT a trajectory of T datapoints of D dimensions organized in a vector
form and I e RPT<PT see Figs.3.6 and 3.7.

The parameters of the ProMP model are o2, :“1’@ Z‘,ﬁ, 1%, and X%, A Gaussian of
DK dimensions is estimated, providing a compact representation of the movement,
separating the temporal components ¥ and spatial components N'(u®, X¥). Simi-
larly to LWR, ProMP can be coupled with GMM/GMR to automatically estimate the
location and bandwidth of the basis functions as a joint distribution problem, instead
of specifying them manually. A mixture of ProMPs can be efficiently estimated by
fitting a GMM to the datapoints w,,, and using the linear transformation property of
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Locally weighted regression

Np*,=*) .
%
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e X Ly = ‘Pwm + € .
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Fig. 3.7 Left: Illustration of probabilistic movement primitives as a linear mapping between the
original space of trajectories and a subspace of reduced dimensionality. After projecting each
trajectory sample in this subspace (with linear map ¥ ' computed as the pseudoinverse of ¥), a
Gaussian is evaluated, which is then projected back to the original trajectory space by exploiting the
linear transformation property of multivariate Gaussians (with linear map ¥). Such decomposition
results in a low rank structure of the covariance matrix, which is depicted in the bottom part of
the figure. Right: Representation of the covariance matrix YW " for various basis functions, all
showing some form of sparsity

Gaussians to convert this mixture into a mixture at the trajectory level. Moreover,
such representation can be extended to other basis functions, including Bernstein
and Fourier basis functions, see Fig. 3.7, right.

ProMP has been demonstrated in various robotic tasks requiring human-like
motion capabilities such as playing the maracas and using a hockey stick [24], or
for collaborative object handover and assistance in box assembly [20]. A MATLAB
code example demo _proMPO1.m can be found in [25].

3.4 Further Challenges and Conclusion

This chapter presented various forms of superposition for time signals analysis
and synthesis, by emphasizing the connections to Gaussian mixture models. The
connections between these decomposition techniques are often underexploited,
mainly due to the fact that these techniques were developed separately in various
fields of research. The framework of mixture models provides a unified view that is
inspirational to make links between these models. Such links also stimulate future
developments and extensions.

Future challenges include a better exploitation of the joint roles that mixture
of experts (MoE) and product of experts (PoE) can offer in the treatment of time
series and control policies [26]. While MoE can decompose a complex signal by
superposing a set of simpler signals, PoE can fuse information by considering more
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elaborated forms of superposition (with full precision matrices instead of scalar
weights). Often, either one or the other approach is considered in practice, but many
applications would leverage the joint use of these two techniques.

There are also many further challenges specific to each basis function categories
presented in this chapter. For Gaussian mixture regression (GMR), a relevant
extension is to include a Bayesian perspective to the approach. This can take
the form of a model selection problem, such as an automatic estimation of the
number of Gaussians and rank of the covariance matrices [29]. This can also take
the form of a more general Bayesian modeling perspective by considering the
variations of the mixture model parameters (including means and covariances) [26].
Such extension brings new perspectives to GMR, by providing a representation
that allows uncertainty quantification and multimodal conditional estimates to be
considered. Other techniques like Gaussian processes also provide uncertainty
quantification, but they are typically much slower. A Bayesian treatment of mixture
model conditioning offers new perspectives for an efficient and robust treatment of
wide-ranging data. Namely, models that can be trained with only few datapoints but
that are rich enough to scale when more training data are available.

Another important challenge in GMR is to extend the techniques to more diverse
forms of data. Such regression problem can be investigated from a geometrical
perspective (e.g., by considering data lying on Riemannian manifolds [17]) or from
a topological perspective (e.g., by considering relative distance space representa-
tions [16]). It can also be investigated from a structural perspective by exploiting
tensor methods [19]. When data are organized in matrices or arrays of higher
dimensions (tensors), classical regression methods first transform these data into
vectors, therefore ignoring the underlying structure of the data and increasing
the dimensionality of the problem. This flattening operation typically leads to
overfitting when only few training data are available. Tensor representations instead
exploit the intrinsic structure of multidimensional arrays. Mixtures of experts can
be extended to tensorial representations for regression of tensor-valued data [18],
which could potentially be employed to extend GMR representations to arrays of
higher dimensions.

Regarding Bézier curves, even if the technique is well established, there is
still room for further perspectives, in particular with the links to other techniques
that such approach has to offer. For example, Bézier curves can be reframed as
a model predictive control (MPC) problem [5, 9], a widespread optimal control
technique used to generate movements with the capability of anticipating future
events. Formulating Bézier curves as a superposition of Bernstein polynomials also
leaves space for probabilistic interpretations, including Bayesian treatments.

The consideration of Fourier series for the superposition of basis functions
might be the approach with the widest range of possible developments. Indeed, the
representation of continuous time signals in the frequency domain is omnipresent
in many fields of research, and, as exemplified with ergodic control, there are many
opportunities to exploit the Gaussian properties in mixture models by taking into
account their dual representation in spatial and frequency domains.
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With the specific application of ergodic control, the dimensionality issue requires
further consideration. In the basic formulation, by keeping K basis functions to
encode time series composed of datapoints of dimension D, K Fourier series
components are required. Such formulation has the advantage of taking into account
all possible correlations across dimensions, but it slows down the process when D
is large. A potential direction to cope with such scaling issue would be to rely on
Gaussian mixture models (GMMs) with low-rank structures on the covariances [29],
such as in mixtures of factor analyzers (MFA) or mixtures of probabilistic principal
component analyzers (MPPCA) [6]. Such subspaces of reduced dimensionality
could potentially be exploited to reduce the number of Fourier basis coefficients
to be computed.

Finally, the probabilistic representation of movements primitives in the form of
trajectory distributions also offers a wide range of new perspectives. Such models
classically employ radial basis functions, but can be extended to a richer family
of basis functions (including a combination of those). This was exemplified in the
chapter with the use of Bernstein and Fourier bases to build probabilistic movement
primitives, see Fig. 3.7, right. More generally, links to kernel methods can be created
by extension of this representation [14]. Other extensions include the use of mixture
models and associated Bayesian methods to encode the weights w,, in the subspace
of reduced dimensionality.
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Chapter 4 ®
Multivariate Bounded Asymmetric Qs
Gaussian Mixture Model

Muhammad Azam, Basim Alghabashi, and Nizar Bouguila

Abstract In this chapter, bounded asymmetric Gaussian mixture model (BAGMM)
is proposed. In the described model, parameter estimation is performed by max-
imization of log-likelihood via expectation—maximization (EM) and Newton—
Raphson algorithm. This model is applied to several applications for data clustering.
As a first step, to validate our model, we have chosen spambase dataset for
clustering spam and non-spam emails. Another application selected for validation
of our algorithm is object data clustering and we have used two popular datasets
(Caltech 101 and Corel) in this task. Finally we have performed clustering on
texture data and VisTex dataset is employed for this task. In order to evaluate
the clustering, in all abovementioned applications, several performance metrics are
employed and experimental results are further compared in similar settings with
asymmetric Gaussian mixture model (AGMM). From the experiments and results
in all applications, it is examined that BAGMM has outperformed AGMM in the
clustering task.

4.1 Introduction

Modeling data based on probability distributions has become an important research
field in recent years. The use of data has increased over the years and representing
them in an efficient way is of prime importance. Hence, we represent the data
in terms of probability distributions and use it for various applications. This
helps us learn the rudimental patterns within the data and can be used in various
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pattern recognition tasks such as multimedia categorization, storage, retrieval, etc.
[1, 32, 38]. Clustering techniques help a great deal for these type of tasks as the
learning is unsupervised. The idea of clustering is to learn the inherent characteristic
of specific categories within the data and represent them based on this characteristic.
When it comes to clustering, the role of mixture models is inevitable. Various
applications nowadays use mixture models as the core method for clustering tasks
[4, 5]. Mixture models consider the data to be a combination of multiple components
drawn from a probability distribution. The data is modeled based on this assumption.
Given a set of data, there exist a certain number of components that describe the
properties of the data. Due to this reason using finite mixture models assuming
the data has finite number of clusters is a good option. An important part of
mixture model design is the choice of distribution for modeling the data. The use
of Gaussian distribution for this purpose has been predominant in the industry in
recent years. Furthermore, Gaussian mixture models (GMM) have been used in
a lot of industrial applications like speech recognition, multimedia categorization,
industrial automation, fault tolerant systems, etc. [39, 40, 59, 60].

In the case of GMMs, the distribution is symmetric in nature. However, generally
while using real data this is not the case. The data might not be symmetrical, which
means GMM could not provide a good fit to the data. So, using an asymmetric
distribution will be a better choice for our model. Hence in our model, we use an
asymmetric Gaussian distribution which will provide a better fit to the data [11, 12,
27,56]. Asymmetric Gaussian distribution has two standard deviation parameters on
the left and right side of distribution, which make it possible to model asymmetric
data [11].

All abovementioned distributions are unbounded having a support range of
(—00, +00). In many real applications, the observed data always fall in bounded
support regions [15, 22, 34, 48]; hence, it is more appropriate to model the data
with bounded support distribution. Based on the fact that data in many real
applications fall in bounded support, the idea of bounded support mixture models
was presented in [22, 34]. Motivated by observations in [34], we propose the idea of
bounded asymmetric Gaussian mixture model (BAGMM) for data modeling which
also has the ability to model asymmetric nature of data. In the proposed model,
parameter estimation is performed by maximum likelihood with Newton—Raphson
via expectation—maximization algorithm (EM). In order to evaluate the effectiveness
of our model, BAGMM is applied to several data clustering applications. As a first
step, it is applied to categorize spam and non-spam emails and spambase dataset
is employed for this task. The performance of clustering task is examined by 9
different metrics which provide insightful knowledge about the effectiveness of
BAGMM in clustering the spambase dataset. The results of this task are further
compared with AGMM in a similar framework. In second application, BAGMM
is applied to object categorization and two popular image datasets renowned for
object categorization (Caltech 101 and Corel) are employed for this task. The
clustering performance is observed by difference metrics and with a comparison
with AGMM in a similar framework. In the third application for data clustering,
BAGMM is applied to texture image dataset (VisTex) and performance of our
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Fig. 4.1 Graphical abstract

proposed algorithm is examined via performance measures and a comparison with
AGMM. In Fig. 4.1, graphical abstract is presented which also provides more clear
understanding of the contributions of this research work.

The rest of the paper is organized as follows: Sect.4.2 describes the proposed
BAGMM in detail. Section 4.3 is devoted to spam and non-spam email catego-
rization. Section 4.4 presents the object categorization performed by our algorithm.
In Sect.4.5, texture image clustering is provided and Sect.4.6 is dedicated to
conclusion.

4.2 Bounded Asymmetric Gaussian Mixture Model

We propose BAGMM as an extension to AGMM for an improved data modeling.
In this section, proposed bounded asymmetric Gaussian mixture model is presented
which uses maximum log-likelihood for the estimation of its parameters. Before
presenting our model, we introduce finite mixture model with EM, asymmetric
Gaussian mixture model, and bounded support mixtures.

4.2.1 Finite Mixture Model and EM Algorithm

Finite mixture models are formed by taking a linear combination of distributions
which are called components of mixture model. If complete likelihood of data X is
represented as p(X|®), where ® is complete set of parameters of mixture model,
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then parameters of mixture model are estimated via maximum likelihood (ML)
estimate as follows:

OmL = arg max{p(X|©)} (4.1)

The details of complete likelihood of data in mixture model and its parameters are
provided in the upcoming subsections [11, 17, 42, 44, 52]. In order to compute the
parameters of mixture model, ML estimate cannot be found analytically and usual
option for optimizing the parameter estimation is EM algorithm [17, 43, 44, 57],
which is an iterative approach to determine the local maxima of likelihood. In EM
algorithm, parameter estimation is performed in two steps, namely expectation (E-
step) and maximization (M-step). In E-step, conditional expectation of complete
likelihood is computed and in M-Step, new values of all the parameters of mixture
model are estimated [17, 43, 47].

4.2.2 Mixture of Asymmetric Gaussian Distributions

Asymmetric Gaussian mixture model was proposed to handle the asymmetric
properties present in different kind of data [11, 12, 31]. For a univariate data, if
one data sample is represented by X, then asymmetric Gaussian distribution is
represented as follows:

_X=w? |

5 exp|: 207 i| if X<p
— X

V2n(o; + o)

ool -2527] i X2

fXlw, 01, 00) = (4.2)

where parameters of distribution u, o7, and o, are mean, left standard deviation,
and right standard deviation, respectively. The parameters of AGMM are estimated
using ML estimate and complete parameter estimation is explained in [11, 12, 31].
In Fig. 4.2, graphical representation of AGMM is displayed, where X; is a data point

Fig. 4.2 Graphical
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withi =1,..., N, u, 07, and o, parameters of distribution and p and Z; are mixing
weight and posterior probability in a mixture model and they are explained in detail
in Sect. 4.2.3.

4.2.3 Mixture of Bounded Asymmetric Gaussian Distribution
Jor Multidimensional Data

Consider that a D-dimensional random variable X = (X, ..., Xp) follows a K
components mixture distribution if its probability function can be written in the
following form:

K
p(X|®) =Y p(XI€))p; (4.3)

j=1

provided p; > 0,35 pj = 1,0 = (&1, &, &, &) with &1 = (w1, ..., px), & =
01,...,01), 63 =(0r,...,0,),and &4 = (p1, ..., pk). The term p(X]|§;) is
BAGD for the vector X and defined as:

J (X&) HX$2;)

X|E) = 44

PG =~ (44)

where H(X|Q;) = {(1) thh:: ij (4.5)
\%%

Xa—itja)? .
exp [—%"’)] if Xg < ija
id

(X|é] 1_[ \/E(O'l/d +Urjd) Xy—pt d)z )
exp [—W] if Xg>pja
4.6)
where w; = (j1,..., 1u;p), oy = (oljl, R aljD), and oy = (a,_,.l, e, oer) are

the mean, left standard deviation, and right standard deviation of the D-dimensional
BAGD, respectively. The term f 0 f(ul§j)du in Eq.(4.4) is the normalization

constant that indicates the share of f(X|&;) which belongs to the support region
0. The AGD f(X]£;) can also be defined as:

g1 (X&) if Xg < uja
S X&) = 4.7
X&) if Xy > pje



66 M. Azam et al.

where
Xa — 1ja)?
X — 4.
B (Xle) = l_[ \/_(Ul,d +0rjd) P|: 2013:1 j| o
- Xa = wja)?
&) = 1_[ L V21 (ol,d Fora T [ 207, :| -

Consider the case where the input is set of vectors represented as X =
(X1, ..., Xy). With a mixture of K BAGDs, the distribution of X can be modeled
by a mixture of K BAGDs:

N K
pX1©) =]]> pXilg)p; (4.10)

i=1j=1

provided p; > 0 and Z —; pj = 1.In Eq. (4.10), ® represents the parameters of

mixture model having K classes as © = (&1, &, &, &), where £ = (1, ..., k),
52 = (011’ "'70—1[{)’53 = (Urlv "'107'[{)’ andé4 = (plv 7pK)
Stochastic indicator vectors Z; = (Z;1, ..., Zix), one for each observation are

introduced. The role is to encode the membership of each observation for a relative
component of the mixture model. In other words, Z;;, the unobserved variable
in each indicator vector, equals 1 if X; belongs to class j and 0, otherwise. The
complete-data likelihood is given below:

N K
Zij
pX. Z®) =][] (pXilgpp;)™ (4.11)
i=1j=1
where Z;; is the posterior probability and can be written as:

pXil&j)p;

Zi; = p(iIX) =
! YK pXilgpp;

4.12)

andZ: {Z], ...,ZN}.

4.2.4 Parameters Learning

The parameters are estimated from the maximization of positive log-likelihood
function. The log-likelihood function can be written as:
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N K
LX, Z1©) =Y " Zijlog (p(Xil&))p,) (4.13)

i=1 j=1

N K

LX,ZIO) =) > "7 { log pj + log f (Xil€;) + log H(Xi|2,)

i=1 j=I
~log /B | f(u|Sj)du} (4.14)

The complete-data log-likelihood can be maximized with respect to the model
parameters. This can be done by taking the gradient of the log-likelihood with
respect t0 pj, ij, oy;, and oy;. The parameter estimation for bounded support
asymmetric Gaussian mixture model is explained below.

4.2.4.1 Mixing Parameter Estimation

In order to ensure the constraints p; > 0 and Zﬁwz | pj = 1, a Lagrange multiplier
is introduced while estimating p;. Thus, the augmented log-likelihood function can
be expressed by:

N K K
(X, Z,0,A) =" Zjlog(pXilgppj) + A (1= p; (4.15)
i=1 j=1 j=1

where A is the Lagrange multiplier. Differentiating the augmented function with
respect to p; we get:

N

. .

bj = 2 PUIX) (4.16)
i=1

4.2.4.2 Mean Parameter Estimation

The new value of mean 4 can be estimated by maximizing the log-likelihood
function given in Eq. (4.14) with respect to ;.

Ny FElED @
2i=1 Zij {X’d Jo, TiEDdw

N
Y iz Zij

g = 4.17)
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Note that, in Eq.(4.17), the term fa/ f@lg)( — wjg)dx is the expectation
of function (u — wjgq) under the probability distribution f(X4|&;). Then, this
expectation can be approximated as:

1 M
fai Sl = pja)dx ~ W;(Sm_,d — pja)H(sm;,1€2) (4.18)

where Smjg ™~ f(ul&;) is a set of random variables drawn from the asymmetric
Gaussian distribution for the particular component j of the mixture model. The
set of data with random variables have M vectors with D dimensions. M is a
large integer chosen to generate the set of random variables. Similarly, the term
f‘f)/ f(ul&;)dx in Eq. (4.17) can be approximated as:

1 M
/ Fulgpdx ~ -3 Hisml2)) (4.19)
3]' m=1
M
N N o Zmzl(smjd_l/«jd)H(Smjd|Qj)
. B Zi:l Zl] {de Z%:lH(SmjﬂQj)

Wjd = (4.20)

N
Zi:l Zij

4.2.4.3 Left Standard Deviation Estimation

The new value of left standard deviation o7, can be estimated by maximizing the
log-likelihood function given in Eq. (4.14) with respect to o7,

dlog[p(X, Z|O)]

=0 4.21)
3Uljd
N 2

0L(X, Z|®) Xia — jd)

MEZO) 5 gy ez @22
jd i=1,X,‘d<;l,jd Zj(l
Jy, = (exp | = U4 | ) (u - uja)dx

B XN: Zij 3j m(m/d +a,jd) 206[1 J
3 .
i=l,u<pjq Gljd ‘[3/' gl(u|€/)dx

i [ ®ia =i _ i Zij [ Joy &1l dx(u — pja)*dx |
! ; ] Jy; &1(ulgj)dx
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(4.23)
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The term fal_ g1 (ul§;)(u— ,ujd)zdx can be approximated as below:

dj

1 M
f g WEN U — pjg)dx ~ m gl(lm,,, — wja)*H(lm 4 12)) (4.24)

where 1,,;,, ~ g;(X4l§;) is a set of random variables drawn from the asymmetric
Gaussian distribution with u < ;4 for the particular component j of the mixture
model. Similarly, the term f Py f(lé;)dx in Eq. (4.17) can be approximated as:

1 M
[, ertiear ~ 57 312 25)

ZN: Zij <(dea_ﬂjd)) ZN: {1‘1’1 Zy:l(lm[{/t[i B /‘“jd)zH(lmjd|Qj) } _

1 .
i=1,Xja<ija lja M Zmzl H(lm./‘d |§2])

(4.26)

It is noticed that Eq. (4.26) is non-linear, Newton—Raphson method is used for the
estimation of 611. 4> which requires the computation of second derivative in a similar
manner as we have computed in Egs. (4.22) and (4.26).

5 -1
b o (a log[p<x,Z|®>]> (alog[mx,m@)]) 4

2
do lia 301].d

4.2.4.4 Right Standard Deviation Estimation

Right standard deviation oy, can be estimated by maximizing the log-likelihood
function given in Eq. (4.14) with respect to o, .

dlog[p(X, Z|O)]

=0 428
o (4.28)
N N2
ILX.Z|O) S 7, ((X,d — Wja) ) 429)
=L 7] el ,
9974 i=1. X114 %ia

2 _ (—pja)? 2
_ i Z,‘j fa/ m(o’jd +U’"jd) (exp |: 2”"2111 i|> (11 N’]d) x
o} Jy, e2(ulg))dx

i=lu>pjq 'jd
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al . ((Xid - de)2> e Zy !faj 2 (u[E))dx(u — pja)dx
ij

2 X J5, ga2(ulg)dx

o3

i=1Xia>1ja Tid i=lLu>pq id
(4.30)
The term f 2, & (CIEICEN? jd)zdx can be approximated as below:
| M
/&mmmwum%xwﬁ§]%m—wwmmwmp (4.31)
aj m=1

where 1, ~ g,(Xql§;) is a set of random variables drawn from the asymmetric
Gaussian distribution with u > ;4 for the particular component j of the mixture
model. Similarly, the term [, 3 g,(ulé;)dx in Eq. (4.17) can be approximated as:

1 M
[, extiepas = 37 3" 12 @32

XN: “ <(X1dU_MJd)> XN: . { ﬁ Znﬂf 1(rm1d _'ul'd)zH(r;n/ﬂQj) } =

i=1,Xia>Lja Tjd i=1 Jd M Z 1H(rm,d|§2 )

(4.33)

It is noticed that Eq. (4.33) is non-linear; therefore, Newton—Raphson method is
used for the estimation of 6rj +» which requires the computation of second derivative
in a similar manner as computed in Egs. (4.29) and (4.33).

2 -1
%ﬂ%W_Cbmwmw)(mmmmw) 43

2
907, 9oy,

The complete learning of BAGMM is given in Algorithm 1, where #yj, is minimum
threshold used to monitor the convergence criteria in each iteration. In the initial-
ization phase, K -means is applied for computation of mean and data assignment in
each cluster. This information is further used for computation of standard deviation
and mixing weight during initialization phase.

4.3 Textual Spam Detection

Email has become the prominent choice of communication, particularly for pro-
fessional purposes [58]. Among the legitimate emails conveying meaningful and
important information, there is an immense amount of spam ones which not only
contain disturbing commercial contents but also deliver scamming schemes such



4 Multivariate Bounded Asymmetric Gaussian Mixture Model 71

Algorithm 1 Model learning for BAGMM

1: Input:Dataset X = {Xy, ..., XN}, fmin-

2: Output: ©, Z.

3: {Initialization}:

4:  K-Means Algorithm (Computation of w1, ..., pg & cluster assignment)
5: foralll < j < K do

6: Computation of p;

7. Computation of {(al/. & oy )=0;}

8: end for

N

: {Expectation Maximization}:
10: while relative change in log-likelihood > fpy;, do
11:  {[E Stepl}:

12: foralll < j < K do

13: Compute p(j|X;) fori =1,..., N.using Eq. (4.12).

14: end for

15:  {[M stepl}:

16: foralll < j < K do

17: Estimation of mixing parameter p; using Eq. (4.16).

18: Estimation of mean u; using Eq. (4.20).

19: Estimation of left standard deviation Jr using Eq. (4.27).
20: Estimation of right standard deviation o', using Eq. (4.34).
21: end for

22: end while

as phishing [25]. Indeed, the ubiquitous usage of emails has made it the fitting
platform for cyberattacks, which bring about annoyance and unnecessary time or
possibly money loss. Furthermore, unsolicited spams have also been the leading
cause for the productivity and financial cost of various companies due to hiring
cybersecurity specialists and expanding email servers [49]. Therefore, it is crucial
that spam instances be efficiently and accurately detected and removed to avoid
wasting additional efforts.

Recent works applying Gaussian mixture models on spam detection have shown
their efficiency and modeling capabilities [18, 55]. Thus, we propose continuation
of this research via asymmetric Gaussian mixture model. We have applied our
proposed BAGMM for clustering the spam and non-spam emails and it is further
extended with AGMM to have a comparison in order to evaluate the effectiveness
of BAGMM in clustering.

The performance of clustering tasks is usually examined based on the accuracy

. TP+ 1IN b : : :
computed as: <WFP+FN) , which is the ratio of correctly predicted instances

to all the instances. Here the term 7P stands for true positives, TN for true
negatives, FP for false positives, and FN stands for false negatives. However,
for spam detection, accuracy alone is not sufficient to conclude the effectiveness
of clustering approach. In other words, we also need to consider other essential

. .. TP . .
metrics, namely precision (W’) meaning the ratio of accurately returned

spams to all the returned ones, sensitivity ( ) which is the ratio of the

_IP__
TP+ FN
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. I TN L.
correctly predicted spams to the total actual spams, specificity (W) describing
the proportion of the correctly predicted not-spam to all the actual not-spam,
and false positive rate (%), the ratio of inaccurate predicted spams to
all actual non-spams. In addition, particularly in case of imbalance in clusters’

2
weights, we must also examine the F1-Score ((%) B> O), which

is the harmonic mean of precision and sensitivity; G-mean 1 (+/ Prec x Sens),
the geometric mean of precision and sensitivity; G-mean 2 ( /Specs x Sens),
the geometric mean of specificity and sensitivity; Mathew’s correlation coefficient

TP-TN—FP-FN . :
(MCC) ( JaP TP P L N AN + PPN TN ) a performance metric to measure the

quality of classification [13, 19, 29, 30].

The spambase dataset [10] is chosen for our experiment, in which each feature
vector represents the occurrences “histograms of words” in emails. There are 3626
emails evenly divided as spams and non-spams. The confusions matrix given in
Fig.4.3 and results in Table 4.1 show that proposed algorithm outperforms the
AGMM in clustering the spam and non-spam emails. The evaluation of this data
clustering framework is done by choosing all above performance metrics and results
of all metrics are better for BAGMM as compared to AGMM. For spam detection,
low value of FPR is very important and in the results for BAGMM, FPR is improved
as compared to AGMM.

Non-Spam Non-Spam

Target Class
Target Class

Spam Spam

Non-Spam Spam Non-Spam Spam
Output Class Output Class

Fig. 4.3 Confusion matrix of spambase dataset with BAGMM and AGMM, respectively

Table 4.1 Performance of spambase data clustering based on different metrics

Performance metrics (%)
Models | Accuracy | Sensitivity | Specificity | Precision| FPR | F1-score| MCC | G-mean 1 | G-mean 2
BAGMM | 85.69 84.23 87.15 86.76 12.85| 85.47 71.40| 85.48 85.67
AGMM | 77.05 73.75 80.36 78.97 19.64| 76.27 54.23|76.31 76.98
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4.4 Object Categorization via Bounded Asymmetric
Gaussian Mixture Model

Object clustering, one of the most fundamental topic in computer vision, has
received increasing attention as the rapid development of machine learning tech-
niques and latest machines having good computational capabilities [53]. The
challenging aspects of the aforementioned task are due to the status variation of
the objects in natural environments such as different postures, angles, distances, etc.
Furthermore, objects captured in real-world conditions usually contain other items
in the background which may cause the misclassification with the noises. Recent
clustering analyses using mixture models have shown good results on numerous
categorization problems, namely scenes [26], sport activities [14], medial related
images [61], and 3D objects [2]. Thus, the prospective progress has motivated the
authors to apply the proposed model on this challenging task with two widely used
datasets: Caltech 101 [16] and Corel [35, 36].

An accurate representation of the images is essential for performing efficient
inference process. Excellent outcomes have been achieved by utilizing frameworks
based on bag of visual words (BOVW). The main idea is extracting local features for
each image using SIFT (scale invariant feature transform) [37]. Then, the collection
of all the 128-D descriptors are clustered with K-means in order to build the visual
words vocabulary, in which the dimension of the feature vectors is the number of
centroids.

4.4.1 Experiments and Results
4.4.1.1 Experimental Framework and Results: Caltech 101 Dataset

In this subsection, we used the Caltech 101 dataset for object clustering. This
dataset is popular [16, 20, 23, 24] which has demonstrated its effectiveness for
object categorization using different algorithms [46, 62], techniques [3], and feature
extraction methods [33, 41, 50, 54] and hence, it is well suited for object clustering in
our current research. It contains 101 categories of different objects. It consists of 3D
pose variations along with multiple objects in a single image. The images inside this
dataset are of moderately good quality, the categories are well annotated, selected,
and have pose variation controlled. For the experimentation, we have used 5 classes,
namely “brain,” “bonsai,” “airplane,” “faces,” and “motorbikes” where these classes
contain 98, 128, 800, 435, and 798 images, respectively. Some examples of images
from these classes are given in Fig.4.4. After several experiments, we examined
that optimal vocabulary size is 50 and hence, BOVW gives a matrix having a size of
2259 x 50, where columns represent the frequency of visual words and row is equal
to the number of images. Afterward, this matrix is given as an input to the proposed
mixture model. In order to ensure the performance of our proposed algorithm, we
have used several performance metrics as described in Sect. 4.3. For comparison, we
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Fig. 4.4 Sample images of each class of Caltech 101 dataset

Brain VAV 6.1% 2.0% 13.3% 1.0% Brain [SVORS/ 2.0% 4.1% 22.4% 1.0%

Bonsai | 20.3% 0.8% 18.8% 5.5% Bonsai | 41.4% 10.2% 3.9% 42.2% 2.3%
2 I ?
x) <
o s}
+ Airplanes 1.1% 19.9% 67.0% 8.9% 3.1% + Airplanes 2.4% 34.9% 8.4% 1.3%
= =4
e e
Faces 0.9% 9.0% 0.0% Faces 4.4% 1.6% 0.0%
Motorbikes 0.0% 0.8% 1.3% 2.1% Motorbikes 1.0% 1.3% 3.1% 1.8% 92.9%
Brain Bonsai  Airplanes  Faces Motorbikes Brain Bonsai  Airplanes  Faces Motorbikes
Output Class Output Class

Fig. 4.5 Confusion matrix of Caltech 101 dataset with BAGMM and AGMM, respectively

Table 4.2 Performance of object data clustering (Caltech 101) based on different metrics

Performance metrics (%)

Models | Accuracy | Sensitivity | Specificity | Precision| FPR | F1-score| MCC | G-mean 1| G-mean 2
BAGMM | 81.41 77.04 95.67 72.08 433 72.67 69.43| 74.52 85.85
AGMM | 73.35 64.11 93.91 61.65 6.09| 60.49 56.98| 62.87 77.59

have implemented the same framework with AGMM. In this data clustering task,
the distribution of classes is not balanced which makes it difficult to differentiate
between different classes and it is depicted from the confusion matrix provided
for AGMM as shown in Fig.4.5. By applying BAGMM, same clustering task is
improved a lot and it is worth to note that our proposed algorithm outperformed the
AGMM as presented in Table 4.2.

4.4.1.2 Experimental Framework and Results: Corel Dataset

In this subsection, we discuss the experiment design. We employed the Corel
dataset, which consists of 10,000 images from 100 categories. We have used SIFT
and BOVW methods in order to achieve a good representation of the images in
feature space. In order to conduct the experiments, we have used 5 classes where
each class contains 100 images. The classes chosen in this experiment are “playing
cards,” “paintings,” “Easter eggs,” “beads,” and “cups.” Some examples of images
from these classes are given in Fig. 4.6. After feature extraction, BOVW is a matrix
of dimension 500 x 50, where columns represent the frequency of visual words and
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Fig. 4.6 Sample images of each class of Corel dataset

Table 4.3 Performance of object data clustering (Corel dataset) based on different metrics

Performance metrics (%)

Models | Accuracy | Sensitivity | Specificity | Precision| FPR | Fl-score| MCC | G-mean 1| G-mean 2
BAGMM | 93.40 93.40 98.35 94.32 1.65|93.45 92.121 93.86 95.84
AGMM | 83.80 83.80 95.95 85.37 4.05| 84.14 80.41| 84.58 89.67

Cards [R:ZX/ 0.0% 13.0% Cards [RGR 0.0% 0.0% 12.0%

Paintings 0.0% 2.0% Paintings 96.0% 4.0%

23.0%

Easter Eggs | 0.0% 2.0% Easter Eggs | 0.0%

Target Class
Target Class

Beads | 0.0% 9.0% 0.0% 87.0% 4.0%

Cups | 21.0% 3.0% 3.0% 0.0% 73.0%

88.0%

Beads | 0.0% 5.0%

Cups | 0.0% 0.0% 1.0%
Cards Paintings Easter Beads Cups Cards Paintings Easter Beads Cups
Eggs Eggs
Output Class Output Class

Fig. 4.7 Confusion matrix of Corel dataset with BAGMM and AGMM, respectively

row is equal to the number of images. The introduced model is applied to perform
the clustering task. In order to validate the performance of our model, we have used
several metrics as described in Sect. 4.3. In order to have a comparison of our model
with AGMM, we also have performed clustering using AGMM. Based on the results
given in Table 4.3 and confusion matrix in Fig. 4.7, it is observed that our proposed
algorithm performed better than AGMM. By applying BAGMM, we have received
very high clustering accuracy in this object categorization task and FPR is reduced
from 4.05% to 1.65%.

4.5 Texture Image Clustering

Texture is a fundamental element of human visual impression towards the world
[28]. Indeed, understanding different textures is very beneficial for further compli-
cated object classification, segmentation analyses, which includes various objects
and surface types [6]. In order to counter issues, namely noise, complexity, slow
convergence, and over-fitting, feature extraction is required. Various types of feature
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extraction methods exist [7]. But, the co-occurrence matrix is a popular feature
extraction technique when it comes to texture data [8, 9, 51]. Thus, co-occurrence
matrix is used to extract the texture characteristics [21]. The co-occurrences are
calculated with respect to their neighbors: (1;0), (1; Z), (1; %), and (3; Z). Then,
the co-occurrence matrix of each neighborhood is constructed by considering
four features: homogeneity, contrast, correlation, and energy. Thus, each image is
represented as a 16-D feature vector.

4.5.1 Experiments and Results
4.5.1.1 Experimental Framework and Results for VisTex Texture Dataset

This section is dedicated for experiments and results on texture data clustering.
We employed the MIT Vision Texture (VisTex) dataset [45]. It is a collection
of texture images that are representative of real-world conditions. We treated the
original images as parent images and further created offspring images from it.
In our experiment, we are using co-occurrence matrix for feature extraction. For
the experimentation, we divided each 512 x 512 parent image into 64 x 64 off-
springs images, where each parent image is converted to 64 off-springs images from
VisTex dataset. By using co-occurrence matrix for feature extraction, we converted
each offspring image into feature vector of 1 x 16. We have used images from 4
different categories, namely “fabric,” “food,” “paintings,” and “tiles,” where these
classes contain 192, 320, 448, and 128 sub-images. Some examples of images
from VisTex dataset are given in Fig.4.8. The data matrix after feature extraction
is provided to BAGMM for data clustering. In order to validate our proposed
algorithm, we have used several performance metrics as described in Sect.4.3. In
order to have a comparison, we have implemented the same clustering framework
with AGMM. From the results provided in Table 4.4, it is observed that our proposed
algorithm outperformed the AGMM. It is necessary to mention that the classes in
this application are not balanced which makes the clustering task very difficult and it
is obvious from the confusion matrix for AGMM in Fig. 4.9. By applying BAGMM,
the clustering accuracy is improved tremendously and FPR is reduced from 10.10%
to 7.20%.

Fig. 4.8 Sample images of each class of VisTex dataset
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Table 4.4 Performance of texture data clustering based on different metrics

Performance metrics (%)
Models | Accuracy| Sensitivity | Specificity | Precision| FPR | F1-score| MCC| G-mean 1| G-mean 2
BAGMM| 81.34 84.93 92.80 85.42 07.20| 85.17 | 77.97| 85.17 88.78
AGMM | 73.90 79.62 89.90 79.59 10.10] 79.60 | 69.51| 79.60 84.60

0.0% Fabric 0.0% 0.5% 0.0%

Fabric

é Food 0.0% § Food 0.0% 40.9% 0.0%
o o
© kol
j=d =
& Paintings 21.0% 77.0% & Paintings 0.0% 28.8% 68.5%
Tile 0.0% 0.0% 9.4% Tile 0.0% 0.0% 8.6%
Fabric Food Paintings Tile Fabric Food Paintings Tile
Output Class Output Class

Fig. 4.9 Confusion matrix of VisTex dataset with BAGMM and AGMM, respectively

4.6 Conclusion

We have proposed BAGMM which uses maximum likelihood for parameter esti-
mation and Newton—Raphson via expectation—-maximization approach. The basic
reason to propose bounded support mixture models is that most of the data lies in
a bounded range. Due to the bounded nature of most of the data in different real
applications, it makes more sense to propose bounded distributions for modeling
the data. To validate the effectiveness of proposed algorithm in data modeling,
we have chosen spam and non-spam email clustering, object categorization, and
texture image clustering applications. For spam and non-spam email clustering,
spambase dataset is employed. For object categorization, Caltech 101 and Corel
datasets are chosen with 5 classes from each dataset. For texture data clustering,
VisTex image texture dataset is used and 4 classes are chosen in our experiments. We
have used several performance metrics to examine the effectiveness of our algorithm
in data clustering. We also have used AGMM for data clustering in all proposed
experiments in order to have a comparison with our approach. From the set of
experiments on all datasets and in the light of results achieved based on performance
metrics, it is concluded that BAGMM has performed better in data modeling and
data clustering as compared to AGMM. Due to great success of BAGMM in image
and spambase datasets, for our future work, we propose the application of BAGMM
in speech and video datasets to explore its modeling capabilities on different kinds
of data.
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Chapter 5 )
Online Recognition via a Finite Mixture Qs
of Multivariate Generalized Gaussian
Distributions

Fatma Najar, Sami Bourouis, Rula Al-Azawi, and Ali Al-Badi

Abstract The huge amount of data expanding day by day entail creating powerful
real-time algorithms. Such algorithms allow a reactive processing between the
input multimedia data and the system. In particular, we are mainly concerned
with active learning and clustering images and videos for the purpose of pattern
recognition. In this paper, we propose a novel online recognition algorithm based on
multivariate generalized Gaussian distributions. We estimate at first the generative
model’s parameters within a discriminative framework (fixed-point, Riemannian
averaged fixed-point, and Fisher scoring). Then, we propose an online recognition
algorithm in accordance with those algorithms. Finally, we applied our proposed
framework on three challenging problems, namely: human action recognition, facial
expression recognition, and pedestrian detection from infrared images. Experiments
demonstrate the robustness of our approach by comparing with the state-of-the art
algorithms and offline learning techniques.

5.1 Introduction

Online, real-time sequential arrival of data has increased the computer science
community efforts to analyze, understand, and extract information. Despite the
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fact that information is continuously changing in real time and cannot be available
at once, the traditional learning approach remains constant. In fact, when data is
generated in a function of time, we need to incrementally assemble data as long as
they arrive in a time sequence. Besides, when the size of data is out of the memory
limits, it will be computationally infeasible to train over the entire dataset. In order
to meet these necessities, online learning has been emerged to deal with data in an
incremental process, react to new data, and predict the future coming inputs. As the
notation suggests, online learning is an online method that processes information at
a time. The core idea of this learning algorithm is to generate a model from training
on a stored dataset and then using an iterative algorithm like stochastic gradient
descent and recursive least squares to learn new data introduced dynamically to the
model.

Researchers have made interesting progress in developing online approaches in
several research fields including machine learning, pattern recognition, computer
vision, game theory, and information theory. Online learning is important for various
applications such as faster clustering, forecasting times, catastrophic interference,
spam filtering, pattern recognition, and online tracking. Among the extensive related
work in this field, we cite the most interesting approaches proposed in literature.

Recognizing human activity is an active research topic where the need to identify
real-time moves and actions continuously over the time remains a challenging
problem. Authors in [46] propose an online method to recognize human gestures
through discriminative key poses and speed-aware action graphs. In [50], a hidden
Markov model with modified short-time Viterbi algorithm was proposed for online
recognizing human daily activity. In order to deal with the problem of clustering
parallel data streams, the authors in [5] develop an online version of the classical
K-means clustering algorithm. The idea of this method is based on an incremental
computation of distances between streams of data using a DFT approximation. A
probabilistic model was proposed for online clustering in [48] to detect the novel
objects from sequences of data. They used a non-parametric Dirichlet process for
modeling documents in an online fashion and an empirical Bayes method to estimate
model hyperparameters. When features are expensive, authors in [39] proposed
a novel online feature selection allowing the feature to be only available one at
a time. This online framework was based on grafting approach that combines
the speed of filters with the accuracy of wrappers. Applied to spam filtering, an
online model has been presented to filter a sequence of emails using distance-
based kernels and string kernels in [2]. In this paper, we consider particularly the
problem of online recognition which is one of the most important problems that
arises in computer vision, image analysis, information retrieval, data compression,
and pattern recognition. Online cluster analysis is the task of grouping data into
homogeneous clusters as long as they arrive in a temporal sequence. Finite mixture
model is among the most applied approaches in the context of machine learning
applications [11-13, 19, 33], especially for online clustering. In [41], an online
approach was introduced based on a stochastic approximation of the Expectation-
Maximization algorithm for the normalized Gaussian network. Experiments results
showed that this online EM-algorithm for the NGnet is able to manage dynamic
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environments and to deal efficiently with the robot dynamics problem. In video
surveillance application, an adaptive Gaussian mixture model [29] has been used
to model real video data with an incremental EM for the learning update. In
[51], Gaussian mixture models have been proposed in an online fashion based on
description length reducing prior and a MAP estimation procedure for an up-to-
date description of the data. Despite the adoption of this model to various online
clustering because of its simplicity, real-world applications cannot be considered
by the Gaussian assumption which fails to fit the shape of the data. For instance,
recent works have shown that other non-Gaussian models such as the Dirichlet,
the generalized Gaussian, and the Beta Liouville mixtures provide better clustering
results in several applications. In [8], a finite mixture of Dirichlet and a stochastic
approach was proposed in the light of online clustering application, namely the
dynamic summarization of image databases. A more general distribution has been
applied to this type of non-Gaussian data is the generalized Dirichlet. The authors in
[18] have proposed an online variational learning of generalized Dirichlet mixture
models with feature selection to challenging problems, namely text clustering and
image clustering using the bag-of-visual-words representation. Another approach
that can control how the system should perceive new coming data over time is
based on the generalized inverted Dirichlet [4]. For recognizing human facial
expression, an online variational learning based on Beta-Liouville mixture model
was proposed in [17]. A novel approach based on spherical mixtures has been
proposed in [3] to tackle the problem of tracking and detecting news topic trend.
The model in [1], besides, proposes a flexible online clustering algorithm in
order to accurately approximate the non-Gaussian data. This online technique,
based on finite mixture of generalized Gaussian distribution, has been applied to
video foreground segmentation. In fact, generalized Gaussian mixture models have
been the subject of wide applications [16, 26, 40]. However, in many multivariate
statistical processes, generalized Gaussian distribution fails to be as accurate as the
multivariate generalized Gaussian mixture as shown in previous works [32, 34, 35].
In fact, authors have proved that this multivariate mixture model is able to efficiently
recognize human activity. Based on these studies, it is concluded that it is interesting
to build our online framework based on the multivariate generalized Gaussian
mixture model. One of the fundamental tasks of finite mixture model is parameter
estimation, usually related to optimization problem.

The question to ask then is this: how to recursively estimate the parameters
of the mixture of multivariate generalized Gaussian distributions and how to
simultaneously select the number of components? In this paper, we seek to answer
this question by improving our previous deterministic approaches proposed in
[34, 35] and presenting a novel online recognition algorithm based on multivariate
generalized Gaussian mixture model suitable for various applications. We are
mainly interested by recognizing the human actions, facial expression from videos
and detecting pedestrian from infrared images.

This paper is organized as follows: Sect. 5.2 proposes the deterministic frame-
work based on multivariate generalized Gaussian mixture model. In Sect. 5.3, we
introduce our novel online learning algorithm. Next, we applied the proposed algo-
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rithms to the problem of human action recognition, facial expression recognition,
and pedestrian detection from infrared images. Finally, we conclude this paper with
a summary and potential future works in Sect. 5.4.

5.2 Multivariate Generalized Gaussian Mixture Model

5.2.1 Multivariate Generalized Gaussian Distribution

Multivariate generalized Gaussian distribution (MGGD) is defined by the probabil-
ity density functions [25] as follows:

pX|X; B; w) =

r¢ 1
7 ) T ﬂl eXp[—E((X—u)TE*I(X—u))ﬁ] (5.1)
w2 (55)2% | 2|2

where X € RY, ¥ = mMisad x d symmetric positive definite matrix, called
the dispersion matrix, g is a d-dimensional mean vector, and 8 > 0 is the shape
parameter that we assumed to be the same for all the dimensions of the data. Noting
now thatif 8 = 1, the MGGD is equivalent to the multivariate Gaussian distribution.
The shape parameter B controls the peakedness and the spread of the distribution.
The smaller the beta, the more peaked for the probability distribution function (pdf),
and the larger the beta, the flatter will be the pdf just as exposed in Fig. 5.1b. Positive
shape parameter values produce skewed distributions to the left and bounded to the
right. In contrast, negative shape parameter values produce skewed distributions to
the right and bounded to the left.

5.2.2 Finite Mixture and Deterministic Learning

The finite mixture of K multivariate generalized Gaussian distributions is given by:

K
p(X|0) =Y pip(X|®)), (5.2)
j=1

where p(X|®;) is known as the jth component of the mixture defined with its
parameters @; = (u;, X}, B;). The parameter p; is called a mixing weight
parameter and must satisfy 0 < p; < 1 together with Zf: (pj=1

The main purpose of deterministic techniques is maximizing the likelihood
function with respect to model’s parameters. One of the standard inferential methods
and the powerful tool used to fit Gaussian based-mixture model to an observed data
is the Expectation-Maximization (EM) algorithm [15]. Its aim is to optimize the
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likelihood function in regard to the model’s parameters. The EM algorithm starts
with initializing parameters ®g. Then, it iterates between two steps: the expectation
and the maximization and converges to the maximum. In the expectation step (E-
step), the expected likelihood is estimated given the current estimated parameters.
For that purpose, the following posterior probability, named also responsibilities,

for the j-th component of the mixture is computed:

pjpX|©;)

K pmp(X|On)

(5.3)
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During the maximization step (M-step), the model’s parameters are updated
using the current responsibilities. In order to maximize the likelihood function,
the log-likelihood function is maximized instead with respect to parameters as it
is a monotone function. Then applying the logarithm to the likelihood function, it
follows for X = (X1, ..., Xy) that :

N N K
LX|1©) =) log p(X;|0) =Y log | Y p;jp(Xil®)) (5.4)
i=1 j=1

i=1
The M-step can be formally described as solving directly the following equation:

IL(X|O)

0 5.5
e (55)

Given the multivariate generalized Gaussian distribution p(X|u;, X';, 8;), we
obtain the following estimates :

* Mixing parameter
| v
bj= N;pum) (5.6)
1=

* Mean parameter

N . ~
i = Y pUIX)IX: — wjlPi~tX; .

J N . L
S pGIXDIX — pj|Pi!

As there is no closed form for the covariance matrix and the likelihood estimation
for this parameter is indistinct, the authors in [9, 10, 38] have proven the existence
of the covariance matrix estimator up to certain conditions. We present those
mentioned works in the following section.

5.2.2.1 Fixed-Point Estimation Method

One of the above-mentioned parameters estimation techniques of the MGGD is the
so-called fixed-point method [38]. Indeed, this method guarantees the existence and
uniqueness of the MLE of the covariance matrix for each shape parameter belonging
to [0,1]. The existence was proved by showing that the profile likelihood is positive,
bounded in the set of symmetric positive definite matrices and equals to zero on the
boundary of this set. Regarding the uniqueness, it was proved that for any initial
symmetric positive definite matrix, the sequence of matrices satisfying a fixed point
equation converges to the unique maximum of this profile likelihood.
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Let (X1, X2, ..., Xn) be a random sample of N observation vectors of dimen-
sion d, drawn from a zero-mean MGGD with scatter matrix C = mX'; m is the
scale parameter, and S is the shape parameter. The MLE of m, 8, and X' are found
by solving the maximum likelihood equations defined as follows:

Y 5
= [ﬁ g(u»ﬁ} , (5.8)

where u; = XiTZ’_lXi.

Assuming first that 8 is known. By differentiating the likelihood function with
respect to X', the MLE of the covariance matrix satisfies the following fixed point
(FP) equation:

N

d
f =) —5 FXix], (5.9)
i—1 Wi tu; Zi;&j u;

In other words, the fixed point equation can be written as:
St = F(Z0) (5.10)

Indeed, mathematically the solution of fixed point equation is settled using an
iterative proceeding until X' stabilize (i.e., there is no sensible difference between
Xy and Xy4q).

Afterwards, an iterative algorithm based on a Newton—Raphson technique is then
applied to compute the maximum likelihood estimation of the shape parameter.

R ~alB
=B — —== 5.11
Br+1 = Pk o Go) (5.11)

«(B) = dN—Nﬁ i [uf’ log (u; ] _ d_N[w (%) + 10g(2)]

(5.12)

where v is the digamma function.
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5.2.2.2 Riemannian Averaged Fixed-Point Estimation Algorithm

The second developed algorithm is the named “Riemannian Averaged Fixed Point”
method (RA-FP) [10]. The latter estimator is proposed as a generalization form of
the previous proposed technique fixed-point (FP) estimator [38]. The basic idea of
RA-FP algorithm is to implement successive Riemannian average of fixed point
iterates in order to estimate the covariance matrix for any positive value of the shape
parameter. This process is different from the fixed-point algorithm which estimates
the covariance matrix for only the shape parameter belonging to [0, 1].

The RA-FP uses the Riemannian geometry for estimating the covariance matrix.
The RA-FP based estimation of X' is determined as follows:

For t € [0, 1], the Riemannian average of ﬁ‘k“ is defined as:

St = Dty f(Z0) (5.13)
_ 2,3/2(2,:1/21”(&)2,:1/2)”‘2,3/2
where
k= L, t € [0, 1], (5.14)
k+1

and f(X) is defined as (5.9).

If 4 = 1, the RA-FP estimator is reduced to the fixed-point estimator, and
Eq. (5.13) yields to (5.10).

For computing the maximum likelihood of the shape parameter, an iterative
algorithm based on a Newton—Raphson technique [10] is applied as in the fixed-
point algorithm.

5.2.2.3 Fisher Scoring Algorithm

The Fisher scoring algorithm [9] is a maximum likelihood estimator based on the
fixed-point technique also and followed by an optimization through the Fisher
scoring method. The estimators of m, 8 are given by Egs. (5.8) and (5.11) as
proposed in [38]. Hence, in this work, the main purpose of the Fisher scoring
algorithm is to optimize the likelihood function based on fixed-point technique and
followed by an optimization iteration through the Fisher information matrix.

The likelihood function of vectors X = (X1, X», ..., Xy) is given by:

N K
L) =12 pipXilZ); Bjs 1)) (5.15)
i=1j=1
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The gradient of likelihood function with regard to covariance matrix is defined as:

N2
2

VL(Z:0) = [F(X)]' T VF(X), (5.16)
with :

F:SK — RT{0} (5.17)

_d
b —>|z|—1( uf’)“

i=1
and the gradient of F at a point X' is given by:
VF(Z)=FX) 2 fx) - x1z7! (5.18)
where f(X') is defined by fixed-point algorithm in [38].
To numerically maximize the likelihood function, the Fisher-scoring iteration is
given by:
Sl = I+ GTIVL(E; 9) (5.19)

where the entries of the Fisher information matrix are defined by [45]:

1,3d+ 68

Gii(B) = Z<d—+2 — 1), (5.20)
1,d+2

Gij(B) = 71( dtrzﬁ - 1),1' #J, (5.21)

fori,j=1,..., K.

Afterwards, an iterative algorithm based on Newton—Raphson technique is
applied to compute the maximum likelihood estimation of the shape parameter as
the two previous estimator algorithms.

We summarize the EM-algorithm for the multivariate generalized Gaussian
mixture model in the following algorithm:

5.3 Online Learning Algorithm

The deterministic framework presented in the above section was based on batch
learning; the parameters are updated on the entire dataset at once. In this section, we
introduce an online EM learning approach. We suppose the dataset was represented
by M multivariate generalized Gaussian distributions with parameters & y. Assume
now at time ¢ + 1, a new data Xy is inserted to the database, thus, we should
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Algorithm 1 MGGMM learning algorithm
Require: X, K
Ensure: ©*
Initialization
Apply the K-Means to obtain the parameters of each component.
Then, apply the Method-of-Moment for each component j
repeat
for j:=1 to K do
E-step: Compute posterior probabilities using Eq. (5.3)
M-step:
Update u; using Eq. (5.7)
Update B; using Eq. (5.11)
Update X; using FP algorithm ((5.10), (5.9)), RA-FP algorithm (5.13) or FS algo-
rithm (5.19).
end for
until Convergence of Likelihood
Return the model’s parameters ©@*.

update the different mixture model parameters with the new input vector. For which
reason, a stochastic approximation for obtaining the maximum likelihood of mixture
parameters was considered. Namely, we have used the stochastic ascent gradient
parameter updating proposed in [47] where the updating parameters are given by:

dlog(p(Xy1116y, p}"))
90y

oy = oy + oy

N+ (5.22)

In terms of updating the mixing weight the above updating equation does not ensure
the constraints: 0 < p; < 1, Z —1 pj = 1. For this aim, a logit parameterization
was presented to overcome this problem.

70 =1og Ll j=1,... M—1 (5.23)
/ Pm
(t+1) ) (t+1) (1) .
0 =2 o (23, = p) = M= (5.24)

So that, for j = 1..., M — 1,the updating mixing weight is given by:

(t+1)
(t-‘rl) exp(n ) (5 25)
J (t+1) '
1+ Z M exp < )
t+1) _ 1
Py (5.26)

1+Z - exp< (I-H))
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The updating mean parameter, shape parameter, and covariance matrix are as
follows:

_ Bj—1
(T = o 2 [ R = )T R =] 527)
1 dy(d/2g;) = dlog2
IB(H—I) ﬂ(t)+5 *Z,(f,ii)] [<_+ v ( /2,3]) N g§ ))
Bj 2B; 25;

—(Xn+1 = )" T Xy — )P
log((Xn+1 — IL,/)TE]-_I(XNH - ﬂj))i| (5.28)

1
t+1) _ (t) (t+1) —1
Ej + 6N *ZN—H/ [(—Err(zj dE))

Bj -1 -1
+5 Ky =)' 27dE; 5
(Xy1 = ) Xng1 — )" Z7 Xy — ,-))“’f—”} (5.29)

Thus, the complete online updating MGGMM algorithm was resumed as follows.

Algorithm 2 Online MGGMM learning algorithm

Require: X' = {X;,..., Xy}, OV, K
Ensure: @l(frl)
Att + 1, new data vector X1
repeat

for j:=1 to K do
Compute posterior probability

PipXn+110))
Nt = (5.30)
>zt PnPXN+11Om)

Affect Xy to a cluster using the Bayes rule: X 1 is affected to cluster ji if zy 41, >
INH1j Y F 1
Update the weights using Eqgs. (5.25) and (5.26)
Update p ; using Eq. (5.27)
Update §; using Eq. (5.28)
Update X'; using Eq. (5.29).
end for
until Convergence of Likelihood
Return the model’s parameters @V +1.
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5.4 Experiments Results

5.4.1 Datasets

In our experiments, we are using three different datasets to evaluate the performance
of the proposed online mixture model. For human action recognition, we use the
well-known KTH dataset [42]. This human action dataset presents to date the most
tremendous at handset of video sequences for human actions. It contains 2391
sequences categorized in six different human actions: walking, jogging, running,
boxing, hand waving, and hand clapping. Each action is performed in four diverse
scenarios: outdoors, outdoors with scale variations, outdoors with different clothes,
and indoors. We present some examples of frames from video sequences in each
category in Fig. 5.2. For recognizing facial expression, the set of data that we
have used is the Cohn—Kanade dataset [22]. It contains 486 sequences where each
sequence starts with a neutral expression and proceeds to a target expression of
anger, surprise, joy, fear, sadness, or disgust. The sequences are collected from 97
university students ranging in age from 18 to 30 years. Sixty-five percent were
female, 15% were African-American, and 3% were Asian or Latino with one to
six emotions per subject. Sample images from this database with different facial
expressions are shown in Fig. 5.3. In regard to the detecting pedestrian from infrared
images, we make use of a challenging dataset of thermal imagery, namely the OSU
thermal dataset. It is composed of 10 test collections with the total of 284 thermal
images. Those images contain 984 pedestrians captured from Ohio State University
campus using a Raytheon 300D thermal sensor core with 75 mm lens mounted on
an 8-story building. We display an exemplary of different number of pedestrians in
Fig. 5.4.
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Fig. 5.2 Examples of frames from the KTH dataset of different human actions within different
scenarios
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Fig. 5.3 Sample face expression images from the Cohn—Kanade database

One pedestrian Two pedestrians Three pedestrians

Four pedestrians Five pedestrians Six pedestrians Seven pedestrians

Fig. 5.4 Example of pedestrian images from the OSU-thermal database

5.4.2 Database Preprocessing Approach

The methodology that we have adopted for each application can be summarized
as follows (Fig. 5.5). Basically, we have adopted the bag-of-words approach to
represent our images and video sequences. In this model, each image or video of
the dataset is depicted as a set of features. First, we extracted local spatio-temporal
features from each video sequence from KTH database using space-time interest
point detector [28] and SIFT3D descriptor [43]. From Cohn—Kanade videos dataset,
we extracted dynamic textures features using LBP-TOP descriptor within 9 x 8
blocks [49]. Besides, for the infrared images, we used dense SIFT descriptors [30]
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Fig. 5.5 Database preprocessing approach

of 16 x 16 pixel patches computed over a grid with a spacing of 8 pixels. Second,
we have quantized the extracted features into visual words using K-means algorithm
[14], and each image and video is then represented as a frequency histogram
over the visual words. Finally, we have applied a probabilistic latent semantic
analysis (pLSA) to the obtained histograms in order to represent each image by
a d-dimensional vector where d is the number of latent aspects [6].

5.4.3 Online Human Action Recognition

Recognizing human from videos is a widely studied problem in many applications,
both offline and online. The interest of online processing is motivated by the
promise of many applications. If we take the example of video surveillance
systems for airports, online human recognition plays a key role in protecting
against acts of terrorism and in providing real-time surveillance in various airport
departments. Another application of online human action processing is in smart
environments such as health care and assisted living geared to provide housing
facilities for elderly population and people with disabilities. Accordingly, many
recent researchers have concentrated on online human action recognition. An
approach based on motion data and location information has been adapted in [50]
to indoor human daily activity recognition. A combination between neural network



5 Online Recognition via a Finite Mixture of Multivariate Generalized. . . 95

and HMM has been proposed to model motion data and location information. A
more recent approach [46] based on semi-supervised learning was proposed to
robustly recognize moves online from unsegmented data. In [24], an online activity
recognition on smart phones using the built-in accelerometers was proposed to
classify the basic movement of the user. This method was performed using the
KNN classifier and evaluated by applying Naive Bayes classification method. To
deal with the problem of continuous activities and personalized learning, an online
multitask learning method for large-scale personalized activity recognition has been
introduced in [44]. Using a dataset obtained from real-home settings, the authors in
[36] have proposed an evolving fuzzy systems to recognize activities of the daily
living (ADLSs) from sensor streams.

5.4.4 Online Human Facial Expression Recognition

Recognizing human facial expression is an active research problem in the recent
years. Various works have focused on online facial expression recognition that have
been used for different applications such as smart environment, video surveillance
systems, e-education, and many other interesting utilization. The interest in online
human facial expression recognition is motivated by the promise of automati-
cally categorizing the different types of human face expression used in computer
interaction, medicine, e-learning, access control, monitoring, and marketing. For
example, knowing the client’s emotional state, computer can become a more
effective interface to detect patient feeling about medical treatment. For instance,
interpreting autism’s expressions could help in developing a therapy system. In
tutoring system, detecting the state of the learner may enhance the presentation
style of e-learning program. Another interesting application is to detect drivers’
state, helping the driver monitor their stress level and alert other cars. If we take
the example of video surveillance systems for ATM, facial expression recognition
plays a key role in protecting against acts of terrorism and theft as it doesn’t dispense
money when someone is scared. Many researches have focused on facial expression
recognition but few of them were interested how could we understand the facial
expression in an interactive way. A system built on elastic graph matching [21]
was proposed to track and detect the face of a person in a live video sequence.
In [7], a study on understanding how babies learn to recognize facial expressions
is presented. They have used a cognitive system algebra combined with a neural
network model to online recognize facial expressions. A method for collecting
and analyzing facial responses over the web was introduced in [31]. The proposed
framework was utilized to crowdsource over three million face videos in response
to thousands of media clips ranging from advertisements to movie trailers to TV
shows and political debates.
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5.4.5 Online Pedestrian Detection in Infrared Images

Infrared (IR) thermography is an imaging method for visualizing radiation not
observable by human eye. Analyzing thermal images has occurred growing interest
both in research and in industry with a wide area of applications. In military
surveillance uses, they have the need to mount infrared detection system on vehicles
or towers for border surveillance. Fire-fighters use infrared imaging as a mechanism
to find missing people in buildings on fire. As well, car-pedestrians accidents
which occur at night acquire the use of far-infrared camera in order to discern the
thermal energy. Online detection pedestrians from infrared images has not been
much explored yet. In [27], a real-time online learning was proposed to track
pedestrians using boosted random ferns and using Weber—Fechner’s law to detect
pedestrians according to the season and the weather. Another interesting work on
online pedestrians detection based on particle filters and combination of a local
intensity distribution (LID) with oriented center symmetric local binary patterns was
introduced in [23]. The proposed algorithm was applied to various thermal videos
to detect the most likely target position in the subsequent frame.

5.4.6 Results

In this section, we evaluate our proposed framework in different experiments and we
compare recognition rates with methods from literature and offline methods. After
preprocessing our databases, we used 15 subjects from each activity from KTH
dataset to construct the visual vocabulary and the remaining 10 subjects to test. For
facial expression and pedestrian detection experiments, we selected 70% of the data
to the training and the remaining for the test.

We start by studying the impact of the visual vocabulary sizes on the recognition
accuracy for our online methods onFP-MGGMM, onRA-FP-MGGMM, onFS-
MGGMM, and the other approaches (GMM,GGMM), as depicted in Fig. 5.6a for
KTH dataset, Fig. 5.7a for Cohn—Kanade and in Fig. 5.8a for OSU thermal dataset.
According to these results, the maximum accuracy value is obtained with visual
vocabulary sizes of 200 for KTH, 20 for Cohn—Kanade, and 50 for OSU thermal
dataset. Moreover, we have studied the impact of the number of aspects on the
recognition accuracy as shown in Figs. 5.6b, 5.7b, and 5.8b and we found that the
optimal accuracy was obtained when the number of aspects was set to 20 for KTH
and 6 for Cohn—Kanade and OSU thermal dataset.

We achieved the best performance with human action recognition, facial expres-
sion recognition, and infrared pedestrian detection in different proposed online
learning multivariate generalized Gaussian methods. For instance, for human
action recognition, the online Riemannian averaged fixed-point multivariate gen-
eralized Gaussian mixture achieves the best recognition rates (99.37%) as shown
in Table 5.1. In recognizing facial expression, the online fixed-point MGGMM
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(96.84%) outperforms the other related works, Gaussian-based models, and also
the two proposed online mixture models as indicated in Table 5.2. With respect to
infrared pedestrian detection, experiments results on OSU thermal dataset shown in
Table 5.3 that the Fisher-scoring MGGMM provides the best performance (96.64%)
as compared to other online Gaussian-based models. We notice from those tables
(Tables 5.1-5.3) that our three proposed discriminative online learning methods
reached superior performance where the accuracy increases approximately by 20%
comparing to the basic Gaussian mixture model and the univariate generalized
Gaussian mixture. We display also the confusion matrix for the proposed online
learning methods for KTH database in Tables 5.4, 5.5, 5.6, for Cohn—Kanade in
Tables 5.7, 5.8, 5.9, and for OSU-thermal database in Tables 5.10, 5.11, and 5.12.

Accuracy(%)
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00
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Aspects Number
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Fig. 5.6 (a) Recognition accuracy vs. vocabulary size for the KTH dataset; (b) recognition
accuracy vs. the number of aspects for the KTH dataset
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Fig. 5.7 (a) Recognition accuracy vs. vocabulary size for the Cohn—Kanade dataset. (b) Recogni-
tion accuracy vs. the number of aspects for the Cohn—Kanade dataset

We compare the performance of the offline learning and online learning proposed
in Sect. 5.2.2 on all the three datasets. Tables 5.13, 5.14, and 5.15 illustrate the
accuracy and the running time for each proposed model and for the Gaussian
mixture model and the generalized Gaussian mixture model. According to those
tables, we notice that online learning has improved the quality of the clusters and
decreased the time of running compared to the offline learning.
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Fig. 5.8 (a) Recognition accuracy vs. vocabulary size for the OSU-thermal dataset. (b) Recogni-
tion accuracy vs. the number of aspects for the OSU-thermal dataset
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Table .5'.2 The average Approach Recognition rates
recognition rates using
different online algorithms onBM [17] 84.57
for Cohn—Kanade dataset onDM 79.69
onGDM 83.08
onGMM 77.50
onGGMM 85.85
onFP-MGGMM 96.84
onRA-FP-MGGMM 85.94
onFS-MGGMM 86.62
Table .5'.3 The average Approach Recognition rates
recognition rates using
different algorithms for onGMM 90.76
OSU-thermal dataset onGGMM 89.06
onFP-MGGMM 92.06
onRA-FP-MGGMM 94.34
onFS-MGGMM 96.64

Table 5.4 Confusion matrix for KTH dataset using onFP-MGGMM

Cl1 C2 C3 C4 C5 C6
Cl 97.5% 0% 2.5% 0% 0% 0%
C2 0% 100% 0% 0% 0% 0%
C3 0% 0% 100% 0% 0% 0%
C4 0% 0% 0% 100% 0% 0%
C5 0% 0% 0% 0% 100% 0%
C6 0% 0% 0% 0% 2.5% 97.5%

Table 5.5 Confusion matrix for KTH dataset using onRA-FP-MGGMM

Cl1 C2 C3 C4 C5 C6
C1 92.5% 5% 0% 0% 2.5% 0%
C2 0% 100% 0% 0% 0% 0%
C3 0% 0% 100% 0% 0% 0%
C4 0% 0% 0% 100% 0% 0%
C5 0% 0% 0% 0% 100% 0%
Co6 0% 0% 0% 0% 0% 100%

Table 5.6 Confusion matrix for KTH dataset using onFS-MGGMM

Cl1 C2 C3 C4 C5 C6
C1 90% 2.5% 0% 0% 7.5% 0%
C2 0% 92.5% 2.5% 0% 0% 5%
C3 0% 0% 100% 0% 0% 0%
C4 0% 2.5% 0% 97.5% 0% 0%
C5 0% 0% 0% 2.5% 97.5% 0%
Co6 0% 0% 0% 0% 0% 100%
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Table 5.7 Confusion matrix for Cohn—Kanade dataset using onFP-MGGMM
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C1 C2 C3 C4 C5 C6
Cl 100% 0% 0% 0% 0% 0%
C2 0% 91.66% 8.34% 0% 0% 0%
C3 0% 0% 93.75% 0% 6.25% 0%
C4 0% 0% 0% 100% 0% 0%
C5 0% 0% 0% 0% 100% 0%
Co6 4.35% 0% 0% 0% 0% 95.65%
Table 5.8 Confusion matrix for Cohn—Kanade dataset using onRA-FP-MGGMM
C1 C2 C3 C4 C5 Co6
Cl 86.66% 0% 6.6% 0% 6.74% 0%
C2 0% 91.66% 0% 8.34% 0% 0%
C3 6.25% 0% 87.5% 0% 6.25% 0%
c4 0% 14.05% 0% 80.95% 0% 5%
C5 0% 0% 0% 19.05% 80.95% 0%
Co 0% 0% 0% 17.4% 0% 82.60%
Table 5.9 Confusion matrix for Cohn—Kanade dataset using onFS-MGGMM
Cl1 C2 C3 C4 C5 Co6
Cl 100% 0% 0% 0% 0% 0%
C2 8.34% 91.66% 0% 0% 0% 0%
C3 6.25% 0% 87.5% 0% 0% 6.25%
Cc4 3.4% 0% 11.13% 66.66% 18.81% 0%
C5 0% 9.53% 0% 0% 90.47% 0%
Co6 8.7% 0% 0% 8.7% 0% 82.60%
Table 5.10 Confusion matrix for OSU-thermal dataset using onFP-MGGMM
C1 C2 C3 C4 C5 Co6 C7
Cl 94.73% 0% 5.27% 0% 0% 0% 0%
C2 0% 86.66% 0% 13.34% 0% 0% 0%
C3 9.1% 0% 90.90% 0% 0% 0% 0%
C4 0% 7.69% 0% 84.61% 0% 7.7% 0%
C5 11.38% 0% 11.7% 0% 76.92% 0% 0%
C6 0% 36.37% 0% 0% 0% 63.63% 0%
Cc7 0% 0% 0% 16.67% 0% 0% 83.33%
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Table 5.11 Confusion matrix for OSU-thermal dataset using onRA-FP-MGGMM

Cl1 C2 C3 C4 C5 C6 Cc7
Cl1 94.73% 0% 5.27% 0% 0% 0% 0%
C2 13.3% 80% 0% 6.7% 0% 0% 0%
C3 0% 0% 90.90% 0% 9.1% 0% 0%
C4 0% 7.7% 0% 92.30% 0% 0% 0%
C5 0% 0% 23.08% 0% 76.92% 0% 0%
C6 0% 36.37% 0% 0% 0% 63.63% 0%
Cc7 0% 0% 0% 8.34% 0% 0% 91.66%
Table 5.12 Confusion matrix for OSU-thermal dataset using onFS-MGGMM
C1 C2 C3 C4 C5 C6 Cc7
Cl 92.10% 0% 0% 7.9% 0% 0% 0%
C2 0% 76.66% 0% 11.6% 0% 11.74% 0%
C3 0% 0% 90.90% 0% 0% 9.1% 0%
C4 11.54% 0% 0% 88.46% 0% 0% 0%
C5 0% 19.24% 0% 0% 80.76% 0% 0%
C6 0% 0% 0% 0% 13.64% 86.36% 0%
Cc7 0% 16.67% 0% 0% 0% 0% 83.33%

Table 5.13 Performance of human recognition using offline and online algorithms for KTH

dataset

Offline Online

Accuracy (%) Run time (s) Accuracy (%) Run time (s)
GMM 87.14 27.78 91.66 8.63
GGMM 88.33 38.36 89.16 3.39
FP-MGGMM 91.97 19.18 99.16 10.29
RA-FP-MGGMM 94.16 22.71 99.37 10.44
FS-MGGMM 94.58 15.87 96.25 10.03

Table 5.14 Performance of facial expression recognition using offline and online algorithms for

Cohn-Kanade dataset

Offline Online

Accuracy (%) Run time (s) Accuracy (%) Run time (s)
GMM 76.46 14.74 77.50 2.31
GGMM 85.85 9.55 85.85 1.36
FP-MGGMM 88.98 7.1 96.84 2.35
RA-FP-MGGMM 91.61 8.76 85.94 2.61
FS-MGGMM 93.87 3.8 86.62 2.24
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Table 5.15 The average recognition rates using offline and online algorithms for OSU-thermal
dataset

Offline Online

Accuracy (%) Run time (s) Accuracy (%) Run time (s)
GMM 79.61 15.17 90.76 1.78
GGMM 84.26 8.56 89.06 1.05
FP-MGGMM 89.32 6.65 92.06 1.7
RA-FP-MGGMM 92.51 6.75 94.34 2.1
FS-MGGMM 89.81 6.21 96.64 2.02

5.5 Conclusion

In this paper, we have proposed an online learning based on deterministic framework
that is able to estimate the multivariate parameters of the generalized Gaussian
mixture model. To this aim, we were motivated by developing a robust maximum
likelihood approach based on recent techniques, namely fixed-point, Riemannian-
averaged fixed-point, and Fisher scoring and a stochastic gradient descent algorithm.
We applied our algorithms on extensive experiments including challenging applica-
tions namely recognizing human action, facial expression and detecting pedestrian
in infrared images. Comparisons revealed that our online methods achieve better
recognition rates with respect to other offline methods, proposed methods in
literature, and other Gaussian-based models. In spite of the promising results
achieved, further enhancement could be done using online variational learning.
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Chapter 6

L, Normalized Data Clustering Through o
the Dirichlet Process Mixture Model of

von Mises Distributions with Localized

Feature Selection

Wentao Fan, Nizar Bouguila, Yewang Chen, and Ziyi Chen

Abstract In this chapter, we propose a probabilistic model based-approach for
clustering L, normalized data. Our approach is based on the Dirichlet process
mixture model of von Mises (VM) distributions. Since it assumes an infinite number
of clusters (i.e., the mixture components), the Dirichlet process mixture model
of VM distributions can also be considered as the infinite VM mixture model.
Comparing with finite mixture model in which the number of mixture components
have to be determined through extra efforts, the infinite mixture VM model is a
nonparametric model such that the number of mixture components is assumed to
be infinite initially and will be inferred automatically during the learning process.
To improve clustering performance for high-dimensional data, a localized feature
selection scheme is integrated into the infinite VM mixture model which can
effectively detect irrelevant features based on the estimated feature saliencies. In
order to learn the proposed infinite mixture model with localized feature selection,
we develop an effective approach using variational inference that can estimate model
parameters and feature saliencies with closed-form solutions. Our model-based
clustering approach is validated through two challenging applications, namely topic
novelty detection and unsupervised image categorization.

6.1 Introduction

During the last two decades, finite mixture models have shown their effectiveness
in tackling unsupervised learning problems, such as clustering, for both univariate
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and multivariate data. The target of clustering is to automatically partition a data
set into different groups such that data of the same group are as similar as possible
and data of different groups are as different as possible. Finite mixture models have
demonstrated promising performance for clustering and have been widely applied
in many computer vision and pattern recognition applications [1].

In clustering approaches based on finite mixture models, choosing an appropriate
basic distribution that best describes the given data is a crucial problem. Although
the Gaussian distribution has been a popular choice for constructing mixture models,
other distributions may provide better performance for modeling other types of
data. For instance, according to recent studies, the Dirichlet [2], the generalized
Dirichlet [3, 4], and the Beta-Liouville distributions [5, 6] are better alternatives
than Gaussian for modeling proportional data vectors (i.e., normalized histograms).
Recently, several works [7-10] have shown that L, normalized data are very
important and can be found in various practical applications particularly in the fields
of text, image, and video classification. As discussed in [7], L, normalized feature
vectors can be naturally modeled using spherical distributions such as the von Mises
(VM) distribution, since they can be visualized as points on a hypersphere after the
normalization.

In this chapter, we propose a probabilistic model based-approach for clustering
L, normalized data. Our approach is based on VM distributions with a nonpara-
metric framework known as the Dirichlet process mixture model [11-13]. Since the
Dirichlet process mixture model assumes an infinite number of clusters (i.e., the
mixture components), the Dirichlet process mixture model of VM distributions can
also be considered as the infinite VM mixture model. Comparing with finite mixture
model in which the number of mixture components have to be determined through
extra efforts, the infinite mixture VM model is a nonparametric model such that the
number of mixture components is assumed to be infinite initially and will be inferred
automatically during the learning process. To improve clustering performance for
high-dimensional data, a localized feature selection scheme [14] is integrated into
the infinite VM mixture model which can effectively detect irrelevant features
based on the estimated feature saliencies. In order to learn the proposed infinite
mixture model with localized feature selection, we develop an effective approach
using variational inference [15—17] that can estimate model parameters and feature
saliencies with closed-form solutions. Our model-based clustering approach is
validated through two challenging applications, namely topic novelty detection and
unsupervised image categorization.

The remaining part of this chapter can be listed as follows. In Sect. 6.2, we
introduce the Dirichlet process mixture of VM distributions with localized feature
selection. In Sect.6.3, we develop a learning algorithm based on variational
inference to estimate the parameters of our model. In Sect.6.4, we provide
experimental results of our model on topic novelty detection and unsupervised
image categorization. Finally, conclusion is given in Sect. 6.5.
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6.2 The Dirichlet Process Mixture of VM Distributions with
Localized Feature Selection

6.2.1 Finite VM Mixture Model with Localized Feature
Selection

If we have a data set X = X, ..., Xy that contains N data points, where each X is
a Lr-normalized D-dimensional feature vector (i.e., (X;)7X; = 1), then each X; can
be modeled using a von Mises (VM) distribution V(-) [7, 10] with the assumption
that features of x; are independent

D
Ty.
pXilp V) = [ [ VYialpa. ra) = ehikaYid 6.1)

P 27 1o (ha)

ety

where Y;ig1 = X;jg and Y;q = (Yiq1, Yia2). Yiao is used to ensure that the vector Y4
is a spherical (i.e., L, normalized) vector. g = (141, Lq2) and L4 > 0 are the mean
direction and the concentration parameter, respectively, for the VM distribution.
Ip(+) denotes the modified Bessel function of the first kind of order 0.

If the vector X; is distributed according to a VM mixture model with M
components, then we have

pXilm, . A) = Zn,]‘[wyzdmjd, Xjd) (6.2)
Jj=1 =

where the vector T = 7y, ..., m) denotes mixing coefficients with the constraints
thatZ 17 _land0<nl <L

In mlxture modeling, it is often convenient for a latent variable to indicate the
membership assignment. As in our case, each vector X; is assigned with a latent
variable z; as the membership indicator variable, such that z;; = 1if X; is drawn
from the jth component, otherwise it equals 0. Then, the conditional distribution
of the observed data vectors X, given the latent variables and the component
parameters

PXIZ, ) = ]"[ ]"[ (H V(yialitja, ,d>) 6.3)

i=1j=1

where Z = {z1,...,zy}. The probability distribution of the latent variable Z is
given by

N M -
p@im)=[]]]=" (6.4)

i=1j=1
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As we may notice that in Eq. (6.3), the finite VM mixture model considers all
features are equally important with equal contribution to the clustering process.
However, this assumption is not realistic in practice, since high-dimensional data
may contain noisy features or features that are irrelevant to the clustering analysis.
To improve the clustering performance, we adopt localized features selection which
has shown promising results in unsupervised clustering in previous research works
[14, 18, 19]. In contrast to performing features selection in a global way (i.e., feature
saliencies are the same for all clusters) [20], localized feature selection assumes that
the importance of a feature is different for different clusters. Motivated by its better
performance, we integrate localized feature selection into our VM mixture model.
Then, the probability distribution of each feature X;; in our model can be defined
by

p(Xia) = VXialttja, ja) VX ialwy g, 1q) ' =05 (6.5)

where the binary variable ¢;;q denotes the feature relevance, such that ¢;j4 = 0
if the dth feature of X; in the jth component is irrelevant and follows a VM
distribution parameterized by ;L’j 4 and )Jj d

Then, for the data set X, the VM mixture model with localized feature selection
is given by

N M D Zij
rxio)=TT[TTI (V(Yid|9,-d>¢ffw<Y,-d|9,’-d>1—¢ffd) (6.6)

i=1 j=1d=1

where © = (£.0.,0', 9. 6;a = (kja. }ja) and 0], = (W} X}).

6.2.2 Infinite VM Mixture Model with Localized Feature
Selection

Although finite mixture models are effective for clustering, the determination of the
number of components is a crucial problem in mixture modeling and often requires
extra efforts to handle. An elegant solution to this problem is to assume that the
number of mixture components is infinite and will be determined automatically
during the learning process. A common way to extend a finite mixture model into its
infinite counterpart is through a Bayesian nonparametric framework known as the
Dirichlet process mixture model [11, 12].

In our work, we extend finite VM mixture model with localized feature selection
into the infinite VM mixture model by assuming that the mixing coefficients &
follows the Dirichlet process mixture model with a stick-breaking representation
[13, 21] as defined by
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j—1 00
T =7} H(l—rr,é), GZZTL’]'(SQJ.,
k=1 j=1
7} ~ Beta(l, £), 0; ~H, (6.7)

where 89j represents the Dirac delta measure centered at 6;, G is a random

distribution that follows a Dirichlet process G ~ DP(&, H), and £ is a positive

real number. The variables {r;} denote the mixing weights where Z‘]’il mj=1.
Consequently, the infinite VM mixture model is given by

o] D
pXilm, w, Ay =Y 7 [ | Vialwja. 2ja) (6.8)
j=1 d=1

By including the latent variable Z and the localized feature selection, we then
have

N oo D Zij
rxio)=TT]TTI (V(Yid|9,-d>¢ffdv<Y,-d|9,’-d)1—¢ffd) (6.9)

i=1j=1d=1

where the probability distribution of Z can be redefined based on the stick-breaking
representation as

N Jj—1 Zij
p(Zin') = ]_[ [n;. ]_[(1 - n,g)} (6.10)
i=1 k=1

o0
j=1

The prior of &’ follows a Beta distribution as shown in Eq. (6.7)

p(n’) = nBeta(l, £)) 6.11)

j=1

For the feature relevance parameter ¢, a Bernoulli distribution is introduced as
its prior

oo D
ij —;i:
p@le) =[] JTeu a—em' % (6.12)
i=1j=1d=1
where € = (€1, ..., €;jp) denotes the probabilities that the features are relevant

(also known as features saliencies) in the jth component.
Then, a von Mises-gamma prior is used as the prior for the parameters g and A
of the von Mises components that account for “useful” features



114 W. Fan et al.

oco D
2 =TT pwjalnja) p(hja)

j=ld=1
oo D

= [TT]V®jamja, Bjar;ja)Gjaluja, via) (6.13)
j=ld=1

where mjg = (mjq1, mjq2).
Similarly, a von Mises-gamma prior is adopted for parameters u’ and A’ that
account for “noisy” features

D D
P A =TT [T VWam g Bjak;)GH il a Vi) (6.14)
j=1d=1

!/ _ i /
Wheremjd = (mjdl,mjdz).

6.3 Model Learning via Variational Inference

In this section, a variational inference (VI) algorithm [15, 16] is developed to learn
the proposed infinite von Mises mixture model with localized feature selection. The
VI algorithm is a deterministic approximation framework with the goal to find an
approximation to the true posterior distribution by maximizing the lower bound on
the logarithm of the model evidence. By applying Jensen’s inequality, the lower
bound £ of the logarithm of p(X) can be found as

In p(X) > /q(@) In md@ = L(q) (6.15)
q(©)

where ¢ (®) is an approximation to the true posterior distribution p(®|X).
In this work, the stick-breaking representation for the infinite VM mixture model
is truncated at a level of M

M
my=1 Y m=17;=0 when j>M (6.16)
j=1

where M is a variational parameter and will be estimated by the SVI algorithm.
Then, by applying the structured mean-field approximation [17], the variational
posterior g (A) can be factorized into the product of variational distributions as

q(A) = q(Z)q($)g(m)q (. Mg (', 1) (6.17)
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By maximizing the variational lower bound £L(q) with respect to each variational

variable, we can update the variational posteriors as

9(2) = H H iy

i=1j=1

N M D
q(¢p) = l_[ l_[ 1_[ fl¢l/11 ﬁjd)(l_¢ijd)7
d=1

i=1j=1

M D
g Xy = [ [ []Vjalm . Bidja) G jalwsy. vig)
j=ld=1

gu', Ay = 1_[ H(V(I‘«]d|m/d’:3 d)g()L dlu/d’ v./i*d)

j=ld=1

M
q(x') = | [ Beta(x}lg;. 1))

j=l1
where the associated hyperparameters are defined by

exp(7ij)

S exp(Fie)

rij =

% ja

(6.18)

(6.19)

(6.20)

(6.21)

6.22)

(6.23)

D
Fij = Z(@jd)l:()\jdﬂ;rind) - <— In Io(Ajd))((Kjd) —Xjq) —In Io(ijd)]
d=1

D
+ ) (1 ¢i,-d>[<xf,du;EY,~d>
d=1
a N/ / 3/ 3/
— mlnlo(kjd) ((Ajq) = Ajq) — Inlo(A)
J
j—1
lnn )+ Z In(1 — 7))
k=1

exp(fijd)

fija = exp(fija) + exp(fija)

(6.24)

(6.25)
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- 3 _
fija = (mﬁ[(k,/dlL,T-ind) - (a)\-]‘d In Io(Ajq))

X ((Aja) — i}’d‘”) —In Io(ijd)} + (Ine€jq) (6.26)

~ 0 =
o = [ G %100 = (g 0 o5 ()
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N
Bja = IBjamja + Z(Zij)(¢ijd)Yid|| (6.28)

i=1
mjd ’3* (IBJdm]d + Z Zij M Pijd) zd) (6.29)

i=1
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Wig =ujd+ Bjghja (m In Io(ﬂjd/\jd)> (6.30)

d B _
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N
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N
g =1+ (z)) (6.36)
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N M
hj=&+> Y (zu) (6.37)

i=1k=j+1

= L L .
where % Inlo(hjq) = % In Io(kjd)hjd_i_ — DGja) which is obtained based

=kjd T Io(hja)
on the property I)(k) = I1(x) of the modified Bessel function [22]. The expected
values in the above formulas are defined as

Uja
<Zij> =rij, ()\.deLJTind> = U%mfallﬂYld (6.38)
jd
/*
(bija) = fija, (A deL,ded) ,* /*TY (6.39)
v]d
(Inj) =¥ (g) — (g +h)) (6.40)
(In(l = 7)) = Y (hj) = ¥(g; +hj) (6.41)
u*fd ”/*d
(jab === (W) =~ (6.42)
jd jd

The features saliencies can be obtained by setting the derivative of the variational
lower bound L(g) with respect to € j4 to zero as

N
1
€ja =~ 2 fisd (6.43)

i=1

Since the variational solutions are coupled together through the expected values
of other factors, these solutions can be obtained iteratively through an EM-like
algorithm as described in Algorithm 1.

Algorithm 1 Variational inference of the infinite VM model
1: Choose the initial truncation level M = 15.
2: Initialize hyperparameters £;, mjq, Bjd, 4jd, Vjd, u_’/.d, v_’/.d, m_//.d, ﬂ_}d,
3: repeat
4:  The variational E-step: use the current values of model parameters to evaluate the expected
values in Egs. (6.38)~(6.42).
5:  The variational M-step: update the variational factors using Eqgs. (6.18)~(6.22).
6:  Calculate features saliencies using Eq. (6.43).
7: until Convergence criteria is reached.
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6.4 Experimental Results

In this section, we validate the proposed infinite VM mixture model with local-
ized feature selection through two challenging applications, namely topic novelty
detection and unsupervised images categorization. In our experiments, the initial
truncation level M was set to 15. The prior parameters m ;4 and m’j 4 were randomly
initialized from the data such that ||m;4|| = 1 and ||m’/. 4l = 1. The prior parameters
Bjd-uja,vja, u'; 4, V', and B’ were initialized as (Bjd, Ujd,Vjd, u/jd, v;.d, ﬂ}d) =
(0.1, 0.1, 0.01, 0.1, 0.01, 0.1). The parameters of &; and €4 were set to 0.5.

6.4.1 Topic Novelty Detection

The goal of topic novelty detection in terms of text data is to develop an approach
that can automatically detect novel topics in a given collection of documents (e.g.,
news articles). In our mixture model-based approach, a novel topic is the one that is
classified as a new cluster of our infinite mixture model. In this experiment, follow-
ing [7], four publicly available data sets are adopted for evaluating the performance
of the proposed infinite VM mixture model with localized feature selection (referred
as InVmMM-LFs). The first data set is known as the CNAE-9 data set! which has
1080 documents of descriptions of Brazilian companies that can be divided into 9
categorizes. The categories of this data set are equally distributed (i.e., 120 instances
in each of nine categories). The other three data sets were taken from the original
20-Newsgroups data set.” The details of these three data sets are listed as follows.
The first data set is known as “News-Related-3” which contains 300 documents
with 3225 attributes from three newsgroups on related topics (talk.politics.misc,
talk.politics.guns, talk.politics.mideast). The second data set is “News-Similar-3”
which contains 300 documents with 1864 attributes from three newsgroups on
similar topics (comp.graphics, comp.os.mswindows, comp.windows.x). The third
data set is “News-Different-3” which contains 300 documents with 3251 attributes
from three newsgroups on related topics (alt.atheism, rec.sport.baseball, sci.space).

In order to evaluate the novelty detection performance of the proposed
InVmMM-LFs on the four testing data sets, we adopt measures including Accuracy
and F as follows

A Number of documents that are correctly clustered (6.44)
ccuracy = .
4 Total number of documents

2 x precision x Recall
F =

6.45
Precision + Recall ( )

Uhttps://archive.ics.uci.edu/ml/datasets/CNAE-9.
Zhttp://qwone.com/~jason/20Newsgroups/.
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In our approach, we perform topic novelty detection using the proposed
InVmMM-LFs based on the bag-of-words paradigm. The methodology of our
topic novelty detection approach can be summarized as follows: First, we applied
the Rainbow package3 [23] to remove the rare (occurred less than 30 times) and
stop words (such as “the”, “and”, “or”, etc.). Next, each document is represented
by a vector of counts (i.e., a histogram containing the frequency of occurrence of
each word in its vocabulary). Each document is then TF-IDF normalized and thus
a L, normalized vocabulary is created. These obtained vectors are then modeled
by the proposed InVmMM-LFs. Finally, the classification is performed by applying
Bayes’ decision rule. As new documents are observed, new topics will be discovered
if the number of clusters is increased. We run our method 20 times to investigate its
average performance.

In order to demonstrate the advantages of the proposed approach. We compare
our approach with other topic novelty detection approaches that are based on
mixture models. These approaches include: the infinite VM mixture model with
global feature selection (denoted by InVmMM-Fs), the infinite VM mixture model
without feature selection (denoted by InVmMM), the Gaussian mixture model
with localized feature selection (denoted by GMM-LFs) [14], and the infinite VM
mixture model with feature selection which is learnt using Markov chain Monte
Carlo (MCMC) algorithm (denoted by InVMM-MCMC) [7].

The results by different approaches for each tested data set are shown in
Tables 6.1, 6.2, 6.3, 6.4. Based on these results, it is clear that the proposed
InVmMM-LFs has provided the best novelty detection performance among all
tested approaches in terms of the highest F; score and the accuracy rate for each
data set. The advantages of using feature selection are verified since InVmMM
has obtained worse performance than approaches adopting either global feature

gable‘li.l T_;’pic novellt)y Methods F Accuracy (%) | M*

etection performance by

different approaches for the GMM-LFs 76.69 | 77.97 8.23 £ 1.28

CNAE-9 data set InVMM-MCMC | 81.81 | 83.91 9.04 £1.01
InVmMM 80.12 | 82.08 9.12+1.01
InVmMM-Fs 82.44 |85.08 9.06 + 0.91
InVmMM-LFs 83.56 |86.19 9.02+0.75

gatble.6.2 T(f)pic noveltt)y Methods Fi Accuracy (%) | M*

etection performance by

different approaches for the GMM-LFs 83.78 | 82.23 2.87 £ 1.02

News-Related-3 data set InVMM-MCMC | 87.41 | 86.59 3.05+0.45
InVmMM 85.19 |84.38 3.25+0.93
InVmMM-Fs 88.46 | 87.21 3.07£0.85
InVmMM-LFs 89.67 |89.52 3.04 £0.33

3http://www.cs.cmu.edu/~mccallum/bow.


http://www.cs.cmu.edu/~mccallum/bow

120 W. Fan et al.

Table.6.3 Topic novelty Methods F Accuracy (%) | M*
detection performance by

different approaches for the GMM-LFs 80.33 | 81.57 2824121
News-Similar-3 data set InVMM-MCMC | 84.06 | 84.58 3.08 £ 0.60
InVmMM 83.72 | 83.35 3.17+£0.52
InVmMM-Fs 84.08 | 85.39 3.21+£0.29
InVmMM-LFs 86.63 | 87.94 3.11+0.46
g;l::i:etigf ;}’gﬁ;gﬁzsléy Methods Fi Accuracy (%) | M*
different ali)proaches for}t/he GMM-LFs 86.52 | 85.93 2.89 £0.31
News-Different-3 data set InVMM-MCMC | 88.99 | 90.00 3.12+0.11
InVmMM 87.38 | 87.29 3.23+0.63
InVmMM-Fs 88.72 | 89.64 3.16 £0.45
InVmMM-LFs 90.18 |92.09 3.09 £0.51

selection (InVmMM-Fs) or localized feature selection (InVmMM-LFs). Since
InVmMM-LFs outperformed InVmMM-Fs, it also confirms that localized feature
selection has better performance than global feature selection in topic novelty
detection. Among all approaches, GMM-LFs has obtained the worst performance
in terms of the lowest F| score and the accuracy rate for each data set. This
demonstrates that VM mixture model is better than Gaussian mixture model for
modeling L, normalized data.

6.4.2 Unsupervised Images Categorization

In this experiment, the proposed InVmMM-LFs is applied to categorize images
based on the bag-of-visual-words representation. We test our image categorization
approach on the Oxford flowers data set [24] which includes 17 different categories
of flowers with 80 images for each category. In our experiment, we adopt a subset
of this data set which contains ten classes: daffodil, snowdrop, lily valley, bluebell,
pansy, tiger lily, tulip, fritillary, sunflower, and daisy. Figure 6.1 demonstrates
several sample images of the Oxford flowers data set.

Our image categorization approach can be summarized as follows. First, the
PCA-SIFT descriptors4 (36-dimensional) [25] are extracted from each image using
the difference-of-Gaussians (DoG) interest point detector [26]. Next, an accelerated
version of the K-means algorithm [27] is used to construct a visual vocabulary by
quantizing these PCA-SIFT vectors into visual words. As a result, each image is
represented as a frequency histogram over the visual words. Then, the probabilistic
latent semantic analysis (pLSA) model [28, 29] is applied to the obtained histograms

4Source code of PCA-SIFT: http://www.cs.cmu.edu/~yke/pcasift.
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Tigerlily Tulip Fritillary Sunflower Daisy

Fig. 6.1 Sample images from each class in the Oxford flowers data set

Tablnlz 6.5. The average Method M* Accuracy (%)
classification accuracy and

the number of components GMM-LFs 9.294+0.46 |74.93
(M*) computed over 20 runs InVMM-MCMC | 9.62 +0.33 | 79.34
by different algorithms InVmMM 9.51 £0.25 |77.26

InVmMM-Fs 9.59 £0.27 | 80.01
InVmMM-LFs 9.67 £0.31 |82.15

to represent each image by a 45-dimensional vector (i.e., the number of latent
aspects) and then L, normalized. Finally, the proposed InVmMM-LFs is applied
to cluster the testing images by assigning the image to the category which has the
highest posterior probability according to Bayes’ decision rule. In our case, half of
the data set was used to construct the visual vocabulary, and the other half was used
for testing.

We compare the proposed image categorization approach based on InVmMM-
LFs with the ones based on GMM-LFs, InVMM-MCMC, InVmMM, and
InVmMM-Fs. The average categorization accuracy and the number of components
(M*) computed over 20 runs by different algorithms are shown in Table 6.5. As
we can observe from this table, it is clear that the InVmMM-LFs achieves the
best performance among all tested methods in terms of the highest categorization
accuracy rate (82.15%) and the most accurate estimated number of clusters (9.67).
This result verified the advantages of using VM mixture model and localized feature
selection for categorizing images. We may also notice that both cases InVmMM-
LFs and InVmMM-Fs outperform InVmMM, which demonstrates the merits of
integrating feature selection into mixture models for clustering.
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6.5 Conclusion

In this chapter, a probabilistic model-based approach based on infinite VM mixture
model has been proposed for clustering L, normalized data. Comparing with finite
mixture model in which the number of mixture components have to be determined
through extra efforts, the infinite mixture VM model is a nonparametric model such
that the number of mixture components is assumed to be infinite initially and will
be inferred automatically during the learning process. In order to improve clustering
performance for high-dimensional data, a localized feature selection scheme is
integrated into the infinite VM mixture model which can effectively detect irrelevant
features based on the estimated feature saliencies. The proposed infinite mixture
model with localized feature selection is learnt through variational inference that can
estimate model parameters and feature saliencies with closed-form solutions. Our
model-based clustering approach is validated through two challenging applications,
namely topic novelty detection and unsupervised images categorization.
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Chapter 7 )
Deriving Probabilistic SVM Kernels from <o
Exponential Family Approximations to
Multivariate Distributions for Count

Data

Nuha Zamzami and Nizar Bouguila

Abstract This work aims to propose a robust hybrid probabilistic learning
approach that combines appropriately the advantages of both the generative and
discriminative models for modeling count data. We build new probabilistic kernels
based on information divergences and Fisher score from efficient approximations to
multivariate distributions for support vector machines (SVMs). More precisely, we
drive probabilistic kernels from the mixture of exponential family approximation to
two powerful generative models for count data, namely the multinomial compound
Dirichlet (DCM) and the generalized Dirichlet multinomial (GDM). The developed
hybrid models are introduced as effective SVM kernels able to incorporate prior
knowledge about the nature of data involved in the problem at hand and, therefore,
permits a good data discrimination. We demonstrate the flexibility and the merits
of the proposed frameworks for the problem of analyzing activities in surveillance
scenes.

7.1 Introduction

Clustering is among the significant data mining tasks that have been extensively
studied in the past in order to predict the natural grouping for unlabeled data
[32]. It is generally viewed as a density estimation problem, i.e., the model makes
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inference through probabilistic assumptions of the data distributions [26]. Thus,
they offer a principled effective way for handling uncertainty and they are practical
especially when dealing with missing and incomplete data [55]. A popular model-
based (generative) approach for clustering is finite mixture models which offer a
considerable practical value in modeling heterogeneous data [27, 58], based on
estimating the class-conditional distributions, and the prior probabilities of each
class, which are then used for clustering using Bayes’ rule [7]. On the other
hand, discriminative approaches focus directly on the classification problem via
learning the class boundaries without regard to the underlying class densities [66].
Due to their computational efficiency and good discrimination capabilities, support
vector machines (SVMs) [12, 75] became standard supervised learning tool with
benchmark results. Selecting an appropriate SVM kernel is really a challenging
task for machine learning and data mining applications. Indeed, the classic kernels,
that SVM-based discriminative classifiers often rely on, are not generally suitable
for count data, as such kernels do not take into consideration the nature of data.
A better approach is to generate the kernels directly from the data, which could
be also called generative kernels [1]. Consequently, relevant efforts have been
made recently to combine the advantages of both approaches by developing hybrid
generative/discriminative algorithms (see, for instance, [5, 9, 30, 46, 81]). The idea
is to capture the intrinsic properties of the data to classify, taking into account prior
knowledge of the problem domain. Such algorithms have shown to be powerful
tools that generally provide lower test errors and better accuracies than either fully
generative or discriminative techniques [31, 64].

In this work, we address the problem of classification where the data consists
of bags of count vectors by incorporating efficient mixture models into SVMs.
As choosing the components probability density functions (PDFs) is at the heart
of finite mixture modeling, we suggest the consideration of flexible and accurate
distributions to model count data, namely the exponential approximation to Dirichlet
compound multinomial (EDCM) [25] and the exponential approximation to gener-
alized Dirichlet multinomial (EGDM) [83]. The EDCM and EGDM distributions
are approximations of the DCM [52] and GDM [8], respectively, that bring them
into the family of exponential distributions. Our choice for these approximations
is justified by the fact that the exponential distributions are usually easier to
evaluate and their parameters are simpler to estimate [4, 21]. Moreover, both
EDCM and EGDM have shown to be computationally efficient and have high
flexibility in count data modeling with superior performance in many challenging
applications [25, 37, 82, 83]. We develop several flexible SVM kernels that make
intelligent use of unlabeled count data to achieve accurate classification results.
These kernels are defined on probabilistic generative models learned from the data.
In particular, instead of using EDCM and EGDM mixtures directly for classification,
we build probabilistic kernels based on Fisher scores and information divergence.
We validated the proposed developed hybrid model using publicly available and
widely used datasets for activity analysis in surveillance scenes.

The rest of this chapter is organized as follows: The next section will review
the support vector machines (SVMs). In Sect. 7.3, we present the considered
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mixture models and the deterministic annealing expectation—maximization (DAEM)
algorithm for learning the parameters. Then, in Sect. 7.4 we introduce our statistical
generative/discriminative framework and all related details. Section 7.5 is devoted
to the experimental results. Finally, we conclude this work in Sect. 7.6.

7.2 Support Vector Machines Kernels

Support vector machines (SVMs), as a type of classifiers, are well known for
supervised learning and applicable to both classification and regression problems
[6, 75]. Since SVM classifier was introduced in [75], it gained popularity due to
its good generalization, global solution, number of tuning parameters and their
solid theoretical foundation. The development of efficient SVMs implementations
led to broadening its applications [17, 51, 59]. The SVM is designed for binary-
classification problems, assuming that the training set is separable by a hyperplane
where the complexity of the hyperplane can be bounded in terms of another quantity,
the margin. The margin is defined as the minimal distance of an example to a
decision surface. Thus, if we bound the margin of a function class from below, we
can control its complexity. In the statistical framework, learning means to estimate
a function from a set of examples (the training sets). Thus, a learning machine must
choose one function from a given set of functions, which minimizes a certain risk.
Support vector learning implements this insight that the risk is minimized when the
margin is maximized [70].

Let {(X1,C1), ..., (X;, C)}, X; € RY be a training set of random independent
identically distributed vectors, with labels C; € {+1, —1} belonging to either of two
linearly separable classes Cj and C». The decision function of the SVM classifier is
given by [75]:

l
f(X) = sign (Z Cisi K(X.X;) + b) , (7.1)

i=1

where [ is the number of support vectors containing the relevant information about
the classification problem, §; are the weights of the support vectors determined by
solving a constrained quadratic programming problem which aims to maximize
the margin between the classes, b is a bias term, and K (X.X;) is a symmetric
positive definite kernel function. A challenging problem in the case of SVMs is
the choice of the kernel function which is actually a measure of similarity between
two vectors. In case the data are not linearly separable, it can be mapped into a high
dimensional feature space using a kernel function to simplify the computation of
the inner product value of the transformed data in the feature space [6, 70]. The
generally used kernel functions are polynomial, radial basis function (RBF), and
sigmoid [40, 48].
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The Fisher kernel, initially proposed in [31], is an example of previous efforts in
generating more flexible kernels, which has been widely used in the literature. The
main idea is to exploit the geometric structure on the statistical manifold by mapping
a given individual sequence of vectors into a single feature vector, defined in the
gradient log-likelihood space. Given its ability to incorporate prior knowledge about
the data, Fisher kernels have shown excellent performance in [23], for instance,
where Gaussian mixture model-based kernel functions are used for speech emotion
recognition. Moreover, it has been successfully implemented in many applications
that involve discrete data such as handwriting recognition, speech recognition, facial
expression analysis, and bio-informatics based on mixture of multinomials [74],
as well as, spam and text categorization and hierarchical classification of vacation
images based on mixture of Dirichlet compound multinomial (DCM) [10].

An alternative to Fisher kernel is called probability product kernels investigated
in [35], where two special cases were introduced, namely Bhattacharyya and
expected likelihood kernels. Moreover, several SVM kernels have been generated
based on information divergence between distributions, such as Kullback—Leibler
(KL) divergence kernel [16, 60], Reniyi and Jensen—Shannon kernels [47, 65]. These
kernels have been successfully implemented with good results in case of Gaussian
[14, 63] and non-Gaussian data [5, 9, 81].

7.3 Finite Mixtures of Exponential Distributions

Finite mixtures are flexible and powerful probabilistic model-based approach for
unsupervised learning of multivariate data [28, 71]. In mixture modeling, the data
are assumed to be generated from a mixture of subpopulations. Let X to be

an observed dataset with N data instances X = {Xi,..., Xy}, where X; =
(xi1, - - -, Xip) is drawn from a superposition of M densities of the form:
M
PX;|m, 0) = an PXil6;), (7.2)
j=1
where 7; (0 < 7; < 1 and ij:l mj = 1) are the mixing proportions. Each

P(X]|0;) represents mixture component j and has its own parameters 6;. For
every observed data point X;, there is a corresponding latent variable Z;. The set
Z ={Z,,...,Zy} denotes the missing group-indicator vectors for data elements
in the jth cluster. The value of z;; is satisfying z;; € {0, 1}, as a particular
element z;; is equal to one and all other elements are equal to 0. The complete
data are considered to be (X, Z|®), where © is the set of all latent variables and
parameters. The complete data log-likelihood corresponding to a mixture model,
with M components, is given by:
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N M
L(X,Z|®) = ZZZU‘ (log?(XiIHj) +10g71j>. (7.3)

i=1 j=1

7.3.1 The Exponential Approximation to Dirichlet Compound
Multinomial (EDCM)

The EDCM [25] is an approximation of the DCM (Dirichlet compound multino-
mial) [52]. DCM was introduced based on the fact that the Dirichlet is a conjugate
prior to the multinomial probability distribution which has several computational
advantages [54]. However, it has some limitations which include that it does
not belong to the exponential family, its expression lacks intuitiveness, and its
parameters cannot be estimated quickly. The EDCM, on the other hand, possesses
several useful properties which allow it to perform fast and model well high
dimensional data with bursty behaviors that appear in text [18, 39] and visual
elements [36].

Define X = (xq,...,xp) as a vector of counts representing a document or an
image, where x4 is the frequency of the word or visual word, d. The probability of
generating the vector X using the DCM with parameter vector « = (@1, ..., ap) is
given by [52]:

n! T'(s) 12[ T(xg + ag)

DCMXla) = T ay)

, (7.4)

where n = Zg?: | Xd,and s = Zgll)zl a4. Note that comparing to the multinomial,
the DCM retains one more degree of freedom as its parameters are not required to
sum to one.

Elkan [25] proposed the EDCM, noting the sparsity nature of textual data,
as most documents contain only a small subset of the entire vocabulary. In this
approximation, only non-zero word counts x4 are used for computation efficiency.
EDCM, as an approximation to DCM, can be made if « <« 1, which found to be
true for the majority of documents collections and images databases represented as
bag-of-features (BoF) [20]. The EDCM is formulated as:

_ n! I'(s)
EDCMX|a) = T F(Hn)d]_[ oy (7.5)

d:xg>1 a1
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Thus, re-writing Eq. (7.5) as an exponential density gives:

~ T'(s) D
g(X|a) = <d£[>1Xd l)n!mexp [; I > l)logad], (7.6)

where I (xg > 1) is an indicator equals to 1 if the word d appears at least once in a
vector X, and O otherwise.

7.3.2 The Exponential Approximation to Generalized Dirichlet
Multinomial (EGDM)

Although the Dirichlet distribution is commonly used as a prior to the multinomial,
the generalized Dirichlet distribution has shown to be a more appropriate prior
for naive Bayesian classifiers. This is due to the fact that generalized Dirichlet
overcomes several limitations of the Dirichlet including the negative-correlation and
the equal-confidence requirements [78, 79]. Moreover, the independence property of
GD distribution, defined by the ability to sample each entry of the random vector
from independent beta distributions, provides more flexibility than the Dirichlet
distribution [13].

Bouguila [8] introduced the generalized Dirichlet multinomial (GDM), which is
the composition of the generalized Dirichlet and the multinomial in the same way
of DCM. The probability density function of the GDM distribution with parameters
0 ={o1,B1,...,ap, Bp}is given by:

D
F'n+1) l—[ I'(ag + Ba)

DT (g + 1) 4 T@a)T (Ba)

GOMXla, B) =

D

I LT (B)

: 7.7
Ty + By a7

d=1

where n = Zfi):ll X4, oy = ag + xg, and B, = By + x441 + --- + xpy1, for
d = 1,..., D. Note that the Dirichlet compound multinomial (DCM) distribution
is a special case of GDM by taking 8y = og+1 + Ba+1. It is important to note that
the generalized Dirichlet is a tree of beta distributions, and the GDM is a tree of 2-D
DCMs [84]. Similar to DCM, GDM does not belong to the exponential family.
Indeed, the generalized Dirichlet multinomial (GDM) has shown to be an
effective alternative to DCM that achieves high clustering accuracy in different
applications [8, 80, 84]. However, it shares similar problems to the ones with DCM
including that its parameters cannot be estimated quickly. To simplify the parameter
estimation process and reduce the computation in high-dimensional spaces, we
proposed, in an earlier work [83], an efficient approximation to the GDM motivated
by the superior performance of EDCM. The approximation, EGDM, is a member of
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the exponential family of distributions and it captures the burstiness phenomenon
successfully and correctly, while being many times faster and computationally
efficient compared to the corresponding GDM. It was possible to reduce GDM
to a member of the exponential family via a suitable transformation and re-
parameterization considering some properties of logarithm and gamma functions.
Moreover, in case of GDM, we found experimentally that ¢y < B; < 1 for almost
all words w based on different count datasets. The approximation, EGDM, can be
written in the exponential family form as:

ag@M(X)z( I1 xd)fl I1 e,

n
dixg>1 dixg>1 F'(xa +za)
D aqpBa
ex I(xg > 1)log———|, (7.8)
P [Z ¢ g (g + ,Bd)]

d=1

where 7y = X441 + -+ - + xp41 is the cumulative sum. As in EDCM, I (x4 > 1) is
an indicator that represents whether a word d appears at least once in the vector X.

7.3.3 Mixture Models Parameters Estimation

A widely used method for estimating mixture parameters ® is the maximum
likelihood estimate (MLE) solution [22] through expectation—-maximization (EM)
approach [56] on the complete likelihood, which is commonly useful in observations
that can be viewed as incomplete data. EM algorithm generates a sequence of
models with non-decreasing log-likelihood on the data, and highly depends on
the initialization, thus, has an issue of poor local maxima. Researchers proposed
different extensions to overcome the EM problems. One of the successful extensions
is the deterministic annealing method (DAEM) [73], which is used in [25] and [83],
to estimate the parameters of EDCM and EGDM, respectively. Some interesting
justifications about using the deterministic annealing procedure can be found in
[25, 73, 83].

DAEM uses multiple phases each with a value of a temperature parameters set,
where the final ® parameters in each phase are used as initial values in the next one.
In case of EDCM and EGDM, three phases are considered where each phase runs
EM until convergence. The computational temperature parameter 7 has been set to
T =25, T =5, and lastly T = 1. When applying the deterministic annealing
procedure, the posterior probabilities will be computed in the E-step as:

(P(Xiwj.’)) n}”)T

M z’
IGO0
,-Z=1 (P(X,|9j ) 7§ )

30—

y (7.9)
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where T = %, and T corresponds to the computational temperature. Then, in the

M-step, the parameters estimates will be updated according to:

U+ — arg max L(X, Z|©. en). (7.10)

The interested reader is referred to Elkan’s paper [25] for details of the algorithm for
estimating EDCM parameters, where a similar approach is used in case of EGDM.

7.4 Generative/Discriminative Models for Count Data

In this section, we develop SVM kernels based on EDCM and EGDM finite
mixture models that address certain practical shortcomings of classic kernels.
Let two multimedia objects O and O’ represent two sequences of count vectors
X ={Xy,....,Xny}and X' = {X], ..., X}, }, respectively. It is possible to assume
that each sequence has been generated by an M-component finite mixture model
p(X|®) and ¢(X|®’) defined on Q space, where 2 is the p-dimensional space of
the considered distribution. Each individual object has its own size N as a given
image, for instance, can be represented by a bag of pixel vectors of a set of local
descriptors [29, 33]. In the following subsections, we derive different kernels based
on probabilistic distances and Fisher score to tackle the problem of count data
sequence classification using SVM. An important feature of probabilistic kernels
is the existence of a closed-form expression in order to be able to evaluate directly
the kernel function without the need of expensive Monte Carlo approximations. In
the case of EGDM, however, closed-form expressions exist only for the Reriyi and
Jensen—Shannon kernels. !

7.4.1 Fisher Kernels

The Fisher kernel, proposed in [31], is based on extracting Fisher scores Ux(®) =
v log(p(X|®)) from the generative model and converting them into a kernel to
feed SVMs. Each component of Uy (®) is the derivative of the log-likelihood of the
sequence X with respect to a particular parameter of the mixture model. The kernel
is then defined as:

KX, X) =UY (@) F {(©)Ux (@), (7.11)

!Indeed, closed form expressions for the other two kernels (i.e., Bhattacharyya and Kullback—
Leibler) do exist for EDCM, but not for EGDM. In order to provide a fair comparison, we
considered the closed form only if it exists for both models.
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where F~!(©) is the Fisher information matrix which can be approximated by the
identity matrix [31]. Despite the quadratic complexity of Fisher kernel, it is a highly
principled statistical approach as it has been shown in [72]. One drawback, however,
is that Fisher kernel does not generally preserve the nonlinearities implied by the
corresponding generative model [35].

Here, we develop Fisher kernels for the two considered generative models. In the
case of finite mixture model of EDCM (Eq. 7.6), the corresponding feature space is
(M (D+2)—1)-dimensional. By computing the gradient of log p(X|®) with respect
tom;, j =1,..., M, which is the same for any mixture model, gives:

N .
BL(XI@) Z [Zu _ Zl/] j=2,...,M. (7.12)
i=1

Considering the unity constraint on mixing weights, we have only M — 1 free
parameters, which explains the fact that the previous gradient equation is defined for
Jj=2asm can be determined knowing the values of the other mixing parameters
(m=1- Z —o 7 j). Furthermore, computing the gradient with respect to the model
parameters a4, d =1, ..., D + 1, reasonably straightforward manipulations give:

8.£(X|®)
Boz]d

N
:Z [w(s,)—qz(s +n)+1(x,d>1)< ! )} (7.13)
im1 &jd

The Fisher kernel based on finite mixture of EGDM (Eq. 7.8) has a corresponding
feature space with size (M (2D + 1) — 1), and in this case we have:

ILXIO) L, 1 .
80[jd :EZijI:I(XidZ 1)<a_m)]7 (714)
oLxio) L, 1, I
Bra >ty ia = 1)(/% R ﬁjd)]' (7.15)

7.4.2 Probability Product Kernels

An alternative approach is to generate SVM kernels between probabilistic distri-
butions K : £ x £ — R that injects the domain knowledge and invariance of
generative models to SVMs [16]. In particular, probability product kernels [35] map
data points in the input space to distributions over the sample space and a general
inner product is then evaluated as the integral of the product of pairs of distributions
and defined as:
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+00
%(p(X10). q(X10)) = /0 p(X|©)7q(X|©') dX, (7.16)

where p is a positive parameter. An important special case of probability product
kernels (when p = 1/2) is the Bhattacharyya kernel, originally proposed by Jebara
and Kondor [34] which, despite its cubic complexity, has a main advantage of
nonlinear flexibility [35]. The Bhattacharyya kernel is defined as follows:

+00
Kon (P(XI10).4X10)) = | V/p(XI©). (X|@)dX. (7.17)
In case of EDCM, we could find a closed form for this kernel (see Appendix 1):

N TGG+n+s +n)YTETE)
X|® X|®)) = . 7.18
Kon (p(X10), q(X|0)) F st I T (7.18)

However, we note that it is not possible to compute the Bhattacharyya kernel in a
closed form from EGDM mixture density. Thus, in the absence of closed form, we
can approximate the kernel using Monte Carlo simulation [16], as:

Y plAXi1©
Ko (p(X10).g(X[0) ~ Z” 12 i)

+

_ap M 1/2
: ﬂz Xi©) q'*(X;10), (7.19)

Ny ¢ Z)
i=1
where g € [0, 1], and Xy, ..., Xy, and X1, ..., Xy, are generated from p(X|©)
and ¢ (X|®") densities, respectively. Z1, and Z; are normalized factors for p and g
densities after they are taken to the power of p.

7.4.3 Kernels Based on Information Divergence

The main idea of information divergence kernel is to replace the kernel computation
in the original sequence space by computation in the probability density functions
(PDFs) space (i.e., the kernel becomes a measure of similarity between probability
distributions) [16, 35]. For instance, researchers have derived a kernel distance
based on the symmetric Kullback—Leibler (KL) divergence [43], which was applied
successfully for speaker identification, image classification, and visual recognition
[60, 62, 76]. The information divergence-based kernels between distributions is
given by:
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K (p(X10). 4(X0)) = expl—a F(p(X|©). ¢(X|0')], (7.20)

where a > 0 is a kernel parameter included for numerical stability, and
F(p(X]®), ¢(X|®") is any information divergence measure as shown below.

7.4.3.1 Kaullback-Leibler Divergence Kernels

The Kullback-Leibler kernel is based on the symmetric Kullback-Leibler diver-
gence (KL) [43], that measure the dissimilarity between two probability distribu-
tions p(X|®), and ¢(X|®"), and is given by:

/ +00 p(X|©) N q(X]®)
F(p(X|®), ¢(X|0)) = X|®)1 X|0)1 dX
(p(X1©), ¢(X|©)) /0 [p( | )qu(x|@/)+‘1( |©) log p(X|®)]

(7.21)

The KL divergence has a closed-form expression in case of EDCM distribution and
is given by (see Appendix 2):

KL(p(X]©),¢(X|0")

[F(S)F(s’+n):|
= Og —_—

D
6T +m |+ > (‘P(s +n) - \If(s)) (cta — ). (7.22)

d=1

In the case of EGDM distribution, we cannot find a closed-form expression
for the KL-divergence, thus like the previous kernel we consider Monte Carlo
simulation.

7.4.3.2 Renyi and Jensen—Shannon Kernels
We will consider two other special probabilistic kernels, the Reflyi and Jensen—
Shannon kernels, which have been introduced in [16], as a generalization of the

symmetric Kullback—Leibler kernel. The Reriyi kernel is based on the symmetric
Reryi divergence [65], such that:

+00
K (P(X|0), 4(X[0))) = [ /0 P(X|0)7(X|®)'~7dx

+o0 a/(l—o)
x / p(X|®)"q(X|®/)1—“dX] . (123)
0

where 0 > 0 and o # 1 is the order of Rényi divergence, which control the amount
of smoothing for the distribution. In case of our generative models, closed-form
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expressions exist for the Refyi divergence. These expressions for the EDCM and
EGDM distributions, respectively, are given by (see Appendix 3):

+o0
/ p(X|©)7¢(X|0)'7dx
0

(7.24)

[ I'(s) ]6[ (s ]170 8 F'(os +n)IT((1 —o)s’ +n)
I'(s +n) I'(s’"+n) F'os)I'((1 —o)s’)

“+00 D adﬁd (e D a/ ﬁ/ l1-0o
/ P(XI©)7q(X|0)'~7dX = [H } [H Y }
0 d

/ /!
J_j %d + Ba % T By

D

<] (oaq +oBa)(1 — o)y + B)
o(@aBa)(l —o)ayBy)

d=1
(7.25)

The other kernel is the Jensen—Shannon (JS) kernel, generated according to the
Jensen—Shannon divergence [47], which is given by:

JSo(p(X]0), ¢(X|0") = H [0 p(X|O) + (1 — w)q(X|O"]
—w H[pX|®)] - (1 -w) H[qX|O)], (726)

where w is a parameter, and H[p(X|®)] = —fp(X|®) log p(X|®) dX is the
Shannon entropy.

7.5 Experimental Results

7.5.1 Methodology and Performance Measures

In this section we present, analyze, and discuss the performance of the proposed
approach through a set of experiments that we have performed. The applications
concern activity analysis and action recognition in video surveillance scenes.
There are two main goals in our experiments. The first goal is to investigate and
compare the different generative kernels based on the exponential approximation to
the Dirichlet compound multinomial (EDCM), and the exponential approximation
to the generalized Dirichlet multinomial (EGDM) as we have proposed in the
previous section. The second goal is to compare the proposed hybrid generative
discriminative approaches to their generative counterparts and to the widely used
discriminative approaches. We present experimental evidence that our generative
kernels based on the exponential distributions perform better than their counterparts,



7 Deriving Probabilistic SVM Kernels for Count Data 137

generated from the DCM and GDM, and better than the mixture models from which
they are generated. In all our experiments we have used the one-vs-all training
approach and the values for all design parameters were obtained by performing five
fold cross-validation and all experimental results were averaged over 20 runs.

Each object (i.e., video sequence or frame), in the considered datasets was
represented as a bag-of-features. For video sequences, we start by detecting
the spatio-temporal interest points (STIP) where the local neighborhood has a
significant variations in both spatial and temporal domains [44]. Then, we used
3D SIFT descriptor [69] that has shown to accurately capture the spatio-temporal
nature of the video data. Moreover, images (frames) were encoded as a bag of scale-
invariant feature transform (SIFT) feature vectors [49] (i.e., we used SIFT to detect
the key points and extract their descriptors). Thus, the generative stage is done by
fitting directly the EDCM, or EGDM, model to the feature vectors extracted from
the images or videos. Consequently, each object in our datasets is represented by a
finite mixture model of distributions. The discriminative stage, on the other hand, is
represented by computing the Fisher, probability product or information-divergence
based, kernel between each of these mixture models giving us kernel matrices to
feed the SVM classifier.

To evaluate obtained results, we have used two measures which are usually used
to evaluate classification models, as follows:

e Accuracy: is a performance metric that gives an indication of overall well
classified elements and is defined as:

TP + TN
TP +FP 4+ TN +FN’

Accuracy =

where TP, FP, TN, FN denote: true positive, false positive, true negative, and false
negative, respectively.

e AUC: Area under the (receiver operating characteristics (ROC) curve, which
measures the performance of the multi-class classification problem.

7.5.2 Classification Using Generative/Discriminative Approach
7.5.2.1 Classification of Traffic Scene Based on Density

Recently, video monitoring and surveillance systems have been widely used in
traffic management. Due to the high number of cameras in use, developing
intelligent systems that extract useful information such as traffic density and vehicle
classification information from traffic surveillance systems has become a significant
and challenging task. The importance of knowing the traffic density of the roads
is justified by its use for signal control and effective traffic management, time
estimation of reaching from one location to another, and recommendation of
different route alternatives [61]. For traffic scene classification, we used the UCSD
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Fig. 7.1 Classification of traffic congestion in variable lighting conditions: (a) sunny, (b) overcast,
and (c) nighttime

traffic video dataset [15] to categorize videos based on the density of traffic. The
dataset has been partitioned into three classes corresponding to light, medium, and
heavy highway traffic congestion with a variety of weather conditions (see sample
frames in Fig. 7.1). It consists of 254 video sequences of highway traffic in Seattle,
collected from a single stationary traffic camera over 2 days. Each video contains
between 42 and 52 frames of size 320 x 240, which, following common practice
[15], are normalized and downsized to 48 x 48 grayscale images.

7.5.2.2 Detection of Unusual Events in Traffic Flows

For detecting unusual events in busy public scenes, we used the junction dataset
[50] by Queen Mary University of London (QMUL). The length of the video is
approximately 1h (9000 frames) captured with 360 x 288 frame size at 25 fps.
The traffic is regulated by traffic lights and dominated with three traffic flows
(sample frames are shown in Fig.7.3). Following the practice in [50], the video
was segmented into non-overlapping clips of 50 frames long each, resulting in 1800
clips. Each clip was manually labeled into different event classes as follows:

e Vertical traffic flow (1078 clips)

¢ Rightward traffic flow (323 clips)

e Leftward traffic flow (355 clips)

*  Unusual: 1llegal u-turns (29 clips)

* Unusual: Emergency vehicles using an improper lane of traffic (3 clips)
*  Unusual: Traffic interruptions by fire engines (12 clips)
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Fig. 7.2 Examples of abnormal events in UCSD pedl due to the circulation of non-pedestrian
entities in the walkways: (a) small cart, (b) skater, and (c) bike

Fig. 7.3 A traffic scene dominated by three different traffic flows (arranged in order): (a) vertical
flow, (b) rightward flow, (c) leftward flow

7.5.2.3 Anomaly Detection in Crowded Scenes

The analysis of densely crowded environments has recently received much interest
within computer vision (e.g., [2, 42]). Most of the efforts are motivated by the ubig-
uity of surveillance cameras, the challenges of crowd modeling, and the importance
of crowd monitoring for various applications. In this context, the goal is to detect
deviations from normal crowd behavior (i.e., anomalous or abnormal events). In this
experiment, our concern is to detect anomalies in the video surveillance sequences
(at frame level) of the public UCSD Ped1 and Ped2 dataset [53].

This dataset was acquired with a stationary camera mounted at an elevation, over-
looking pedestrian walkways with variable crowd density ranging from sparse to
very crowded. In the normal setting, the video contains only pedestrians. Abnormal
events are due to either the circulation of non-pedestrian entities in the walkways or
anomalous pedestrian motion patterns. Commonly occurring anomalies examples
include bikers, skaters, and small carts (see samples of abnormal frames in Fig. 7.2).
The data was split into two subsets each with a different camera viewpoint. The
video footage recorded from each scene was split into various clips of around 200
frames. For each clip, the groundtruth annotation includes a binary flag per frame,
indicating whether an anomaly is present in that frame.
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Hand Shaking Hugging Kicking

Pointing Punching Pushing

Fig. 7.4 Types of activities in the interaction challenge

7.5.2.4 Human-Human Interaction Recognition

Recognizing human interaction from videos is important in computer vision for
several applications. Indeed, semantic analysis of activity videos enables con-
struction of various vision-based intelligent systems, including smart surveillance
systems, intelligent robots, action-based human—computer interfaces, and moni-
toring systems for children and elderly persons [67]. It is a challenging problem
partially due to the lack of discriminability and expressiveness in single feature
based representation, especially in motion ambiguity and partial occlusion [24]. In
this experiment, we aim at recognizing multiple high level activities from a video
composing several actors performing multiple interactions. We considered the UT
interaction dataset [67], which contains six types of two-person interactions, shake-
hands, point, hug, push, kick, and punch (see Fig. 7.4).

7.5.2.5 Human Action Recognition in Video Sequences

In this experiment, we used one challenging video database, namely the KTH human
action database [45], containing six types of human actions (walking, jogging,
running, boxing, hand waving, and hand clapping) performed several times by 25
subjects in four different scenarios: outdoors s1, outdoors with scale variation s2,
outdoors with different clothes s3 and indoors s4 (see Fig.7.5). It contains 2391
sequences, all were taken over homogeneous backgrounds with a static camera
with 25 fps frame rate. All sequences were downsampled to the spatial resolution
of 160 x 120 pixels and have a length of 4 s on average.
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Fig. 7.5 Different types of outdoor human actions in KTH database

Table 7.1 Performance comparison of different generative kernels in classifying traffic density
scenes

Accuracy (%) AUC
DCM + Fisher Kernel 78.40 0.7552
EDCM + Fisher Kernel 92.31 0.9175
EDCM + Bhattacharyya Kernel 84.00 0.7950
EDCM + Kullback—Leibler 84.62 0.7600
EDCM + Bhattacharyya Kernel (MC) 85.13 0.7777
EDCM + Kullback-Leibler (MC) 85.50 0.7878
EDCM + Rényi Kernel 80.77 0.7530
EDCM + Jensen—Shannon 80.46 0.7389
GDM + Fisher Kernel 92.31 0.9327
EGDM + Fisher Kernel 96.15 0.9722
EGDM + Bhattacharyya Kernel (MC) 87.90 0.8723
EGDM + Kullback-Leibler (MC) 86.50 0.8344
EGDM + Rényi Kernel 88.00 0.7389
EGDM+ Jensen—Shannon 84.00 0.7083

7.5.2.6 Results and Discussion: Comparing Different Generative Kernels

The quantitative performances obtained based on the ground truth and in terms
of AUC and accuracy metrics when deploying different kernels generated from
EDCM and EGDM are presented in Tables 7.1, 7.2, 7.3, 7.4, and 7.5, where bold
font indicates best result obtained for each dataset. According to these tables, we
can see clearly that the SVM based on Fisher kernel generated from the EGDM
mixture model provides the best results for all the considered datasets. Moreover,
all the kernels generated from EGDM perform slightly generally better than those
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Table 7.2 Performance comparison of different generative kernels in detecting unusual event in
traffic flows

Accuracy (%) AUC
DCM + Fisher Kernel 65.96 0.6422
EDCM + Fisher Kernel 76.44 0.6972
EDCM + Bhattacharyya Kernel 64.91 0.5825
EDCM + Kullback-Leibler 66.90 0.6479
EDCM + Bhattacharyya Kernel (MC) 65.44 0.6032
EDCM + Kullback—Leibler(MC) 66.80 0.6411
EDCM + Rényi Kernel 70.18 0.6632
EDCM + Jensen—Shannon 67.92 0.6655
GDM + Fisher Kernel 73.33 0.7101
EGDM + Fisher Kernel 79.66 0.7632
EGDM + Bhattacharyya Kernel (MC) 75.87 0.7323
EGDM + Kullback-Leibler (MC) 75.55 0.7277
EGDM + Rényi Kernel 76.66 0.7473
EGDM-+ Jensen—Shannon 78.87 0.7537

Table 7.3 Performance comparison of different generative kernels in detecting anomaly in
crowded scenes

Pedl Ped2

Accuracy (%) | AUC Accuracy (%) | AUC
DCM + Fisher Kernel 74.62 0.7245 | 80.35 0.7207
EDCM + Fisher Kernel 75.85 0.7444 | 82.59 0.7544
EDCM + Bhattacharyya Kernel 76.53 0.6979 | 87.57 0.8007
EDCM + Kullback—Leibler 77.36 0.6999 | 84.83 0.7828
EDCM + Bhattacharyya Kernel (MC) | 75.90 0.7212 | 84.55 0.7765
EDCM + Kullback-Leibler (MC) 76.00 0.7200 | 83.88 0.7643
EDCM + Rényi Kernel 78.47 0.7167 |84.33 0.8134
EDCM + Jensen—Shannon 78.56 0.7038 | 83.58 0.8184
GDM + Fisher Kernel 82.72 0.7076 | 86.31 0.8999
EGDM + Fisher Kernel 86.86 0.7513 | 88.55 0.9000
EGDM + Bhattacharyya Kernel (MC) | 85.00 0.7244 | 84.30 0.8187
EGDM + Kullback-Leibler (MC) 85.50 0.7444 | 84.50 0.8329
EGDM + Rényi Kernel 85.33 0.7209 | 84.83 0.8299
EGDM+ Jensen—Shannon 85.28 0.7402 | 85.80 0.8234

generated from EDCM. This can be interpreted by the flexibility of this recently
proposed finite mixture model and it is ability to fit better the extracted feature
vectors.

For classifying traffic scenes based on density (Table 7.1), the result obtained
using Fisher kernel based on EDCM is, indeed, similar to the one reached by
the SVM approach with GDM Fisher kernel. Table 7.2 displays the classification
results for the QMUL dataset. For this dataset, the Rényi kernel generated from
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Table 7.4 Performance comparison of different generative kernels in recognizing human—human
interaction

Accuracy (%) AUC
DCM + Fisher Kernel 79.63 0.7000
EDCM + Fisher Kernel 80.00 0.7544
EDCM + Bhattacharyya Kernel 80.00 0.7273
EDCM + Kullback-Leibler 79.20 0.7143
EDCM + Bhattacharyya Kernel (MC) 79.50 0.7256
EDCM + Kullback-Leibler (MC) 79.00 0.7173
EDCM + Rényi Kernel 81.67 0.8700
EDCM + Jensen—Shannon 83.33 0.8091
GDM + Fisher Kernel 85.00 0.8166
EGDM + Fisher Kernel 88.35 0.8767
EGDM + Bhattacharyya Kernel (MC) 82.88 0.8093
EGDM + Kullback-Leibler (MC) 83.40 0.8152
EGDM + Rényi Kernel 81.67 0.7800
EGDM+ Jensen—Shannon 83.33 0.8091

Table 7.5 Performance comparison of different generative kernels in recognizing human action
in video sequences

Accuracy (%) AUC
DCM + Fisher Kernel 69.29 0.6257
EDCM + Fisher Kernel 74.07 0.6326
EDCM + Bhattacharyya Kernel 72.62 0.6858
EDCM + Kullback—Leibler 78.24 0.7290
EDCM + Bhattacharyya Kernel (MC) 72.62 0.6858
EDCM + Kullback-Leibler (MC) 76.50 0.7233
EDCM + Rényi Kernel 76.21 0.7014
EDCM + Jensen—Shannon 76.93 0.6905
GDM + Fisher Kernel 70.53 0.6227
EGDM + Fisher Kernel 79.97 0.7500
EGDM + Bhattacharyya Kernel (MC) 76.00 0.6710
EGDM + Kullback-Leibler (MC) 76.49 0.6986
EGDM + Rényi Kernel 75.87 0.6863
EGDM+ Jensen—Shannon 78.20 0.6903

EGDM outperforms the other kernels with a very close result to the one reached
by the SVM approach based on EGDM Fisher kernel. The classification results
related to UCSD ped1 and ped?2 sets are summarized in Table 7.3. For both datasets,
we can notice that the different kernels generated from each distribution perform
comparably. It is noteworthy that the Rényi and Jensen—Shannon kernels based
on EDCM perform slightly better on UCSD ped1 than other kernels including the
Fisher kernel generated from the same. For UCSD ped2, considering the accuracy,
the Bhattacharyya kernel generated from the EDCM clearly outperforms the other



144 N. Zamzami and N. Bouguila

Table 7.6 Comparison Approach Accuracy

results based on accuracy of - -

our method to the state of the Linear dynamical systems (LDS) [68] 87.50%

art for UCSD traffic dataset Compressive sensing LDS (CS-LDS) [68] 89.06%
Probabilistic kernels (KL-SVM) [15] 95.00%
Spatio-temporal orientation analysis (SOA) [77] | 95.20%
NLSSA-RBF kernel [3] 94.20%
DNLSSA-RBF kernel [3] 94.50%
Proposed method: EGDM + Fisher kernel 96.15%

Table 7.7 Comparison Approach AUC

results based on AUC of our -

method to the state of the art Social force [57] 0.1790

for UCSD ped1 dataset MPPCA [41] 0.2050
SF-MPPCA [41] 0.2130
Mixture of dynamic texture (MDT) [53] 0.4410
Sparse [19] 0.4610
Sparse + LSDS [19] 0.4870
Proposed method 1: EGDM + Fisher kernel 0.7513
Proposed method 2: EDCM + Fisher kernel 0.7444

kernels despite the fact that the Fisher kernel based on EGDM performs generally
slightly better. The same conclusion is valid for the UT interaction and KTH human
actions datasets as shown in Tables 7.4 and 7.5, respectively. For these two datasets
we can notice that the different kernels generated from each generative model
perform slightly similarly, and the kernels generated from EGDM outperform the
ones generated from EDCM.

Furthermore, we compared the obtained results with other methods from the
literature for UCSD traffic and UCSD pedl datasets, in Tables 7.6 and 7.7,
respectively. According to the considered measures, i.e., accuracy and AUC, our
approach achieves competitive results to the state of the art as we can notice that the
proposed methods attain the highest metrics.

7.5.3 Results Using Fully Generative Models and
Discriminative Techniques

In this section, the experiments are conducted based solely on our generative
models by fitting different models to the local descriptors directly. The results of
this experiment are shown in Table 7.8. According to the results, it is clear that
hybrid models improve the classification accuracy compared to their fully generative
counterparts. For instance, the accuracy of classifying the QMUL traffic dataset
by fitting EDCM and EGDM directly to the descriptor is 66.43% and 75.19%,
respectively, which have been improved to 76.44% and 79.66% when using SVM
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Table 7.8 Besults when DCM | EDCM | GDM | EGDM
deploying directly the UCSD traffic | 76.43 | 78.14 | 80.18 | 88.98
generative models to the traffic : : : :
different datasets QMUL traffic | 63.22 | 66.43 |70.50 |75.19
UCSD pedl 70.47 |73.94 | 73.59 |79.77
UCSD ped2 65.72 | 68.51 66.58 | 71.97
UT interaction | 74.31 | 77.30 76.60 | 80.00

KTH actions 67.25 17099 |68.26 |74.80

90 T T T T T T

Accuracy (%)

Fig. 7.6 k-nearest neighbors K-NN accuracy for all tested datasets (k =5)

with a kernel based on EDCM and EGDM Fisher score. This can be explained by
the main idea of the Fisher kernel which is to exploit the geometric structure of the
statistical manifold by mapping a given individual sequence of vectors into a single
feature vector, defined in the gradient log-likelihood space.

Note that the pure discriminative approach, i.e., SVM with classic kernels, cannot
be applied using the previous approach, since each video/frame is represented
now by a set of vectors. Thus, we considered the so-called bag-of-features (BoF)
approach based on the frequency of visual words [20], where each object can be
represented as a histogram of frequent features. In our experiments, each dataset was
randomly splitted into 60:40 to construct the visual vocabulary and representation.
The classification results using two widely used discriminative approaches, namely
k-nearest neighbor and SVM with a classic kernel (i.e., radial basis function (RBF)),
are shown in Figs.7.6 and 7.7, respectively. According to the results, kernels
generated from the generative models have provided good and promising results
as compared to state-of-the-art discriminative techniques.
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Fig. 7.7 SVM accuracy for all tested datasets considering a classic kernel (RBF)

7.6 Conclusion

In this work, we have developed a hybrid generative discriminative framework to
tackle the problem of modeling and classifying count data. In particular, we derived
probabilistic kernels from the exponential approximation to both the Dirichlet com-
pound multinomial (EDCM) and the generalized Dirichlet multinomial (EGDM).
The proposed approaches are motivated by the flexibility and efficiency of these
generative models, as well as the advantages of both SVMs and finite mixture
models. Our experiments concerned classifying video sequences and frames from
surveillance scenes for different purposes. The obtained results have shown that the
developed kernels are promising and could be then applied for other classification
problems that involve count vectors. According to the results, we can say also that
the EGDM has better modeling capabilities than EDCM finite mixtures, and both
outperform their corresponding models.

Appendix 1: Proof of Eq. (7.18)

It is possible to compute the Bhattacharyya kernel in closed form for densities that
belong to the exponential family of distributions, as:

Kpn = exp E¢(®)+%Cb(@’)—d)(%®+%®/)] (7.27)
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In the case of EDCM, we can show that:
1
Kpu = exp |:§ (log'(s) —log'(s +n)) + = (log I'(s)y —logI'(s’ + n))

1 1 1
— log F(Es + ES/) + log F(E(S +n+s + n)):|

TG +n+s +m)VTEIE)
B F(%s + %s/)\/l"(s TG +n)

(7.28)

Appendix 2: Proof of Eq. (7.22)

The KL-divergence between two exponential distributions is given by [38].

KL(p(X|®), p(X|0)) = &(0) — ®(©") +[G(©) — G(O)]" EelT (X)],
(7.29)

where Eg is the expectation with respect to p(X|®). Moreover, we have the
following [11]:

EolT(X)] = —'(®). (7.30)

Thus, according to Eq. (7.6), we have:

[Z[(xd > 1)] aq)(o) - \P(Zad +n) — \D(Zad) (7.31)

d=1 d=1

wheren = ) 511)= 1 X4, and W (.) is the digamma function. By substituting the previous
two equations into Eq. (7.29), we obtain:

KL(p(X|0),q(X|0")
=log (I'(s)) — log (T'(s")) — log (I'(s + n)) + log (I'(s" + n))

+ Z (W(Zad +n) — W(Z“d)) (g — o)
d=1

ror(s+m] 2
)W +n) =) (@ —ap.  (732)

=log| ——————
PN +n) | 4o
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Appendix 3: Proof of Eqs. (7.24) and (7.25)
Renyi kernel is given by:

+00
Kr(p(X|©), p'(X|0") = [fo p(X|®)? p'(X|©)!7dx

+oo A/(1—0)
x / p’(X|®’)Up(X|®)1_0dX] . (7.33)
0

In case of EDCM, we can show that:

+00
/ p(X|©)° p'(X|®)' 7 dX
0

_ [ F(Z(?=1 ag) ]0[ F(Z[?Zl o) ]l—a
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X
0 1_[51):1 Xd g1
(7.34)

We have the PDF of an EDCM distribution that integrates to one which gives:

+00 ! D r
" Tagdx = T6+m
I'(s)

(7.35)
0 Hcli):l Ad g—1

By substituting Eq. (7.35) into Eq. (7.34), we obtain:

+oo
f p(X|©)7 p'(X|©)'7dx
0

=[ I'(s) ]o[ I'(s") ]l—axF(O’S—i—n)r((l—o')s’_kn)'

I'(s +n) I'(s"+n) F'es)I'((1 —o)s))
(7.36)
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Similarly, in case of EGDM, we can show that:

+00 D aaBa or D o ’3, 1—0
/ p(X|0)° p'(X|®) 7dXx = [H —i| [H A]
0

/ I
a1 TPl Ly oyt By

X/+°°[ n! 19[ T'(zq) ]de
0 M2 xa oy Txa +za)

X/+°°[ n! 12[ T'(zq) ]de
0 M2 xa j_; Txa +za) '

(7.37)

Then considering that the PDF of an EGDM distribution integrates to one, we have:

T pl CEE e _ 12[ oq + Ba

o TIiixa j; TGa+2a) aapa

(7.38)
d=1

and by substituting Eq. (7.38) into Eq. (7.37), we obtain:

fm (X|©)° ’(X|®’)1—0dx—[ﬁﬂ]"[ﬁ By ]“’
0 p D - 4o od + Ba dzl"‘(/ﬁﬂé
D

y 1—[ (oag +0opa)(1 — o), + B))
o(@aBa)(l —o)ayBy)

d=1
(7.39)
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Toward an Efficient Computation of e
Log-Likelihood Functions in Statistical
Inference: Overdispersed Count Data
Clustering

Masoud Daghyani, Nuha Zamzami, and Nizar Bouguila

Abstract This work presents an unsupervised learning algorithm, using the mesh
method for computing the log-likelihood function. The multinomial Dirichlet distri-
bution (MDD) is one of the widely used methods of modeling multicategorical count
data with overdispersion. Recently, it has been shown that traditional numerical
computation of the MDD log-likelihood function either results in instability or
leads to long run times that make its use infeasible in case of large datasets. Thus,
we propose to use the mesh algorithm that involves approximating the MDD log-
likelihood function based on Bernoulli polynomials. Moreover, we extend the mesh
algorithm approach for computing the log-likelihood function of a more flexible
distribution, namely the multinomial generalized Dirichlet (MGD). We demonstrate
the efficiency of this method in statistical inference, i.e., maximum likelihood
estimation, for fitting finite mixture models based on MDD and MGD as efficient
distributions for count data. Through a set of experiments, the proposed approach
shows its merits in two real-world clustering problems, namely natural scenes
categorization and facial expression recognition.
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8.1 Introduction

The analysis of categorical data, or count data, has huge number of applications in
different fields such as machine learning, computer vision, big data analysis, pattern
recognition (e.g., [1, 4, 8, 53]). The Poisson distribution is a primary distribution
for modeling count data that has an equal mean and variance (equidispersion).
However, in many practical situations this assumption is not valid as real data
exhibits the phenomenon of overdispersion (i.e., the variance of the count variable
exceeds its mean) [39]. Consider, for example, an image represented using bag-of-
features approach where some of the features appear too many times and others
appear less frequently or do not appear at all making the variance greater than
the mean. For addressing this issue, the negative-binomial distribution has been
widely used in high-throughput sequencing data [2, 18]. Moreover, multinomial
(MN) distribution is another fundamental model in count data analysis which is
useful for analyzing count proportions between multiple categories. However, in real
data we encounter another phenomenon caused by dependencies or the similarity of
responses of members of the same cluster. This leads to extra-multinomial variation
[17], i.e., overdispersion with respect to the MN distribution. Thus, the multinomial
distribution has been extended to the multinomial Dirichlet distribution (MDD)
[34, 38] to model the overdispersion of the MN distribution. The MDD distribution
has been used in various fields, including topic and magazine exposure modeling
[20, 32, 43], word burstiness modeling [28], and language modeling [27]. The
generalized Dirichlet multinomial distribution (MGD) [4] has been also considered
for more flexible modeling of count data with overdispersion.

On the other hand, given the importance of count data, there have been numerous
efforts for analyzing this kind of data using both supervised and unsupervised
learning approaches. Finite mixture models [30] are among the most widely used
techniques for unsupervised learning, i.e., clustering. In fact, many studies have
proved that the adoption of discrete finite mixture models can have higher perfor-
mance as compared with other common used approaches such as neural networks
and decision trees [45]. Finite Mixtures are popular for modeling univariate and
multivariate data [31]. Novel machine learning applications have changed the
direction of the current research activities from working on mixtures for continues
data to other types of data such as binary or integer-valued features [36] applied in
text classification and binned and truncated multivariate data [7]. In the majority of
the cases, the probability density functions (PDFs) of mixture models are considered
to be Gaussian, which is not the best choice, specially where the partitions are
clearly non-Gaussian [3]. For example, it has been shown that in the case of
modeling discrete data in computer vision, Gaussian assumption is an inadequate
choice, and most of the researchers use the multinomial distribution [36, 46].

To fit finite mixture models to the observed data, the most common method
used is the expectation—-maximization (EM) algorithm, for locating a maximum
likelihood (ML) estimation of the mixture parameters [14]. Indeed, the log-
likelihood function plays an essential role in such statistical inference method
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[9, 35]. Thus, Yu and Shaw [52] proposed a novel parameterization of the MDD log-
likelihood function based on a truncated series consisting of Bernoulli polynomials,
and developed a mesh algorithm for computing this log-likelihood to extend its
applicability. In this work, we first adopted this mesh algorithm for the computation
of the MDD log-likelihood within a mixture model framework. Afterwards, we
extended the approach in [52] to reparameterize the MGD log-likelihood function,
along with utilizing the computation of log-likelihood using mesh algorithm in the
parameter estimation process.

The remainder of this chapter is organized as follows: Section 8.2 reviews the
parameterization of the MDD log-likelihood function that allows smooth transition
from the overdispersed to the non-overdispersed case, and Sect. 8.3 discusses
the MGD distribution and proposes its new parameterization. In Sect. 8.4, we
describe the mesh algorithm for computing the log-likelihood functions. In Sect. 8.5
we discuss clustering using finite mixture models. Section 8.6 is devoted to
experimental results, and we end the chapter in Sect. 8.7 with some concluding
remarks.

8.2 Computing the MDD Log-Likelihood Function

In this section, we first discuss the multinomial Dirichlet distribution (MDD) in
details. Later on, the approximation of the paired log-gamma difference of the log-
likelihood function is explained.

8.2.1 The Multinomial Dirichlet Distribution

We assume that O = (Oq,..., Oy) is a finite set of abstract objects and e =
(e, ..., ex) the domain of some events. Also, we consider that the counts for each
object O; are available as a co-occurrence vector X; = (X;1,..., X;k), where
X;; refers to the number of times events e; happens in the object O;. Hence, we
represent the object by X supposing that X follows a multinomial distribution.
However, using frequencies for obtaining the probabilities gives a weak estimation,
due to the fact that the events are considered independent, which is not always true
[10, 19]. Several attempts have been made to address this issue. Teevan and Karger
discovered a model that fits discrete vectors in an exponential family of models
[44]. Rennie et al. tried to reduce the impact of dependency by log-normalizing the
counts [41].

Consider the observations (vector of counts) X = (Xi,..., Xk), satisfying
Zle Xy = N,and P = (P, ..., Py) satisfying Zle P, = 1, where Py is the
probability of seeing the kth feature. The probability mass function (PMF) of K
categories of the MN distribution having N-independent trials is given by:
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N K

MEXP) = ——— [ P 8.1)

k=1 X! k=1

The Dirichlet distribution is a conjugate prior of P. Suppose the random

vector P = (Py,..., Py) follows a Dirichlet distribution with parameters ¢ =
(a1, ..., o), the joint density function is equal to [23]:
ra  r
DPr.....P) = ———— [ [ PV (8.2)

1_[]{(:1 F(O(k) k=1

where I' (o) is the gamma function and A = Z,le .

The marginal distribution of X is obtained by taking the integral of the product of
the Dirichlet prior and the multinomial likelihood, with respect to the probabilities
P [34]:

MDD(X|o) =

N! T'(A) ﬁr(ak+xk) 53

[T, Xt TA+N) L4 Tew)

We call this density the MDD (multinomial Dirichlet distribution) and the mean
and variance of this distribution are given by [34]:

E(X;) = |Xaﬁ (8.4)

IXI(X| = Dai(loef —ei) | X

VarX) = = e+ D o

(8.5)

A special case of the MDD distribution with just two parameters (K = 2)
is named the beta-binomial distribution that has been widely studied by [16, 24].
By taking the logarithm of both sides of the above equation, we achieve the log-
likelihood function:

InL(P,y; X) =—(UnT'(A/Yy + N) —InT'(1/9))

d v ¥
+Z<1nr<1/ﬁ+xk) —lnF(l/ﬁ)> (8.6)

k=1

where ¥ = 1/A and p = Y. In this work, we call ¢ the overdispersion parameter,
which has a direct relation with the variance, and specifies the difference between
a MDD distribution and its corresponding MN distribution in the same probability
category. This formula has some deficiencies including that it is undefined for ¢ =
0, also it is unstable when ¢ — 0, since each InI" term becomes very large, and
the paired differences become relatively small which result in computation errors.



8 Toward an Efficient Computation of Log-Likelihood Functions in Statistical. . . 159

The mesh algorithm, proposed in [52], applies a new formula based on a truncated
series consisting of Bernoulli polynomials to solve the instability problem without
incurring long run times.

8.2.2 Approximating the Paired Log-Gamma Difference in
MDD Log-Likelihood Function

As proposed in [52], we use the approximation of the paired log-gamma difference
method and the properties of analytic functions as follows [6, 42]:

In'(1/x+y) —InT'(1/x) = —ylnx + Dy, (x, y) (8.7)

when y is an integer, [x| min(|y — 1], |y]) < 1, xy < § and:

m D¢,
Dy(x,y) =) %—fl()y)x@—“ (8.8)
where
¢n(y) = Bn(y) — By (89)

is the old type Bernoulli polynomial [48], B, (y) and B, indicate the nth Bernoulli
polynomial, and nth Bernoulli number (B,, = B, (0)), respectively.

Using floating-point arithmetic, high order polynomials are hard to compute [13].
Hence, we cannot use too large m’s, because the error of each terms of D,,(x, y)
may be large, which eventually makes it inaccurate. Following Yu and Shaw [52],
for computing the log-likelihood of the MDD distribution using the mesh method,
we used m = 20, as it makes ¢, (y) (n < m) numerically accurate. We also choose
8 = 0.2 that results to an error bound of ~1.30 x 10~!¢, which is just little less than
the machine epsilon double precision data type ~2.22 x 1071,

Let XT be the vector of the non-zero elements in X;, PT be a vector of the
corresponding elements in P, and K be the length of X, then Eq. (8.6) becomes:

InL(PT,y; XT) = —(]n I'd/y¥ +N)—1In r(l/w))

K§<1nr(1/ P +X+) —1nr(1/Pik+)>

k%

(8.10)




160 M. Daghyani et al.

As mentioned earlier, when condition xy < § is met, we can use the approxima-
tion in Eq. (8.7) for all K+ + 1 paired log-gamma differences in Eq. (8.10), as [52]:

InLPY,¢¥; XT)~ —(=NIny + D, (y, N))
K+
¥ ¥
+ ( — X'In <—> + D, (— X+>>
1; k Pk+ Pk k

K+
v
=—D,(¥,N) + § <X+ Inp;" + D, (— X+>>
— k k Pk+ k
(8.11)

8.3 Computing the MGD Log-Likelihood

In this section we discuss the MGD distribution in sufficient details. Then, we
propose the approximation of the paired log-gamma differences technique for
computing the MGD log-likelihood function.

8.3.1 The Multinomial Generalized Dirichlet Distribution

Despite its flexibility and its several interesting properties, such as the consistency
of its estimates as a prior, the fact that it is conjugate to the multinomial, and its ease
of use, the Dirichlet distribution has a very restrictive negative covariance structure
that makes its use as a prior in the case of positively correlated data inappropriate.
Another restriction of the Dirichlet distribution is that the variables with the same
mean must have the same variance [22]. Recent works have shown that all these
disadvantages can be handled by using the generalized Dirichlet distribution which
has many convenient properties that make it more useful and practical, as a prior to
the multinomial, than the Dirichlet in real-life applications [4, 50].

Define X = (Xy,..., Xg+1) as an overdispersed vector of counts of K + 1
events. Then, the composition of the generalized Dirichlet and the multinomial gives
the multinomial generalized Dirichlet (MGD), as [4]:

K

T(N + 1) 15[ (o + Br) I T'(@))T(B})
[TFH T (X + 1) o T@OT (B 4 Ty + Bp)

MGDX|a, B) = (8.12)

k=1

where o = o + Xi, and B, = Br + Xjp1 + -+ + Xgq1 fork = 1,..., K.
Given that the generalized Dirichlet includes the Dirichlet as a special case, MGD
is reduced to a MDD when B; = ag+1 + Br+1-
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The mean and the variance of the generalized Dirichlet distribution satisfy the
following conditions [11, 49]:

E(P) = +ﬁknaz+ﬂz (8.13)
Var(P,) = E(P, o + | ]ﬁ Pl gy (8.14
ar(Py) = (k)<05k+,3k+ll_l(¥l+,31+1 (k) 14)

and the covariance between Py; and Py is:

ki—1
Qe B +1
Cov(Py1, Pr2) = E(Pk2)< - E(Pk1)> (8.15)
arl + B + 1 111 a+ B +1

Like the Dirichlet, the generalized Dirichlet is conjugate to the multinomial dis-
tribution but has a more general covariance structure than the Dirichlet distribution
and the variables with the same mean do not need to have the same variance [4, 5],
thus, it is more practical to be used in modeling data with overdispersion. Moreover,
it remains K degrees of freedom, which makes it more flexible for several real-world
applications [21].

8.3.2 Approximating the Paired Log-Gamma Difference in
MGD Log-Likelihood Function

The first term on the right side of Eq. (8.12) does not depend on the parameters
« and B. For the maximum likelihood estimation, we are not interested in the first
term but in the product of the remaining two terms of the MGD likelihood function
in Eq. (8.12):

1£[ T ( + Br) 15[ T(@))T(B})

B X) = 8.16
@ B0 =1 raoreg L v+ ) (®10

By taking the logarithm of both sides of Eq. (8.16), we get the log-likelihood
function, as:

K
In L(e, B; X) = Z(lnr(ak + Br) — InT' (o) — InT'(By))

k=1
(8.17)

K
+ > —(InT(e; + B) —InT(e}) — InT(B)))
k=1
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Similar to the case of MDD, we consider the parameter i as the overdispersion
parameter that gives the MGD distribution the ability to capture data variation.
Using ¥ = 1/A, where A = E _ o and P = vyra, thus, Eq. (8.17) becomes:

K

vy ¥ _ LA
lnL(P,w,ﬁ,X)_k§<lnF<l/Pk+,8k> 1nr<1/Pk> lnl"(ﬁk))

2 (o (v () +2)

v /
() )

Considering X+, PT, g+, g’ " Vectors of non-zero elements in X, P, B, and B,
respectively, where K T is the length of X T, then, Eq. (8.18) becomes:

K+
InL(PT, ¢, g X1) = Z InT (1/1;”+ +;3,j) —InT (1/}1”) —InT(B")

k=1 k k

*

KTt
~(or (e +#) - (g )) - )
+> <lnr(l/<Pk++Xk+¢f>+ﬂk Inl'(1/ e InT(B;F)

*%k

(8.19)

Similar to the approach in [52], if the condition xy < § is met, we can use

the approximation (8.7) for all K+ (**) and K (*) paired log-gamma differences
in (8.19):

Kt
1n.£(P+,w,/3+;X+)=Z(( B In( 4 )+ Dn (‘Z B — InT(By ))

k=1

1/’ v +

(8.20)
Here, we also used the same values for m = 20 and § = 0.2 used for MDD.
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8.4 The Mesh Algorithm for Computing the Log-Likelihood
Functions

As discussed earlier, when condition xy < § is met, it is possible to make use of the
approximation in Eq. (8.7) for optimizing the log-gamma difference in computing
the MDD and MGD log-likelihood functions. However, when some of the terms in
Egs. (8.10) and (8.19) do not meet this condition, we may use the mesh algorithm,
in which we rewrite the vector X into a sum of L terms, choosing the terms to meet
the following condition:

L
x=> x® (8.21)
=1

For convenience, we define the choice of X @ as below:

)

a(l)za—i—ZX(i), forl =0,...,L (8.22)
i=1
l .

,3<1>:5+Zx<’>, forl=0,...,L (8.23)

i=1

and the following relation between the adjacent a")’s and 8)s:

a4 xO gD fori=1,...,L (8.24)
B 4+ xO =D fori=1,...,L (8.25)
or
PV =D 4 xO = pO O forj=1,...,L (8.26)
and we also have:
1 I« o
T=—+ZN , forO=1,...,L (8.27)
v v i=1

11
YO T =D

+ND fori=1,...,L (8.28)
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For all ¢ € [0, 400] we have:

1
—_——  ify >1
l . —
% + i N®
v = (8.29)
14 .
p [ (@)
L4yl X
v i=1 .
Lyt NGO iy =l
v i=1
PO = (8.30)
Ly
p+vd i X .
rys e Ev e

Then, for evaluating the log-likelihood function for MDD and MGD, respec-
tively, we use:

L
L(P,y; X) =Y InLPDT yl=h; xOF) (8.31)
=1

L
InL(P, . B: X) =Y In LU=V 4= gl=b, xOF, (8.32)
=1

Each of the L terms in the above formulas can be computed using Eq. (8.11) for
MDD and Eq. (8.20) for the MGD. This method is called the mesh algorithm
[52], since the log-likelihood of the functions (8.31) and (8.32) can be evaluated
incrementally on a mesh. The mesh algorithm for computing MDD and MGD log-
likelihood functions can be described as follows:

* First, we generate the mesh using the following formula:
x® = o Vs (8.33)

* Next, we select the level of the mesh L, so it would be the smallest integer
satisfying:

L
ZX,-(Z)EXi, fori=1,...,k (8.34)
=1
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In this work, we used the level of mesh for MDD model L = 3 as in [52], and
we found experimentally that the best level of mesh for MGD is L = 5.

. L L .
* Afterwards, we adjust X, such that ) ;7 X O = X;, and all the remaining

i
Xl.(l) (I > L;.) will be set to zero. That is, we end the mesh totals to match X;
exactly, given L;. the smallest number satisfying:

’

Li
ZXZ-(Z)EXi, fori=1,...,k (8.35)
=1

e Then, we use Eqs. (8.11) and (8.20) to compute the MDD and MGD log-
likelihood functions, respectively.

8.5 Finite Mixture Models Learning

Finite mixture modeling is one of the formal approaches for clustering. A finite
mixture model with M components can be defined as:

M
P(X|®) = > P(X|j; 6§)P(j) (8.36)
j=1

where symbol © is the entire set of parameters that needs to be estimated, 6j is the
vector parameter for the jth population, P () are the mixing proportions, satisfying
0 < P(j) <1and Z;VIZI P(j) = 1. The maximum likelihood (ML) technique
has been the most popular method for estimating the parameters which determine
a mixture, within the last two decades [40]. Considering a set of N independent
vectors X = (X, ..., XN), the problem of estimating ® using the ML estimation
becomes:

Oy = arg max, P(X|©) (8.37)
where
N M
PX|©) =[] PXilj; ) P(j) (8.38)

i=1j=1

After taking logarithm on both sides of the above equation, we have:
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N M
O(X, ©) = Zlog(ZP(Xiu;aj)P(j)) (8.39)

i=1 j=1

For learning the mixture parameters, we use the expectation—-maximization (EM)
algorithm, which is an iterative algorithm for obtaining the local maxima of the
likelihood function [14], and it relies on the interpretation of X as incomplete
data [29].

The EM algorithm consists of the following two steps:

1. E-step: in which we compute the posterior probabilities, as:

PV Xl a) PV ()

PO(jIXi; o) = (8.40)
ST M PeD (X ) POV ()
2. M-step: Updates the parameters estimation as:
6" = arg max, o (X, 00D (8.41)

For estimating the parameters «; for MDD, «; and 8; for MGD, by setting the
derivatives of the log-likelihood to zero, it can be seen that there are no closed
form solutions, because of the existence of some terms such as I'(«;) and I'(5;) in
both models. Therefore, we use an iterative gradient descent optimization method
by computing the gradient of the MDD likelihood, along with two bounds in
equations [28, 33]. For the MGD, we use the Newton—Raphson method to estimate
its parameters as proposed in [4].

Our initialization method can be described as follows:

. Generate the vector of parameters «; and 8; randomly, for each component ;.

. Apply the K-means algorithm, to assign each data point to one of the existing
clusters, with the assumption that the current model is correct.

3. Initialize the mixing proportions P (j) such that:

DN —

number of elements in cluster j

P(j) = N

where N is the number of data instances.

The summary of the EM algorithm for learning MDD or MGD, finite mixture
model parameters is outlined in Algorithm 1.
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Algorithm 1: EM algorithm for learning the mixture models parameters

Input : K-dimensional data set with N vectors X = {X{, ..., Xy}, pre-specified number
of clusters M

1 State Initialize the set of parameters ®, as discussed above.

2 repeat

3 State {E-step}

4 fori < 1to N do

5 for j < 1to M do

6 Compute the posterior probabilities:

PO Xilj; ) POV ()
Y PUD(X;]js ) PED ()

PO(jIXi; ) =

where PU~D(X;|/; ;) is computed using the mesh algorithm discussed in
Sect. 8.4.

7 end

8 end

9 until convergence;
10 State {M-step}
11 for j < 1to M do

12 ‘ Update the model parameters according to Eq. (8.40)
13 end

8.6 Experimental Results

In this section, we validate the performance of the proposed approach in clus-
tering count, multicategorical, and overdispersed data with the MDD and MGD
distributions, via two different applications: natural scenes categorization and facial
expression recognition. In each application, we compare the accuracy of clustering
different datasets, using the normal method and the mesh algorithm for the log-
likelihood calculation.

For pre-processing, we used the SIFT (scale-invariant feature transform) [25]
for feature extraction and the bag-of-features (BoF) [12] for representation. BoF
is based on the frequency of visual words, provided from a visual vocabulary,
which is obtained by the quantization (or histogramming) of local feature vectors,
computed from a set of training images. All the 128D descriptors calculated by
SIFT are binned into a collection of local features. Afterwards, K-means is used
to cluster the extracted vectors to build the visual words vocabulary. Then, every
image in the datasets was represented by a vector, indicating the number of a set
of visual words, coming from the constructed visual vocabulary. Since we used
the iterative EM scheme, the initial parameter values might affect the convergence
and the overall outcome. Hence, we run each model over 100 times with different
random initializations in order to have optimum results.



168 M. Daghyani et al.
8.6.1 Natural Scenes Categorization

Image clustering is one of the most crucial topics in computer vision. In this
experiment, we investigate the mesh algorithm’s performance by scene clustering,
which is a challenging application in the sense that in the real-life environment,
they could be captured in various positions, distances, colors. Moreover, high
probability of misclustering could be caused because of the noises that come from
the background surroundings, which might have similar features as our natural scene
targets.

In our experiments, we considered three different scene image datasets: SUN,
Oliva and Torralba, and Fei-Fei and Perona. Each dataset was split with 80:20 ratio,
to form the visual vocabulary and representation.

SUN dataset is a subset of the extensive Scene UNderstanding (SUN)
database![51] that contains 899 categories and 130,519 images. We use 1849
natural scenes belonging to six categories (458 coasts, 228 rivers, 231 forests, 247
fields, 518 mountains, and 167 sky/clouds). The average size of the images is 720 x
480 (landscape format) or 480 x 720 (portrait format). Samples from the considered
subset are shown in Fig. 8.1.

Oliva and Torralba (OT) dataset [37] contains 2688 images clustered as
eight categories: 360 coasts, 328 forests, 374 mountains, 410 open countries, 260
highways, 308 inside of cities, 356 tall buildings, and 292 streets. The average size
of each image is 250 x 250 pixels. The last dataset is Fei-Fei and Perona (FP) [15],
which includes 13 categories, only available in gray scale. This dataset consists of
2688 images (eight categories) of the OT dataset plus: 241 suburb residences, 174
bedrooms, 151 kitchens, 289 living rooms, and 216 offices. The average size of each
image is approximately 250 x 300 pixels. Examples of images from these datasets
are given in Fig. 8.2.

Table 8.1 represents the average clustering accuracies, using both the normal
and mesh approach. As we can see, there are considerable improvements when we
implemented our clustering algorithm using the mesh method. Among the tested

Fig. 8.1 Sample images from the six categories in SUN dataset [51]

Thttps://groups.csail.mit.edu/vision/SUN/.
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Fig. 8.2 Example images from two of the used datasets. First row from OT [37], the second row
contains the extra categories included in Fei-Fei and Perona dataset [15]

Table 8.1 Clustering Model MDD MGD

Accuracy using MMD and

MGD with normal and mesh Method Normal | Mesh Normal | Mesh

log-likelihood calculation SUN 86.02% | 90.99% |88.82% |91.33%
Oliva and Torallba | 75.46% |79.12% |78.14% | 80.84%
Fei-Fei and Perona | 72.64% | 74.23% |75.67% | 76.80%

datasets, SUN had the highest accuracy of 86.02% and 90.99%, modeled by MDD,
using normal and mesh methods, respectively, from which we can observe an
improvement of 4.97% in the results when we implemented the mesh algorithm. The
highest clustering accuracy using the same dataset, modeled by MGD, using normal
method was 88.82%, following a 2.51% growth when implemented by the mesh
algorithm. The OT and FP datasets also experiment 3.66% and 1.59%, and 2.7%
and 1.13% increase in the clustering accuracies when applying the mesh method,
modeled by MDD and MGD mixture distributions, respectively.

In addition, Figs. 8.3, 8.4, 8.5 and 8.6 show the confusion matrices when
modeling the SUN dataset, with the MDD and MGD distribution, using the normal
and mesh algorithms, respectively. From these figures, we can see that the best
clustered objects are coast and mountain, which their accuracy has increased by
1.8% and 2.9%, and 2.9% and 0.1%, when using the mesh algorithm, modeled by
MDD and MGD finite mixture models, respectively. Furthermore, we can notice
that the misclassification between coast and river is happened because of having
some similar features. Likewise, for the other scenes with a considerable amount of
incorrectly clustered images: mountain and sky, and forest and field.

8.6.2 Facial Expression Recognition

Facial expression recognition is one of the most important topics in various fields
including computer vision and artificial intelligence. In fact, it is one of the most
challenging tasks in social and interpersonal communication, since it is a natural
way for human being to express emotions and therefore to show their intentions. The
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Accuracy: 86.02%

Coast 94.1 0.0 00 0.0 26.5 88
Field 0.0 0.0 0.0
Forest 0.0 0.0 0.0
Mountain 0.0 0.0 20.6
River 59 0.0 0.0 00 0.0

Sky 0.0 23 0.0 4.7 0.0
Coast Field Forest Mountain River Sky

Fig. 8.3 Confusion matrix for SUN dataset modeled by the MDD mixture, using normal method

Accuracy: 90.99%

Coast 0.0 0.0 15.9 6.1
Field
Forest

Mountain

River

Sky 0.0 23 0.0 23

Coast Field Forest Mountain River Sky

Fig. 8.4 Confusion matrix for SUN dataset modeled by the MDD mixture, using mesh method
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Accuracy: 88.82%

Coast 94.3 23 0.0 0.0 23.4 6.7

Field 0.0

Forest 0.0

Mountain 0.0

River B,
Sky 0.0 0.0 0.0 34 0.0
Coast Field Forest Mountain River Sky

Fig. 8.5 Confusion matrix for SUN dataset modeled by the MGD mixture, using normal method

Accuracy: 91.33%

Coast 0.0 0.0 19.1 6.7
Field
Forest

Mountain

River

Sky 0.0 0.0 0.0 34 0.0

Coast Field Forest Mountain River Sky

Fig. 8.6 Confusion matrix for SUN dataset modeled by the MGD mixture, using mesh method
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numerous number of expressions recognized in majority of the related databases
makes the task hard as compared with other image categorization applications.

In this experiment, we used two different facial expression datasets: MMI and
extended Cohn—Kanade (CK+). This time, each dataset was split into two halves, to
form the visual vocabulary and representation.

MMI [47] database includes 19 different faces of students and research staff
of 300 members of both genders (44% female), ranging in age from 19 to 62,
having either a European, Asian, or South American ethnic background. Currently
it contains 2894 image sequences where each image sequence has neutral face at
the beginning and the end, and each with a size of 720 x 576 pixels. We selected
the sequences that could be labeled as one of the six basic emotions. Removing the
natural faces results in 1140 images.

The extended Cohn-Kanade (CK+) [26] dataset consists of facial behavior
of 210 adults 18-50 years of age. Image sequences were digitized into either
640 x 490 or 640 x 480 pixel arrays with 8-bit grayscale value. We included all
posed expressions that could be labeled as one of the six basic emotion categories
which is about 4000 images (Table 8.2).

Examples from the used datasets are given in Figs. 8.7 and 8.8.

Table 8.3 demonstrates clustering accuracy, using MMD and MGD with normal
and mesh log-likelihood calculation. By applying the mesh method, we are again
having improvements when clustering both of the datasets as: 3.23% (MDD) and

Table 8.2 Facial recognition expression datasets description

MMI dataset CK+ dataset
Category Number of images Portion Number of images Portion
Anger 150 13.16% 342 9.5%
Disgust 212 18.60% 503 12.58%
Fear 150 13.16% 417 10.43%
Happiness 255 22.37% 993 24.83%
Sadness 192 16.84% 893 22.33%
Surprise 181 15.88% 852 21%

Fig. 8.7 Example images from MMI dataset [47]
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AL OS]

Fig. 8.8 Example images from CK+ dataset [26]

able 8.3 Cluserne Model | MDD MGD

ccuracy using an

MGD with normal and mesh Method | Normal | Mesh Normal | Mesh

log-likelihood calculation MMI 78.06% |81.29% | 80.64% | 82.58%
CK+ 71.08% | 73.96% |73.24% |74.96%

90
o 85 84.09
o~
° 81.08 80.65
> 80 80 80 80
S 80 78.38 77.27 788788 .74
3
=" . l

70

Anger Disgust Fear Happiness Sadness Surprise

Emotions
u Normal = Mesh

Fig. 8.9 Accuracy comparison of each cluster for the MMI dataset, modeled by MDD mixture
using both normal and mesh methods

1.94% (MGD) for MMI, and 2.88% (MDD) and 1.72% (MGD) for CK+. It is worth
mentioning that both of the applications are experiencing better results, when using
normal and mesh methods, modeled by the MGD mixture distribution.
Furthermore, Figs. 8.9 and 8.10 depict the accuracy comparison of each cluster
for the MMI dataset, modeled by MDD and MGD mixtures, respectively, using
both normal and mesh methods. From Fig 8.9, it can be observed that the
disgust, happiness, and surprise emotions have gained 2.7%, 6.82%, and 3.23% of
accuracy, respectively, when using the mesh algorithm. Moreover, Fig. 8.10 shows
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100 100
100
o 95
"5 20 86.36
g 85 81.1 81.1 80 80 81.82 78881.82
3 80 : 77.4 77.4
= 1l nm um 0H BB s
70
Anger Disgust Fear Happiness Sadness Surprise

Emotions
® Normal ™ Mesh

Fig. 8.10 Accuracy comparison of each cluster for the MMI dataset, modeled by MGD mixture
using both normal and mesh methods

that the happiness and sadness clusters are having 4.54% and 3.02% accuracy
improvements, when mesh algorithm is implemented.

8.7 Conclusion

In this book chapter, we have introduced the usage of a novel method, for the
computation of the log-likelihood functions, when clustering count, multicategorical
data with overdispersion. The proposed approach was highly motivated because
of the huge number of applications that involves such kind of data. The mesh
method generally reduces the error when computing the log-likelihood function,
and therefore increases the clustering accuracy. The effectiveness of this technique
has been shown experimentally through two applications: such as natural scenes
categorization and facial expression recognition. The presented procedure could
be also applicable to other applications such as text document modeling and
clustering, handwritten digit recognition, and bioinformatics including applications
to metagenomics data and protein sequencing.
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Chapter 9

A Frequentist Inference Method Based e
on Finite Bivariate and Multivariate Beta
Mixture Models

Narges Manouchehri and Nizar Bouguila

Abstract Modern technological improvement, revolutionized computers, progress
in scientific methods, and other related factors led to generate a massive volume of
structured and unstructured data. Such valuable data has potential to be mined for
information retrieval and analyzed computationally to reveal patterns, trends, and
associations that lead to better decisions and strategies. Thus, machine learning and
specifically, unsupervised learning methods have become the topic of interest of
much recent researches in data engineering. Finite mixture models as unsupervised
learning methods, namely clustering, are considered as capable techniques for
discovery, extraction, and analysis of knowledge from data. Traditionally Gaussian
mixture model (GMM) has drawn lots of attention in previous literature and has
been studied extensively. However, other distributions demonstrate more flexibility
and convenience in modeling and describing data.

The novel aspect of this work is to develop a framework to learn mixture
models based on bivariate and multivariate Beta distributions. Moreover, we
tackle simultaneously the problems of parameters estimation, cluster validation, or
model selection which are principal challenges in deployment of mixture models.
The effectiveness, utility, and advantages of the proposed method are illustrated
through extensive empirical results using real datasets and challenging applications
involving image segmentation, sentiment analysis, credit approval, and medical
inference.
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9.1 Introduction

During the last few decades, scientific and technological advances have created new
challenges as huge amounts of data are produced every day. To deal with large-scale
data which are explosively generated, a great deal of effort has been expended on
developing robust solutions to discover hidden valuable knowledge and recognize
significant facts, relationships, trends, patterns, and anomalies. Machine learning
has been studied extensively as a method to analyze the structure of complex
data and fit it into models that can be understood with the help of statistical and
computational approaches. Clustering as one of its main branches is a continuously
developing field and mixture models provide flexible and convenient classes of
models among the most statistically mature methods for clustering [1, 2]. In this
probabilistic method, each observation belongs to one of some number of different
groups. Despite their successful utilization in wide spectrum of research areas, there
are crucial challenges when deploying this technique such as selecting a flexible
mixture density which demonstrates more efficiency in modeling asymmetric data,
parameter estimation, determination of the proper number of clusters, and defining
model complexity. Most of the literature on mixtures concern Gaussian mixture
model (GMM) [3]. However, GMM is not a proper tool to express the latent
structure of non-Gaussian data. Recently, other distributions which are more flexible
have been considered as a powerful alternative [4—15].

In this work, we introduce unsupervised learning algorithms for finite mixture
models based on bivariate and multivariate Beta distributions which could be
applied in various real-world challenging problems. Our proposed learning frame-
work will deploy deterministic approaches such as maximum likelihood (ML) and
Newton Raphson methods via Expectation Maximization (EM). Furthermore, for
model selection, minimum message length (MML) criterion is validated to find
the optimal number of clusters inherent within real data sets. We evaluated our
clustering approach on different problems. In Sect. 9.2, we describe our framework
by introducing the bivariate and multivariate Beta distributions. Section 9.3 is
devoted to model learning and parameters estimation. In Sect. 9.4, we discuss model
complexity, specifically through minimum message length (MML). The learning
algorithm is summarized in Sect.9.5. Section 9.6 is dedicated to investigating
the performance of our framework by testing it on real data sets and real-life
applications. Finally, in Sect. 9.6 we conclude our work and highlight some future
challenges.

9.2 Mixture Model

We assume X = {Xy, X2, ..., Xy} is a set of N d-dimensional vectors and each
vector X, = (X1, ..., Xpq) is generated from a finite but unknown mixture model
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p(X|®). Considering X as a composition of M different clusters, we can describe
it by a finite mixture model as defined below [2]:

M
p(X10) =Y pjp(Xla)) ©.1)

j=1

pj denotes the weights of component j or mixing proportions which are all
positive and sum to one. p(X]|a;) is the distribution which in this work will
be multivariate Beta distribution. We introduce bivariate and multivariate Beta
distributions in Sects.9.2.1 and 9.2.2, respectively. (p;, a;) represents weight and
shape parameters of component j and the complete model parameters is denoted by
0= {pl,...,pM,al,...,aM}.

9.2.1 Bivariate Beta Distribution

The bivariate Beta distribution has been proposed in [3, 16] as follows. Let X and
Y be two random variables following a bivariate Beta distribution which are both
positive real values and less than one. They are derived from U, V, and W as
three independent random variables arise from standard Gamma distribution and
parameterized by their shape parameters a, b, and c, respectively and described by
the following equations:

U 1%
x=_ Y9 oy _ YV 9.2)
U+ W) (V+WwW)
a ac
E(0) = s Var(0) = o 9.3)
E¥) = —2— Vary) = be 9.4)
Tt T T rbrer D '

The joint density function of the bivariate distribution is expressed as follows:

Xa—lyb—l(l _ X)b-‘rc—l(l _ Y)a+c—1

F&. )= B(a, b, c)(1 — XY)atb+to ©-5)
Ba.b. o) = WO
F'a+b+c)

Figures 9.1, 9.2, 9.3 and 9.4 illustrate four examples of one component Beta
mixture models (BBMM) with different values for shape parameters. The mixture
of two, three, four, and five components are displayed in Figs. 9.5, 9.6, 9.7 and 9.8.
According to these figures, it is clear that the BBMM offers various flexible shapes.
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9.2.2 Multivariate Beta Distribution

The multivariate Beta distribution is constructed by generalization of the bivariate
distribution to d variate distribution [3, 16]. Let Uy, ..., U; and W be independent
random variables each having a Gamma distribution and variable X is defined by
Eq.(9.6) wherei =1, ...,d.

U.
P = (9.6)
Ui +Ww)
The joint density function of X1, ..., X, after integration over W is expressed by:
i—1 d
[, x{ Xi 1@
F(Xia o Xg) =c =17 [1+ —] 9.7)
l_[fl=1(1 — Xp)latD) ; a1-Xxp)
where 0 < X; < land:
r e r
c=BYay. .. ap=" T td) T 9.8)

C(an)...T@a) [, M)

a; is the shape parameter of each variable X; and:

d
a= Zai 9.9
i=1

9.3 Model Learning

To learn our model, we first apply k-means to initially cluster our data and with the
help of mean and variance of clusters, the initial shape parameters of distribution
can be approximated using the method of moments. To update the parameters, we
apply deterministic and efficient techniques such as maximum likelihood (ML) and
Newton Raphson.

9.3.1 Maximum Likelihood via EM Algorithm

To tackle the model estimation problem, the parameters which maximize the proba-
bility density function of data are determined using ML [17, 18] via EM framework
[19]. ML is an estimation procedure to find the mixture model parameters that
maximize log-likelihood function [20] which is defined by:
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N M
L(©.X) = log p(X|©) = Y_log (Y} p;p(Xule))) 9.10)
NS

Each X, is supposed to be arisen from one of the components. Hence, membership
vectors are introduced as Z = {Zy, ..., Zy}. If X, belongs to cluster j, Z,; =1
and Z,; = 0, otherwise [2]. In Expectation phase, we assign each vector X, to one
of the clusters by its posterior probability given by:

; . p(X,la))
Znj = p(jlXp, aj) = — A2 (9.11)
Y= pipXalaj)

The complete log-likelihood is computed as:
M N
L(®, Z,X) =ZZ i(log pj +log p(X,la;)) 9.12)

In maximization step, the gradient of the log-likelihood with respect to parameters
is calculated. To solve optimization problem, a solution for the following equation
should be found.

dlogL(®, Z, X)

=0 9.13
56 (9.13)

However, it doesn’t have a closed-form solution and Newton Raphson as an iterative
approach assists to compute the updated parameters as below:

a"" =a;" —H;,7'G; (9.14)

where G is the vector of first derivatives vector and H; is the matrix of the second

derivatives, namely Hessian matrix.
For MBMM, G as the first derivatives of Eq.(9.12) with respect to a;; where
i=1,...,dis given by:

M N
HOLD S5 2 (log<xm-> ~log(1 — Xui) + W(lajl) — W(a)
Jt j=1n=1

d

—log[l n ; a i(X)D (9.15)

G and H; are described as follows:

G;j=(Gij,....Gaj)" (9.16)
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0G| 0Gy;
darj  dag; N W(laj)) — ¥ (aj1) ... W'(laj)
Hi=| t . & | =) Zy : . :
0Ggj  9Gqj | = V() ... W (la)]) — W (ag))
8611]' 8adj
9.17)
where
laj|=a1+...+aq (9.18)

W (.) and W'(.) are digamma and trigamma functions, respectively, defined as:

D) gy = D) _ T2

YO =T TTX)  TX)?

(9.19)

The estimated value of mixing proportion has a closed-form solution and
expressed by:

N p(iXa,a))

= ~ (9.20)

9.4 Selection of Model Complexity with MML

An important challenge of the modeling problem concerns determining the number
of consistent components which best describes the data. In this section, we consider
MML as a method that has been proved to outperform many other model selection
methods. This approach is based on evaluating statistical models according to their
ability to compress a message containing the data. The optimal number of com-
ponents of the mixture is that which minimizes the amount of information needed
to transmit data X efficiently from a sender to a receiver and high compression is
obtained by forming good models of the data to be coded [20-25].

The formula for the message length for a mixture of distributions is given by
Eq.(9.21) where h(®) is the prior probability, p(X|®) is the likelihood, F(®) is
the expected Fisher information matrix, and |F(®)]| is its determinant. N, is the
number of free parameters to be estimated and is equal to (M(d + 1)) — 1. k N, is
the optimal quantization lattice constant for R¥». We have «; =~ 0.083 for N p=1
[20-32].

1 N
MessLen >~ —log(h(®)) — log (p(X|©)) + > log(|F(®)]) + 7’7(1 + log(k Np))
9.21)
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The Fisher information matrix is the expected value of the Hessian minus the
logarithm of the likelihood. We use the complete data Fisher information matrix.
The determinant of the complete data Fisher information matrix is:

M
|F©)| = |[F®)|[[I1F @) 9.22)

j=1

where |F(P)| is the Fisher information with regard to the mixing parameters
vector, and |F(e;)| is the Fisher information with regard to the vector a; of a
single multivariate Beta distribution. For |F(P)|, mixing parameters satisfy the
requirement Z?’IZI pj = 1. Consequently, it is possible to consider the generalized
Bernoulli process with a series of trials, each of which has M possible outcomes
for M clusters. The determinant of the Fisher information matrix with respect to the
mixing parameters is given by Eq. (9.23) where N is the number of data elements.

|F(P)| = — (9.23)
j=1Pj
The Fisher information for our mixture is given as follows:
M M
log |[F(©)] =log(N) — > "logp; + Y _log|F(a;)| (9.24)
j=1 j=1

where F(a;) is:

F(a,/)=< \P(Ia,l)zqﬂ ) H\Il(a,d) (9.25)

To calculate MML, we need to choose 2(®) which can be represented as
follows [33]:

h(®) = h(p)h(a) (9.26)

Considering the nature of the mixing parameters, it can be expressed by a sym-
metric Dirichlet distribution with parameter. It is shown in Eq. (9.27) where 5 =

(11, - .., ny) is the parameter vector of the Dirichlet distribution:
I'( 1)) _
h(p) = ) H pim! 9.27)
I—[] 1 F( ])
The choice of n1 = 1, ..., ny = 1 gives a uniform prior over the space p; + - - - +

pum = 1. Therefore, the prior is given by

h(p) = (M —1)! (9.28)
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For a, we assume that components of a; are independent:
M M D
h@ =[[r@) =]]]]hr@a) (9.29)
j=1 j=ld=1

For MBMM, the following simple uniform prior was experimentally found good
results with it [20-32].

Aid

h(ajq) = e" (9.30)
lla;
where ||a;|| is the norm of the shape vector. The log of prior is given by:
M1 M M D
log(h(®)) = Y log(j)—6MD—DY log(la;jI)+>_ Y loglaa) (9.31)
j=1 j=1 j=ld=1

The complete estimation framework is described as follows:

. INPUT: X and M.

. Initialization: Apply the k-means and method of moments to obtain
initial M clusters.

. Apply the moments method for each component j to obtain a;.

DN =

. Expectation step: Compute an using Eq. (9.11).

. Maximization step: Update a; Using Eq. (9.14) and p; Eq. (9.20).

. If pj < €, discard component j and go to 4.

. If the convergence criterion passes terminate, else go to 4.

. Calculate the associated criterion of MML and select the optimal
number of components.

00NNk~ W

9.5 Experimental Results

In order to validate the performance of our proposed algorithm, we test bivariate and
multivariate models using real data sets and real-world applications and compare
them with Gaussian mixture model (GMM). As the first step, we normalize our
datasets using Eq. (9.32) as one of the assumptions of our distribution is that the
values of all observations are positive and less than one.

X = X = Xmin_ 9.32)
Xmax - Xmin '
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9.5.1 Experimental Results for BBMM

In this section, we will test the performance of our model on four real datasets from
UCT repository [34] and one real-world application, namely image segmentation
using images from Berkeley dataset [35].

9.5.1.1 Business Mortality Dataset

This dataset is based on the results of a research conducted by R.G. Hutchinson,
A.R. Hutchinson, and M. Newcomer in 1938 about business mortality including
1225 observations. This work focused on survival times of three service firms
including saloons, restaurants, and express services in a period of 5 to 6 years in
Poughkeepsie, New York [34]. The service type and years of activity are considered
as two variables. The dataset is labeled by a binary variable 0 and one. BBMM has
a performance of 91.39% while the accuracy is 89.59% for GMM. The MML result
is presented in Fig. 9.9 which validates this technique.
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Fig. 9.9 MML result for business mortality dataset
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9.5.1.2 Grain Diameters of Pollen Dataset

The second data set contains 1650 instances which report grain diameters of pollen
based on five species, with varying numbers of locations within species (13, 6, 5, 19,
12) and 30 measurements per location [34]. The two variables are grain diameter and
species. Moreover, location is considered as the label of dataset. BBMM is 90.27%
accurate while accuracy is 88.95% for GMM. MML was validated for this dataset
as shown in Fig. 9.10.

9.5.1.3 Sailing Speed Optimization Dataset

This data set contains 100 observations as the result of a research about sailing speed
optimization for container ships in a liner shipping network reported in 2012. In
this study, the average speed (knots) and fuel consumption (tons/day) for five ship-
type and voyage leg combinations were measured. We considered speed and fuel
consumption as two variables [34]. Voyage leg combinations is the label of dataset
measured by TEU (20-foot equivalent unit) which has five types: 1: 3000-TEU
Singapore-Jakarta, 2: 3000-TEU Singapore-Kaohsiung, 3: 5000-TEU Hong Kong-
Singapore, 4: 8000-TEU Yantian-Los Angeles, 5: 8000-TEU Tokyo-Xiamen. The
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Fig. 9.10 MML result for grain diameter dataset



9 A Frequentist Inference Method Based on Finite Bivariate and Multivariate. . . 193

84.3071
B0
69.3326
70
73.9295 56.8911 58.1536
60
56.6989
50
2 51.0086 51.6645
S 4
-
=
E 30
20
10
]
1 2 3 4 5 6 7 P

Number of clusters

Fig. 9.11 MML result for sailing speed optimization dataset

performances of BBMM and GMM are 94.51% and 90.19%, respectively. MML
was validated as shown in Fig.9.11.

9.5.1.4 Water Levels of Florida Swamps Dataset

This data set contains 243 observations based on studying water depths at 27
locations within each of 9 swamps (3 large, 3 medium, 3 small) in Florida [34]. The
water level and swamp numbers are two variables and swamp size is label. BBMM
outperforms the GMM by an accuracy of 95.12% against 87.26%. Figure 9.12
illustrates the validation of MML.

9.5.2 Color Image Segmentation

Image segmentation is one of the core research topics and high-level tasks in the
field of computer vision. The significance of this application is highlighted by
the fact that it nourishes numerous applications progressively. We validated our
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Fig. 9.12 MML result for water levels of Florida swamps dataset

proposed framework by the well-known publicly available Berkeley segmentation
data set [35]. This database is composed of a variety of natural color images
generally used as a reliable way to compare image segmentation algorithms. It is
noteworthy that the choice of color space is an important problem when dealing
with color images and it is highly desirable that the chosen space be robust
against varying illumination, conditions, and noise. We applied rgb color space [29]
described as below:

R G B

- g = b= ; (9.33)
R+G+B R+G+B R+G+B

r

As an example, Figs.9.13, 9.14, 9.15 and 9.16 show original image, one
labeled image by ground truth and a comparison between results obtained by
BBMM and GMM. We compared the segmentation results of BBMM by six
image segmentation evaluation metrics, Adjusted Rand Index (ARI) [36], Adjusted
Mutual Information Score (AMIS) [37-40], Homogeneity Score (HS) [41, 42],
Completeness Score (CS) [41, 42], Calinski-Harabaz Index (CHI) [43], Jaccard
similarity score (JSS)[44-46] and their results are presented in Table 9.1. As it is
shown, our model outperforms the GMM according to all metrics.
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Fig. 9.13 Original image 36046

Fig. 9.14 Labeled image
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Fig. 9.15 GMM segmentation result

Fig. 9.16 BBMM segmentation result



9 A Frequentist Inference Method Based on Finite Bivariate and Multivariate. . . 197

Table 9.1 The results of Metrics (K=4)

ne ot pefomne Al AR Nis NS [Hs [V [5s
on six metrics. K is the BBMM |0.52 | 0.44 048 |0.42 |0.46 | 0.55
number of clusters 0.57 1 0.41 0.43 1045 042 0.51
0.55 |0.45 041 [0.41 |043 |0.55

0.58 | 0.42 042 |0.47 048 | 0.53

0.56 |0.41 045 [0.48 041 |0.57

0.53 |0.47 044 046 (044 | 0.54

Mean 0.55 0.43 044 045 044 0.54

GMM 041 (04 045 |04 |041 043

044 (04 04 041 |04 |046

04 041 042 |041 |04 |04

042 0.4 041 |04 |042 044

041 |0.41 04 1[043 |04 |041

043 0.42 041 [0.41 |04 |045

Mean 042 (04 041 {041 (04 043

9.5.3 Experimental Results for MBMM

In this section, we will test the performance of our model on four real medical
datasets and two real-world applications, namely sentiment analysis and credit
approval using UCI datasets [34].

9.5.3.1 Haberman Dataset

The first real dataset is a well-known one called Haberman based on a survival
research at the University of Chicago’s Billings Hospital between the years 1958
and 1970. It includes 306 instances of patients who had breast cancer and were
monitored after having surgery. The dataset has three attributes: age of patient at
time of operation, patient’s year of operation, and number of positive axillary nodes
detected [34]. The database is labeled based on survival status. The patients who
survived 5 years or longer were classified in first class and the ones died within 5
years were second class. MBMM has a performance of 93.16% while the accuracy
of GMM is 87.02%. The MML result is presented in Fig.9.17.
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Fig. 9.17 MML result for Haberman dataset

9.5.3.2 Heart Disease Dataset

The second data set contains 2982 instances and based on the research conducted in
V.A. medical center, Long Beach and Cleveland Clinic Foundation. It contains 76
attributes, but all published experiments refer to using a subset of 14 of them. The
goal field refers to the presence of heart disease in the patient and experiments have
concentrated on simply attempting to distinguish presence (values 1,2,3,4) from
absence (value 0) with the help of angiographic disease status. The 14 attributes are
age in years, sex, chest pain type (typical angina, atypical angina, non-anginal pain,
and asymptomatic), resting blood pressure (in mm Hg on admission to the hospital),
serum cholesterol in mg/dl, fasting blood sugar greater than 120 mg/dl, resting
electrocardiographic results (normal, having ST-T wave abnormality or showing
probable or definite left ventricular hypertrophy by Estes’ criteria ), maximum heart
rate achieved, exercise induced angina, oldpeak as the ST depression induced by
exercise relative to rest, the slope of the peak exercise ST segment (upsloping, flat
or downsloping), number of major vessels (0-3) colored by fluoroscopy and thal
(normal, fixed defect or reversible defect). MBMM has a performance of 92.41%
while the accuracy is 90.83% for GMM. MML validation is displayed in Fig.9.18.
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Fig. 9.18 MML result for heart disease dataset

9.5.3.3 Hepatitis Dataset

This data set includes 155 instances and 20 attributes including the class. The
attributes are age, presence of steroid, antivirals administered, fatigue, malaise,
anorexia, large liver, firm liver, spleen palpability, presence of spiders, presence of
ascites, presence of varices, bilirubin level, alkaline phosphate level, SGOT level,
albumin level, protein level and histology result [34]. The binary label indicates if
the patient is alive or not. Our mixture model has an accuracy of 91.97% while the
accuracy of GMM is 85.12%. The result of MML is presented in Fig.9.19.

9.5.3.4 Lymphography Dataset

This lymphography data set was obtained from the university medical centre, Insti-
tute of Oncology, Ljubljana, Yugoslavia including 148 instances and 19 attributes
containing the label to lymphatic diseases [34]. The attributes are lymphatics
(normal, arched, deformed, displaced), block of afferent, block of lymph c (superior
and inferior flaps), block of lymph s (lazy incision), bypass, extravasates (force
out of lymph), regeneration, early uptake, lymph nodes diminish, lymph nodes
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Fig. 9.19 MML result for hepatitis dataset

enlargement, changes in lymph (bean, oval, round), defect in node (lacunar, lacunar
marginal, lacunar central, or no defect), changes in structure (no change, grainy,
drop-like, coarse, diluted, reticular, stripped, faint), special forms (no chalices,
vesicles), dislocation, exclusion of nodes, and number of nodes. The target class
has four values to show normal, metastases, malignant lymph and fibrosis. MBMM
and GMM have accuracies of 95.06% and 92.64 %, respectively. MML is validated
as shown in Fig. 9.20.

9.5.3.5 Sentiments Analysis

There has been a recent tremendous attention in the automatic identification and ex-
traction of feelings, views, and ideas in text. The crucial importance of information
analysis for different sections of society such as scientific, commercial, financial,
and political domains motivates the researchers to propose capable models which
automatically track attitudes and feelings. Moreover, innovations in technology and
digital revolution over the past two decades resulted in generating huge quantities
of data. One of the attention-grabbing fields of research is online sources mining
such as articles in the news, on-line forums, and websites to identify opinions and
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Fig. 9.20 MML result for lymphography dataset

emotions from text. One of the applications that could benefit from this technology
is explicitly recognizing and differentiating of the objective and subjective opinions
and perspectives to lessen distractions from opinionated, speculative, and evaluative
language as subjective sentences represent sentiment and belief in contrast with
objective contents which represent factual information. We evaluate our model on
this fascinating real-world application. Using a dataset from UCI repository, this
work is based on analyzing 1000 sports articles which were labeled using Amazon
Mechanical Turk as objective or subjective and has 60 attributes including total
words count, total number of words in the article, semantic objective score, first
sentence class, last sentence, text complexity score, and frequencies of words with
an objective SENTIWORDNET score, words with a subjective SENTIWORDNET
score, coordinating conjunctions, numerals and cardinals, determiners, existential
there, foreign words, subordinating preposition or conjunction, ordinal adjectives
or numerals, comparative adjectives, superlative adjectives, list item markers,
modal auxiliaries, singular common nouns, singular proper nouns, plural proper
nouns, plural common nouns, pre-determiners, genitive markers, personal pronouns,
possessive pronouns, adverbs, comparative adverbs, superlative adverbs, particles,
symbols, ’to’ as preposition or infinitive marker, interjections, base form verbs,
past tense verbs, present participle or gerund verbs, past participle verbs, present
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tense verbs with plural 3rd person subjects, present tense verbs with singular 3rd
person subjects, WH-determiners, WH-pronouns, possessive WH-pronouns, WH-
adverb, infinitive verbs, quotation pairs in the entire article, questions marks in
the entire article, exclamation marks in the entire article, full stops, commas,
semicolons, colons, ellipsis, first person pronouns (personal and possessive), second
person pronouns (personal and possessive), third person pronouns (personal and
possessive), comparative and superlative adjectives and adverbs, past tense verbs
with first and second person pronouns, imperative verbs, present tense verbs with
third person pronouns and present tense verbs with first and second person [34].
The label indicates subjectivity and objectivity of each article. MBMM has an
accuracy of 89.29% in comparison with GMM with 80.16% accuracy. MML result
is displayed in Fig. 9.21.

9.5.3.6 Credit Approval
Machine learning has been used in banking to automate daily processes such as

fraud detection and risk assessment to make decision about credit cards and loans
for years. Thanks to rapid increases in data generation and computing power,
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Fig. 9.21 MML result for sentiments analysis dataset
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financial institutions beneficiate from statistical algorithms to discover a better way
to segment their customers and model credit applications. Using two datasets from
UCI repository, we analyze the performance of our proposed methods in credit
approval [34]. The first one is German credit dataset including 1000 instances in
which the customers are described by a set of attributes and labeled as good or bad
credit risks. The attributes are numerical, qualitative, and categorical. This file has
been edited and several indicator variables added to make it suitable for algorithms
which cannot cope with categorical variables. Several attributes that are ordered
categorical have been coded as integers. The features contain status of existing
checking account, duration in month, credit history, purpose, credit amount, savings
account or bonds, present employment, installment rate in percentage of disposable
income, personal status and sex, other debtors or guarantors, present residence,
property, age in years, other installment plans, housing, number of existing credits at
this bank, job, number of people being liable to provide maintenance for, telephone
and foreign worker. The dataset has a binary label to indicate if the customer is good
or bad. MBMM performs better with an accuracy of 94.12% in comparison with
GMM which is 86.41% accurate. Figure 9.22 demonstrates the MML outcomes.
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Fig. 9.22 MML result for credit approval German dataset
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Fig. 9.23 MML result for credit approval Australian dataset

The second dataset is Australian credit approval including 690 observations and
14 attributes containing six numerical and eight categorical features. All of attributes
are changes to nominal values for the convenience of statistical algorithms. The label
is binary in this case also. The accuracy of our model is higher than GMM with an
accuracy of 92.58% versus 84.33%. MML analysis is displayed in Fig. 9.23.

9.6 Conclusion

This work is motivated principally by significant role of unsupervised methods in
machine learning specifically clustering. We have presented two algorithms based
on finite bivariate and multivariate Beta mixture models. GMM has been widely
used in statistical modeling. However, when it comes to dealing with asymmetric
data, other distributions demonstrate more flexibility for appropriate data modelling
as compared with the Gaussian distribution. This characteristic of such distributions
motivated us and we introduced the two new mixture models based on their
ability to tackle the modeling of non-gaussian data. To address the challenge of
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parameter estimation, we explored deterministic approaches such as maximum
likelihood using the expectation maximization algorithm framework and Newton
Raphson method to learn our framework and estimate the updated parameters of
our mixture models. Given that in real-world applications, having an idea of the
number of clusters inherent in the dataset is critical, a model selection technique,
namely the minimum message length was implemented to determine the number
of clusters which describes the model complexity. The validity of our proposed
method in terms of parameter estimation and model selection is demonstrated
by experimental results. The usefulness and strength of our method is presented
by testing it on real and pre-labeled datasets and tackling challenging real-world
applications such as image segmentation, sentiment analysis, and credit approval
which have been receiving considerable attention because of their critical role in
science and technology. For each application, we compared the performance of our
approaches with Gaussian mixture models in describing real-world data. The test
results significantly showed greater accuracy and outperformance of BBMM and
MBMM. In other words, we can say that our model produces enhanced clustering
results largely due to its flexibility. Future works could be devoted to proposing
Bayesian inference techniques to learn the developed mixture models.

Appendix

Proof of Eq. (9.12):
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Chapter 10 ®
Finite Inverted Beta-Liouville Mixture Sk
Models with Variational Component

Splitting

Kamal Maanicshah, Muhammad Azam, Hieu Nguyen, Nizar Bouguila,
and Wentao Fan

Abstract Use of mixture models to statistically approximate data has been an
interesting topic of research in unsupervised learning methods. Mixture models
based on exponential family of distributions have gained popularity in recent years.
In this chapter, we introduce a finite mixture model based on Inverted Beta-Liouville
distribution which has a higher degree of freedom to provide a better fit for the
data. We use a variational learning framework to estimate the parameters which
decreases the computational complexity of the model. We handle the problem of
model selection with a component splitting approach which is an added advantage
as it is done within the variational framework. We evaluate our model against
some challenging applications like image clustering, speech clustering, spam image
detection, and software defect detection.

10.1 Introduction

Data categorization has become an important part of data analysis in recent years
as data in all formats have been thriving with the increase in cloud based networks.
Given a set of data it is of prime importance to learn the patterns within the data
which can have valuable information that help in making important decisions. Clus-
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tering of data hence is quintessential in data analysis and inference [20, 30]. Using
mixture models for clustering and unsupervised learning finds wide applications in
industry. Data are assumed to be described by a mixture of components derived
from a particular distribution. The objective is to estimate the parameters of these
components which would provide a proper fit to the data. This is the basic idea
of mixture models [2, 7]. Gaussian mixture models (GMM) have disseminated the
industry and have profound applications in a number of data analysis tasks [31, 35].
Despite widespread use, it is a notable fact that GMMs are not the perfect solution
for all types of data. For example, Dirichlet family of distributions performs better
with proportional data [4, 7]. Recent investigations on inverted Beta-Liouville based
mixture models have shown their effectiveness [1, 15]. In this chapter we consider
finite mixtures of inverted Beta-Liouville distributions.

We use a variational learning framework in our model which is a better choice
when compared to the traditional methods based on maximum likelihood (ML)
and Bayesian estimation techniques. This is because ML based methods do not
provide sometimes good approximation to the data. In contrast to ML based
methods, approaches based on Bayesian techniques such as Markov chain Monte
Carlo (MCMCO) tend to be more accurate but they are computationally expensive
and moreover convergence is not guaranteed. Variational learning reduces the
complexity of the Bayesian method and also overcomes the drawbacks of ML based
models. Also, variational methods guarantee convergence. In addition to this, we
imbue a component splitting approach within the variational framework as proposed
in [10] for model selection. The effectiveness of this approach has been reported
in [16] and [6]. According to this idea, we start with two clusters and then go on
splitting each cluster into two based on a split criterion. The splitting continues
until all clusters fail the split test. Since this algorithm works within the variational
framework it improves the efficiency and flexibility of our model. There are many
instances in the industry where there is not much data to explain a particular
category. Our experiments suggest that our model can tackle this kind of imbalance
in data effectively.

The rest of the chapter is classified as follows: Sect. 10.2 describes the mathemat-
ical model; Sect. 10.3 explains the variational learning approach; Sect. 10.4 reports
the results obtained by using our model. The chapter concludes with Sect. 10.5.

10.2 The Statistical Model

In this section we introduce the inverted Beta-Liouville mixture model in
Sect. 10.2.1 and we elaborate on the model selection approach using component
splitting in Sect. 10.2.2.
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10.2.1 Finite Inverted Beta-Liouville Mixture Models

Consider a D-dimensional vector X; = (X L, X2, ..., X D) drawn from a set of N
independent and identically distributed data samples X = (X1 , X0, ..., X N) gener-
ated from an inverted Beta-Liouville (IBL) distribution [24]. Then, the probability
density function p(X; | a1, ..., ap, a, B, 1) is given by:

M2 @)l(e+5) ﬁ Xil

p(Xi l ity ..., aip, o, B, 1) = T («)T(B) I=1 I ()

(10.1)

with the conditions X;; > Ofor/ =1,..,D,a > 0, 8 > 0and A > 0. The mean,
variance, and covariance of IBL distribution are given by:
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If we assume that each sample X; is picked from a mixture of IBL distributions,
then the mixture model is represented as:

N M
p(X1m.©)=> "> m;p(Xi|6;) (10.5)

i=1 j=1

where M is the number of components in the mixture model and ® =
01,62, ...,04). p(X,' | 0.,') denotes the conditional probability of the data sample
with respect to each component, §; = («j1,...,a;p,a;j, Bj, A;) represents the
parameter with respect to the component j and ¥ = (7q, ...,y ) is the set of
mixing parameters and follows the conditions Zﬁil 7mj=1land0 <m; <1. We
now introduce an indicator matrix Z = (Zy, ..., Zy) which indicates to which
component each data sample is assigned to. Here Z; = (Z;1,...,Zipy). Z; is
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M
a binary vector that satisfies the conditions Z;;€{0, 1} and ) Z;; = 1 and is
j=1
defined by:
1, ifX;ej
Zy =1 "N (10.6)
' 0, otherwise
The conditional distribution of Z can thus be defined as:
N M ,
p(Z 1) :l_[l_[nj” (10.7)
i=1j=1

Based on this equation we can write the conditional distribution of a data set X with
respect to the clusters as:

N M
p(X1Z.0) =33 p(Xi16;)" (10.8)
i=1 j=1

As we know that all the parameters are positive it would be good choice to model
them using Gamma priors. Hence the priors are defined by:
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where g( . ) represents a Gamma distribution and all the hyperparameters in the
above priors are positive.

10.2.2 Component Splitting for Model Selection

In our model we use a local model selection approach as proposed in [10]. This
approach has also been successfully deployed in [6, 14, 16]. We propose to follow
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this design for IBL models. The idea is to split the components in the mixture
into two different sets; one called the free components and the other called fixed
components. We constrain the model selection process to the free components
without disturbing the fixed components. If we assume the fixed components to
be a perfect approximation of the data, let’s say M — s components, then we have
to approximate the mixing weights of the s free components. Based on this concept
we can rewrite the prior of Z from Eq. (10.7) as:

N N M
p(Zlmﬂ*)=n[H”jZU [ ”72"’] (10.13)
j=1

i=1 bt j= j=s+1

where {7} indicates the mixing coefficients of the free components and {rr;.‘}
indicates the mixing coefficients of fixed components. It is to be noted that these
mixing coefficients are always positive and follow the constraint:

K M
domi+ Y wr=1 (10.14)
j=1

Jj=s+1

According to this condition, though we only estimate the parameters of the free
components {7} we have to update the fixed parameters {71/’5‘} as well. Hence, {n;‘}
is more like a random variable. So, we choose a prior distribution for the fixed
components that depends on the free components. We choose the prior to be a
non-standard Dirichlet distribution as it has been found to be optimal in [10]. The
conditional probability of the fixed coefficients given the free coefficients can be
written as:

: LIRS ) o
k=1 [Tj=s+1T(c)) j=s+1 N 2 k=1 Tk
(10.15)
The graphical representation of our model is shown in Fig. 10.1. Based on all the
information we have so far, we can write the joint distribution for our model as:
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D @=L aji D —(aj+B/)Zij
XK?"(ZXH) (Aj +Zle) :|
=1



214

K. Maanicshah et. al

D -Glal
X

MD

a
Mq/ t

M

Fig. 10.1 Graphical representation of IBL mixture model with component splitting. The circles
indicate the random variables and model parameters, and plates point out the repetitions with
the number in the lower left corners indicating the number of repetitions. The arcs specify the
conditional dependencies of the variables

[ T 5] (- 2m)

i=1 Jj=s+1 k=1
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u/l qu
x H |: Olu’l Lemviteii 5 1o Pi~! g=aje;

j=1i= ! L(p;)
8j 5
% ﬂsj—le—hjﬁj X i ,\S_f_le—ff*f] (10.17)
r(g;)" I(s;)

10.3 Variational Inference

In this section, we explain the variational learning approach in Sect. 10.3.1 and
the component splitting approach with the variational algorithm is illustrated in
Sect. 10.3.2.
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10.3.1 Variational Learning

Though the Bayesian approach gives an accurate estimation for the parameters the
complication lies in the calculation of the true posterior distribution p(@ | X, n).
Calculating the integrals of the posterior may be intractable [5]. A wise solution
for this problem would be to approximate the true posterior distribution rather
than compute it. The accuracy by this method might not be as good as Bayesian
estimation but it greatly reduces the computation cost and gives fairly comparable
results. So, we approximate a new distribution Q(@) to be closer to the true
posterior distribution p(@ | X, n). We do this by calculating the Kullback-Leibler
(KL) divergence between the two distributions. The KL divergence estimates how
much the two distributions are different from each other. The KL divergence
between Q(©) and p(© | X, ) is given by:

KL(Q |l P) /Q In <M>d® (10.18)
0(®) '
which can be rewritten as:
L(Q |l P) =M p(X|m) - L(Q) (10.19)
where £(Q) is the lower bound defined by:
/Q < P(X. ®|”))d® (10.20)
0(®) '

We know that K L(Q [l P) = 0 when both the distributions are similar. Based on
Eq. (10.19) we can say this criteria can be achieved when L(Q) is maximized. We
cannot calculate the lower bound for Q(@) altogether. Since all the parameters are
assumed to be identically independent as well, we can use mean field theory [26] to
factorize Q(@) as:

0(8) = 0(Z)2(«) Q(a)2(B) Q1) Q(n*) (10.21)

Now, we find the variational solution for each of the parameters. For example, if we
consider some parameter QO (®k) the variational solution is given by:

exp( In p(X @))

0i(©4) = [exp(ln p(X, G))) d®

(10.22)

where ( . ) 2k is the expectation corresponding to all the parameters other than O.
The variational approximation involves initiating the variational solutions in the
beginning and iteratively updating the solutions based on Eq.(10.22). Since the
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lower bound is convex apropos to each of the parameters, convergence is always
guaranteed. However, this is not usually the case when it comes to purely Bayesian
approaches. We can derive the variational solutions for our model as shown in
appendix as:

N

@ =T]] [ ]:[ f[ *Z”} (10.23)

i=1
(1— S nk>Mﬂw ﬁ <”—f*>’
k=1 I—[ﬁisﬂr(c’;) j=s+1 =3 ™
j=1

*—1

(10.24)

G | p.qf)  (10.25)

O(a) = Hng(aﬂ |l v,

M M
oB) =198 ¢g;.1%). o) =[]0 Is5.17) (10.26)
j=1 j=1
where:
~ =k
rij x Tij
rij = , = — (10.27)
Z] 1r1]+21 H—l 1] Z;’:]rij—i_Zj:s—Hri*j

D
Tij =exp{ Inzw; +R; +§; + (aj —Zaﬂ>ln<2X,~;) +Bj(ln)»j)

D
+Z[ Fa— 1) lnX,d] (a+E)T,-,~} (10.28)

=1

=1 =1

+i[(5/‘d —1)InXig| - (5+3)Ti,~} (10.29)

~
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, F@+B)
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(10.30)

(10.31)

(10.32)

(10.33)

(10.34)

(10.35)
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pi=pj+ Z(Z,-ﬁ[w(&j +B))—v(@)+Bv' @ +8;)(mp) _Ej)i|&j
= (10.36)
N D N
g5 =a; = Y (Zi)n (3 Xia) + Y_Zi Ty (10.37)
i=1 =1 i=1
D p— — p— p—
g =g+ Z<Z:’j>[¢(51 +B;) - v(B) + 3@ +B;)((nay) - Wj)}ﬁj
=1
N
W=h;+ Z(Zij)[T,-j — <1nxj>] (10.38)
i=1
N pa—
st=s;+ Y (Zij)B, (10.39)
i=1
N — .7
ﬁ=q+§]zj_“’+m (10.40)

D
i=1 )‘j + Zl:l Xi

The first and second derivatives of the Gamma function are given by the digamma
and trigamma functions, v () and v'(-) respectively. The values of the expectations
mentioned in the above equations are given by:

(Zi) = rij, forj =.1,...,s (10.41)
rl.*j, otherwise
— i _ p — g _ S
&ji = laj) = ”:—jl’ @ =l =5 By= B =gk hi=tp =
(10.42)
(Ineji) = Y@i) —Invy, (Inej) = ¥ (p}) —Ingj, (10.43)
(Ingj)=v(ghH—Inki,  (Inkj) = y(sH) —Ins} (10.44)
2
(najy = m@;0)*) = [w(wy) =y |+ v/ () (10.45)
2
(nej —n@;)*) = [w(p}) = p3 | + /() (10.46)

<(lnﬂj - lnﬁj)2> = [Iﬂ(g}‘) - lng;*]2 + (%) (10.47)
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s N *
R U S o
(mr) = (1 - an) NZ"L Y *’ (10.48)
k=1 Doimt Dok=st+1 ik Ck
s N N M
<1n7r;f) =1In (1 —an> +¢<Zri’}+cj> —¢<Z Z r;"k—l—ck) (10.49)
k=1 i=1 i=1 k=s+1

As mentioned before, since 7 and 7 * are bound together by the constraint that they
sum up to 1, we have to find a proper update equation of 77; with respect to n;f. We
do this by differentiating the lower bound with respect to 7; and equating it to 0.
Hence the update equation can be written as:

N YL i
wj = (1 - > (nk)>_— (10.50)

N s
k=s+1 Zi:l Zli:l Tik

Based on the above update equations, we can calculate the lower bound by:

L(Q)=(np(X|Z,0)+(Inp(Z|x, x*)+ (Inp(x*|x)) (10.51)
—(Inp(®)) — (In Q(Z)) — (In 0(®)) (10.52)

Our algorithm to maximize the lower bound and estimate the number of components
in the mixture simultaneously follows in the next subsection.

10.3.2 Component Splitting Algorithm

Generally, in the variational approach, we update the variational solutions described
in the previous subsection iteratively until there is no notable change seen between
two consecutive iterations. However, in [10] a split and merge approach is adopted.
According to this approach we start the algorithm with two clusters initially. This
criteria is checked first by running the algorithm without local model selection. We
now split one of the mixture components into two and label them as free component
in our procedure. The remaining components are the fixed components. Now we
run our variational algorithm estimating the parameters of the free components
without estimating the fixed components. In this procedure there are three different
possibilities: (1) the two new components may fit the data appropriately and hence
are retained. In this case, the split is a success and the algorithm is rerun for the
new set of components with the added component. (2) Only one of the components
might have a significant mixing coefficient and the other might be infinitesimal.
This means that the split is a failure and the algorithm moves to the next component
for the splitting. (3) In this case the estimate of the mixing coefficient for both
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the free components goes infinitesimal. This is due to the presence of outliers in
the data. We bar this split from happening as it might end up in an infinite loop.
These components can be later removed as they are just unnecessary outliers. The
algorithm terminates when all the components in the current set fail the split test.
The overall algorithm can be epitomized as:

1. Initialization

* Initialize number of components M to 2
* Initialize values for u, p, g, s and ¢ with 1 and v, q, h and t with 0.01.

. Start the variational inference without the local model selection

. If only one component remains, the algorithm ends

. Sort all the elements in M in descending order by their mixing coefficients.
. For each element j in M:

W B W

 Split j into j; and j as the free components

Cosetmjy =7 = /2 ujny = Wy, wjl, =Wy, Vil = Vi Vi = Vi Py =
Pip Pjt, = P iy, = 4 4, = G- &y = &5 &jn, = &» hin =
Wiy hjl, = h5y, sjy = 85, 8ji, = 8§, iy, = 0 and 1, = 17,

© = >N, r; for each j in the fixed components

* Apply variational inference with component splitting by updating Q (Z),
Q(@*), Q (), Q(a), Q(B), Q (L) until convergence

e Use (10.50) to calculate the mixing coefficients of free components

* Split test fails if only one remaining component left. Move to next component

* If both components are redundant, split test fails. Move on to next component

* If both components remains, then M = M + 1

6. Repeat steps 4, 5 until the splitting test fails for all the components.

10.4 Experimental Results

We present the experimental results we have obtained with our model in this section.
We compare our variational IBL mixture model IBLMM) with Gaussian mixture
models with maximum likelihood estimation (GMM) and variational Gaussian
mixture models (varGMM) since these are the standard nowadays. We evaluate
our model against four challenging applications: object categorization, speech
categorization, spam image categorization, and software defect categorization. We
try varying combinations involving imbalanced data to check the robustness of our
model even when little data is available. We start with more or less equally weighted
data sets to highly imbalanced data. The results are as follows:
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10.4.1 Speech Categorization

With voice recognition based automation and control taking over in recent time,
efficient categorization of speech signals becomes an important task. To evaluate
our model, we took a simple task of clustering between male and female speakers
in the TSP speech data set [22]. The TSP data set consists of speech utterances
of 10 speakers where five are male and five are female. There are 60 speech
utterances for each of the speakers. We take 500 samples from each category for our
experiment. The pre-processing step for speech data involves removal of non-speech
parts like momentary pauses as a first step. This is done by voice activity detection
(VAD) which removes the empty signals so that our model doesn’t get trained on
unnecessary pause signals. We now extract Mel Frequency Cepstral Coefficients
(MFCC) which has been widely used for speech recognition tasks [29, 33]. The
MFCC feature descriptors are 39 dimensional. Each speech utterance is sampled
with a frame rate of 25 ms with a window shift of 10 ms. By this method a number
of feature descriptors can be obtained from a single speech utterance file. We use bag
of words feature model to create a histogram of the extracted MFCC features. This
data serves as input to our model. The confusion matrix for our model is shown
in Fig. 10.2. Table 10.1 shows the accuracy of IBLMM compared to GMM and
varGMM. It shows that IBLMM improves the accuracy of GMM and varGMM

Fig. 10.2 Confusion matrix
of TSP speech data set with
varlBLMM

»
B
3

Output Class

Ham

Spam Ham
Target Class

Table 10.1 Accuracy of Method
different models for TSP
speech data set

Accuracy(%)
varlBLMM | 86.6
varGMM 85.9
GMM 85.2
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10.4.2 Image Categorization

Pattern recognition from images is an important part of applications related to
computer vision [8, 9, 23, 32]. It plays a major role in image retrieval, automated
machinery, robot navigation, etc. For us to apply our model for image clustering,
we have to extract feature descriptors from the images. Some of the commonly
used methods for feature extraction are: Scale Invariant feature Transform (SIFT)
[25], Histogram of Gaussians (HoG) [12], Speeded-Up Robust Features (SURF)
[3], etc. Once the features are extracted we have to represent each image in terms
of these features. The best way to do that would be to use the bag of visual words
representation [11, 27, 34]. The idea for the bag of visual words approach is to
cluster all the feature descriptors extracted from all the images using k-means
creating a histogram of unique features for each of the image. These data will act as
input to our model.

10.4.2.1 Images Clustering

For our first experiment we use the Ghim dataset! to evaluate the efficiency of our
model. The Ghim dataset has 20 categories with 500 images in each class. Each
of the images is 400x300 or 300x400. All images are in JPEG format. We use
only four classes for ease of representation. Sample image from each of the four
classes is shown in Fig. 10.3 we choose 500 images from the fireworks class, 150
images from cars, 250 images from Chinese buildings, and 275 from dragon flies
contributing 1175 images on the whole. It should be noted that the data points
belonging to each class are varied over the four classes. We extract SIFT features
from these images and use it to create bag of visual words features. Figure 10.4
shows the confusion matrix obtained by using IBLMM on this data. The comparison
of accuracy with GMM and varGMM model is shown in Table 10.2. It is clearly seen
that the accuracy with our model is higher than the other two.

(@ (b) (c) (d)

Fig. 10.3 Sample images from Ghim dataset. (a) Fireworks. (b) Cars. (¢) Chinese buildings. (d)
Dragon flies

Thttp://www.ci.gxnu.edu.cn/cbir/Dataset.aspx.
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97.2%
486

Fireworks

Cars

Output Class

Chinese Buildings

Fire Flies

Fireworks Cars Chinese Buildings Fire Flies
Target Class

Fig. 10.4 Confusion matrix of Ghim data set with varlBLMM

Table 10.2 Accuracy of Method Accuracy(%)
different models for Ghim 6
dataset varIBLMM | 82.4

varGMM 74.21
GMM 74.04

10.4.2.2 Spam Images Clustering

Usage of email services has become a quotidian task of everyday life nowadays.
This also leaves us as a target to multiple ad agencies and fraudsters who send
repeated ads and fake ones to trick us to reveal our personal information. Spam
mails have also become a source of threats over the recent years. Hence it is very
important to isolate the spam mails from the legitimate ones. However, it is also a
very challenging task as the amount of spam data available is less when compared
to the real ones in real- world applications due to the presence of repeated images.
Due to this reason detecting Spam images could be a good application to test
the robustness our model. So we choose the spam data set created in [13] which
consisted of three sets of images. One is the ham data which contains normal
images obtained from personal mails of people and considered useful. The other
two sets contain spam images from spam archive created in [18] and a set of spam
images taken from personal spam emails. In addition to this we also use images
from the Princeton spam benchmark data set.” All the images used are taken from

Zhttp://www.cs.princeton.edu/cass/spam/.
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real emails and hence is a good representation of the real-world scenario. However,
all the three spam data sets contained a number of duplicate images. We took 150
varied spam images between the three spam data sets and 1000 images from the
ham data. Sample images form the spam and ham sets are shown in Figs. 10.5 and
10.6, respectively. We can see that the spam data accounts for only 15% of the total
data. We then extract SIFT features from these images and then create visual bag of
words feature histogram from it. The confusion matrix for this data with our model
is shown in Fig. 10.7. In applications based on security it is important that the false
negative rate (FNR) is low because even if one malicious image is allowed in the

Ch = 1. S i I I «Can'tfind good drug store?

nstmas speciai! ~Dion't know where to buy pills?

Recelve 25% off total price »MNeed to buy medications but don't know where?
when you buy 2 or more watches The answer is simple: Online pharmacy store,

hitp:ifwww patage.com

US quality only!

We have cheapest prices and best quality drugs.
We ship instamtly worldwide in unmarked packing,
50 you don't nead to go fo your local drug store.

Type www.patage.com to Enter!

And make secere, condidential pire sl

21 CENTURY WHITE HOUSE

[ —————p .

Fig. 10.6 Sample images from the ham collection

Fig. 10.7 Confusion matrix
of spam image data set with
varlBLMM

Output Class

Spam Ham
Target Class
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network it might result in compromising the entire network in the worst case. On
the other hand, it is also important that the important images that are intended for
the user are delivered as well; hence the false positive rates (FPR) should be low.
Due to this reason both FPR and FNR have to be low for a good spam categorization
model. We enforce the following performance measures to evaluate our model:

. TP
Precision = ——— (10.53)
TP+ FP
TP
Recall = ———— (10.54)
TP+ FN

.. FP

FalsePositiveRate(FPR) = ———— (10.55)
FP+TN
. FN

FalseNegativeRate(FNR) = ——— (10.56)

FN4+TP

where true positives (TP) is the number of spam images correctly predicted as spam;
false positives (FP) is the number of non-spam images predicted as spam; true
negatives (TN) is the number of non-spam images correctly predicted as not spam
and false negative (FN) is the number of spam images that have been classified as
not spam. Table 10.3 shows the comparison of different performance measures for
IBLMM, GMM, and varGMM, respectively. The FNR and FPR values are both low
compared to GMM and varGMM which highlights the capability of our model to
cluster imbalanced data sets.

10.4.3 Software Defect Categorization

Identification of software defects is an important part of software testing. Using
machine learning techniques helps to identify defects in a short time and helps
reduce the manual workforce for testing [17, 19, 21]. We validate our model against
five data sets from the Promise software engineering repository [28], namely CM
1, IM1, KC1, KC2, and PC1. CM1, JMI1, and PC1 are written in C and KC1
and KC2 are written in C++. CMI is a software written for a NASA spacecraft
instrument, JM1 is a real-time predictive ground system, KC1 and KC2 are storage

Table 10.3 Performance measures of different models for spam image data set

Method Accuracy(%) Precision Recall FPR FNR
varIBLMM 90.96 59.1 99.33 0.10 0.006
varGMM 81.22 40.8 98.00 0.21 0.020

GMM 79.73 39.1 98.66 0.23 0.013
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Table 10.4 Results on defect detection using different models

Data Set Model (%) Accuracy Precision Recall FNR
CM1 varIBL 67.87 17.50 61.22 0.39
varGMM 72.69 1.13 2.04 0.98
GMM 71.29 1.04 2.04 0.98
IM1 varlBL 66.09 0.29 52.16 0.48
varGMM 74.10 0.23 15.59 0.84
GMM 74.10 0.23 15.59 0.84
KCl1 varIBL 69.41 30.28 75.15 0.25
varGMM 73.06 32.81 70.85 0.29
GMM 72.68 32.39 70.56 0.29
KC2 varIBL 77.78 47.40 79.43 0.21
varGMM 49.04 4.04 6.50 0.93
GMM 74.90 7.14 1.87 0.98
PC1 varIBL 68.80 11.68 53.24 0.47
varGMM 89.35 2.32 1.3 0.99
GMM 89.35 2.32 13 0.99

management systems for processing ground data, and PC1 is a flight software for
earth orbiting satellites. McCabe and Halstead features are considered to describe
the source code of these software to create these data sets. The performance metrics
used are the same as in previous subsection. In the case of software defects we
are more concerned about the false negatives and hence FNR is the most important
measure. From Table 10.4 we are able to see that the False negative rate of IBLMM
is very much higher than GMM and varGMM for all the data sets. The ratio between
the defect and the non-defect class was around 1:10 in some cases and we found in
our experiments that varGMM and GMM are unable to distinguish the data into two
classes in these scenarios.

10.5 Conclusion

We have proposed an efficient mixture model for clustering based on Inverted Beta
Liouville mixtures. The variational framework combined with component splitting
approach is found to be effective in model selection. The robustness of our model
is evident from the experiments which involved data sets with varied weights. The
first experiment with equal weight exhibited good results. The second experiment
for object image clustering showed the effectiveness of our model in terms of
mixed weights and also proved the efficiency of model selection. With spam image
clustering we were able to achieve 90% accuracy against GMM and varGMM which
had only around 80% accuracy along with low FPR and FNR. In the last experiment,
our model proved to be better than the other two models in identifying the defect
class. It is to be noted that some data sets in this experiment had less than 10%
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of total data for the defect class. As the results are encouraging we can introduce
feature selection within the variational framework along with model selection to
improve the efficiency of our model.

Appendix: Proof of Eqgs. (10.23), (10.24), (10.25) and (10.26)

From Eq. 10.16 we can write the logarithm of the joint as:

Zz 1 1) C(aj + B;j) D
1 X Z; +1 + lX,
np(X.Z) ZZ ’[ M2, () | T@)T) ; it LA

i=1 j=1

+BjIni; + (Olj — iaﬂ) ln(iX”)
i=1 i=1

— (@ +B;)In (xj + 3 Xi,)]

i=1

+XN:[Z;:ZU11MJ+ > Z,Jlnn] (M )ln[l— S 7Tk:|

i=1 j=s+1 k=1
r M_ . M N
+1n 7(]‘/[2:/4“%) + Z ((,‘j - l)ln |:7r;" — (1 — nk>:|
Hj=s+lr(cj) j=s+1 k=1
M D
ZZujllnvjl—lnF( 11)—|—(uﬂ—1)lnaﬂ—vﬂaﬂ
j=1lli=1
M
+ijlnqj—lnr(pj)+(pj—l)lnaj—qjoej
j=1
M
+Y gjlnh; —InT(g;) + (g5 — 1)InB; — h;B;
j=1
M
+ Y sjlnt; —InT(s;) + (s; — 1) Inx; — 12, (10.57)
j=1

To derive the variational solutions of each parameter, we consider the logarithm with
respect to each of the parameter assuming the rest of the parameters to be constant.
This is explained in the following subsections.
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Variational Solution for Q(Z) Eq. (10.23)

The logarithm with respect to Q(Z;) on the joint is given by:
M D
In Q(Zi) :ZZ,']‘[RJ' + Sj + Z (O[j[ - 1)11‘1X,‘[ —}—/3]' lnkj

j= =1

—_

D
+ (C(j — Zaﬂ) IH(ZXZ']> — ((Xj +,3j)Tij:|
i=1 i=1
s M
+ [ Zijinmj+ Y Zi 1nn;f] (10.58)
j=1 Jj=s+1

s
[1nn,+R +; +Z (jy = 1)In Xy + BjIna;
=1

+ (aj - aﬂ)ln(zxil> — (e +,3]-)T,»j}

i=1

D
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where

D
Rj:<]nw>’ S]:<IHM>, lj=<]n(k +lel>>
[T T(eji) INCTINCR)
(10.60)
R;, Sj, and T;; are intractable in the above equations. Due to this reason we use
second order Taylor series approximation for R; and §; and first order Taylor series

approximation for 7;;. the equations are given in Egs. (10.30), (10.31), and (10.32),
respectively. It is a notable fact that (10.58) is of the form:

N K M
1nQ(z)=Z[Zzij1nf,»j+ >z 1nf;;.]+const (10.61)

i=1 " j=1 j=s+1

given
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D D
Infyj = Inj + Ry + S + (@ = Y@ ) In (3 Xuu) + B (in )
=1 =1

D
+ 3| @ja = ) Xia| - @+ B)Tj (10.62)

+ 3 [@a = D) nXia] - @+ B) T, (10.63)

=1

By taking the exponentiation of Eq. (10.58) we can write:

]‘[[]‘[ P ]_[ *Z”] (10.64)

Jj=s+1

Normalizing this equation we can write the variational solution of Q (Z) as

]_[ [ ]_[ r ]_[ l*Z'f] (10.65)

j=s+1

where r;; and r/’; can be obtained from Egs. (10.28) and (10.29). Also, we can say
that (Z;;) = rij for j = 1,...,sand(Z;kj>=r;;. forj=s+1,....M

Proof of Eq. (10.24): Variational Solution of Q(r*)

Similarly, the logarithm of the variational solution Q(Jt*) is given as

In 0(x}) =(1n p(X, 0))o .

N
=Z(Zij>lnn;‘ + (cj — 1) lnn;< + const

N
:1nn7|:2<Zij) +cj— 1:| + const (10.66)
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This equation shows that it has the same logarithmic form as that of Eq. (10. 15). So
we can write the variational solution of Q (Jt*) as

s 7M+xF(ZM: lc*f) M ¥ cj-1
Q(ﬂ*)=(1—2”k) = Il (1_2—'”>
—l Hj:s+lr(cj) j=s+1 k=1 7tk
(10.67)
where
N
=3 (Z)+ ¢ (10.68)

i=1

(Zij) = r; in the above equation.

Proof of Eq. (10.25): Variational Solution of Q (ct)

As in the other two cases the logarithm of the variational solution Q(a jl) is given
by

In O (a) ={1n p(X. 0},

D

<Zij>|:j((¥j1) +aj;InX;; —ajln (ZX”)]

i=1

pnqz

1
(ujl — 1) Inaj; — vjaj; + const (10.69)
where

T(oj+ Y04 ) >
T (i) l_lsD;zl (ajs) 0w

(10.70)

() = <1n

Similar to what we encountered in the case of R; the equation for J (oz ﬂ) is also
intractable. We solve this problem finding the lower bound for the equation by
calculating the first-order Taylor expansion with respect to « j;. The calculated lower
bound is given by

D+1

D+1
Llajr) = llnotjz[lﬂ<z§jz> (@1) Za]s

=1 s#l
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D+1
X ¢/< Z &jl) ((Inejs) — ln&js)] + const (10.71)

=1

This approximation is also found to be a strict lower bound of L(a j[). Substituting
this equation for lower bound in Eq. (10.69)

N D
In Q(aj) Z ij oejllnozjl|: <Z&j1>—lﬂ(5ﬂ)
=1

i=1

v( i@) XD: () — h@,)aﬂ} (10.72)

=1 d#l
N D

+ Zotjz(zij)[ln X —1In (Z Xi[)i| + const
i=1 =1

This equation can be rewritten as
In Q(O[j]) = ln()lj](ujl + @i — 1) — Oljl(vjl — ﬁﬂ) =+ const (10.73)

where

N D
‘pjlzz ij 05]1|: (Z ) Of]l)
i=1
D+1

(Za,l) ; ( Inaj;) 1na,1)a,1}¢’( 3 aﬂ>(< Inas) — 1najs)}

=1 =1
(10.74)

N
Z i) [lnXlz—ln(ZX,z)} (10.75)

=1

Eq. (10.73) is the logarithmic form of a Gamma distribution. If we exponentiate
both the sides, we get

Ofaj) ocaly o~ lrti)es (10.76)

This leaves us with the optimal solution for the hyper-parameters uj; and vj
given by
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uf;lzuj1+(pj1, v;‘lzvﬂ—ﬂjl (10.77)
By following the same procedure we can get the variational solutions for

Q(a), Q(B), and Q).
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Chapter 11
Online Variational Learning for Medical e
Image Data Clustering

Meeta Kalra, Michael Osadebey, Nizar Bouguila, Marius Pedersen,
and Wentao Fan

Abstract Data mining is an extensive area of research involving pattern discovery
and feature extraction which is applied in various critical domains. In clinical
aspect, data mining has emerged to assist the clinicians in early detection, diagnosis,
and prevention of diseases. Advances in computational methods have led to
implementation of machine learning in multi-modal clinical image analysis. One
recent method is online learning where data become available in a sequential order,
thus sequentially updating the best predictor for the future data at each step, as
opposed to batch learning techniques which generate the best predictor by learning
the entire data set at once.

In this chapter, we have examined and analysed multi-modal medical images by
developing an unsupervised machine learning algorithm based on online variational
inference for finite inverted Dirichlet mixture model. Our prime focus was to
validate the developed approach on medical images. We do so by implementing
the algorithm on both synthetic and real data sets. We test the algorithm’s ability to
detect challenging real world diseases, namely brain tumour, lung tuberculosis, and
melanomic skin lesion.
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11.1 Introduction

In modern era, imaging is increasingly implemented in medical diagnosis and scien-
tific research. Thus, leading to advances in technical and diagnostic improvements
in the field of medical imaging [1]. This has resulted in the emergence of medical
data mining which is an increasingly notable research domain [2]. In medicine,
imaging is a non-invasive biomedical technique applied in clinical contexts to
identify and diagnose diseases [3, 4]. Depending on the medical imaging technique
used, medical imaging can give insights into two categories of biomedical analysis:
structural or functional [5]. For example, MRI can be used to give structural
information of the tumour mass but can also be used to monitor blood flow into the
tumour, thus giving functional insights [6]. Although most medical images represent
anatomical structures of the body, application of data mining on them can give
valuable insights on the physiology and diagnosis for computer-aided diagnosis
[7-9]. However, extraction and analysis of pertinent information from the often
noisy medical images is becoming a more and more pressing issue [4, 10]. The
growth of computational methods and image processing has found its way in clinical
image processing and decision making [11]. These computational methods lead to
different interpretations, medical usefulness and highlight various characteristics of
the diagnosis by implementation of statistical models.

In this chapter, we describe how statistical approach has helped resolve the
problem of noise and increase the amount of information that can be extracted from
an image so as to support the clinician in making critical decisions faster and with
confidence [12]. The differences between Monte Carlo Markov chain (MCMC),
variational learning, and maximum likelihood estimation (MLE) methods have been
succinctly described in [13]. For instance, variational learning and MLE methods
have been described to be more efficient than MCMC. Out of these methods,
maximum likelihood estimation (MLE) has been the most well described and well
known in probabilistic models. It has been extensively applied for estimation of
parameters in modern statistics. In this method, the Expectation Maximization (EM)
algorithm has been generally adopted to be the standard methodology to learn
finite mixture models. One problem which EM faces is the over-fitting and being
unable to determine the model complexity [14]. However, the disadvantage can
be offset by the adoption of Bayesian framework. The Bayesian approach is very
comprehensive since the posterior distribution covers the uncertainty of the process.
In essence, the Bayesian framework goes hand-in-hand with an approximation
scheme. Robert and Cabella [15] describe the utilization of MCMC techniques as
the most significant sampling methods which enabled the application of Bayesian
techniques in wide aspects of studies. However, the critical challenge of MCMC
is limitation to small-scale applications due to the need of high computational
resources to solve it. In addition, convergence diagnosis approaches are not yet well
developed for MCMC methods. Thus, variational inference method was developed
to overcome the limitations of MCMC.
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Variational inference, also known as variational Bayes, is a deterministic approx-
imation method, where the model’s posterior distribution is approximated using
analytical procedures [16]. It has generated a lot of interest in finite mixture
models through the provision of high generalization schemes and high computation
tractability. Model selection and parameter estimation can be performed simultane-
ously through the use of variational inference.

Online mixture learning algorithms have been described to be more efficient in
the modeling of data streams, as compared to batch algorithms. Examples include
online Gaussian mixture models (GMM) considered for instance in [17]. The main
short-coming which has been witnessed in this method is the unrealistic Gaussian
assumption which is not catered for in real life. Most of the recent past research
works have demonstrated that simulations with other methodological approaches
can be better than the GMM when dealing with non-Gaussian data. A notable
example is the Dirichlet mixture which is a better alternative when dealing with
proportional data in several applications. The recent recommendation by a number
of researchers is that other distributions should be considered and adopted for better
results. For example, Bouguila and Ziou [18] developed an online learning approach
in which the MML criterion was utilized and incorporated. An online variational
inference algorithm has been developed in [19], also. In this chapter, we propose
a more elaborated way in which model selection and online learning are examined
simultaneously.

The rest of this chapter is organized as follows: Sect. 11.2 describes significant
approaches of using data mining in the healthcare domain. Section 11.3 describes
the motivation behind medical image segmentation. Sections 11.4 and 11.5 would
describe the way to estimate the model complexity of the finite inverted Dirichlet
mixture model and the parameters involved simultaneously in order to achieve
an online variational inference algorithm. Section 11.6 of the chapter describes
the accuracy and efficiency of the proposed approach on synthetic data sets and
challenging real world medical applications which is followed by conclusion in
Sect. 11.7.

11.2 Data Mining and Its Use in Healthcare

In simple terms, data mining approach uses computational models to extract useful
information from the data. Particularly, in healthcare, the data generated are rich
and multi-directional, e.g., electronic medical records data, medical image data,
proteomic and genomic data, to name a few [20]. Despite the abundance of data,
computer-aided decision support is at its nascency. In this aspect, data mining is
implemented to assist clinicians in the early detection, diagnosis, and prevention
of diseases. This is achieved by establishing models on medical data sets. These
models learn from the data and help predict disease prognosis and progression.
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Basically, data mining models are grouped into two categories; descriptive and
predictive models [21]. As the name suggests, descriptive models define the
associations that are represented in the data by pattern discovery [22]. In contrast,
predictive models are applied to predict a future behaviour or trend as opposed to
giving information of the existing behaviour [23]. Depending on the type of medical
data, a descriptive or predictive model is chosen for. The important data mining
tasks applied in healthcare to associate to patients raw data and extract it to validate
conclusions on the diagnosis and treatment regimens [24, 25] are:

11.2.1 Classification

Classification techniques are largely based on statistical models. As per the name,
classification refers to the concept of assigning data into target classes. Data are
grouped into testing and training sets whenever classification is being implemented.
Training data are used by the classifiers in coming up with conclusive attributes
of the data before they are put in classes whereas the testing data sets are used to
determine the correctness or accuracy of the classifier.

In hospitals or clinics, classification can be applied to determine risk pattern of each
patient depending on the data that are stored about the patient [26]. Since these
classifiers are rule based, they are implemented to classify the patient into low or
high risk populations for a certain diagnosis or disease [27]. In this approach, the
patient cases are known, thus classification can be described as supervised learning.
A practical application of classification is that the hospitals and diagnosing units
determine the cost of treating the patients in the classes of low risk or high risk
diseases [28].

11.2.2 Trend Analysis

Trend analysis is a purely statistical approach where data are temporally examined.
These data sets can be obtained through continuous recording of data of a specific
patient. The statistical approach to this is called time series data analysis [19]. In
this approach, data sets are assigned a “time” attribute such that time dependent
properties of the data sets can be deduced and analysed. This analysis is important
as time patterns and irregularities are critical concerns for the emergence of various
diseases. For example, patients often experience immense pain during and after
operation and require anesthesia. In normal recovery, the requirement of pain
analgesic changes over time. Thus, the analysis of dose delivery information of
the analgesic over time on a patient can help predict the variance of a patient
pain relief condition [29]. Another application of trend analysis is to follow the
population trends of patient populations undergoing a certain treatment for hospital
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visits, medical costs, and lengths of stay of patients [30, 31]. Thus, incurring a trend
in the aspects of treatment cost and effectiveness.

11.2.3 Clustering

Simply put, clustering of data is the placing of similar data together in a cluster and
dissimilar ones in the others. While clustering can be confused with classification,
there is a notable difference among the two. Clustering is an unsupervised learning
technique whereas classification is a supervised learning one. Importantly, in
clustering the data information about classes is not known. Clustering also does
not necessitate the subtle information for the partitioning of the data [32]. A
major challenge in this method is that clusters have to be identified first. Typical
examples of its application are genomic sequence analysis and genetic expression
data analysis [33].

11.2.4 Regression

In regression, data items are analyzed with the motivation of establishing a rela-
tionship in the known dependent variable and unknown and independent estimated
variable. Statistically, regression is the most effective tool for predicting future pat-
terns [34]. In biomedical research regression correlation coefficients are frequently
used to establish a cause and effect relationship. For example, to determine if the
patient has high blood pressure and the relationship of the risk of high blood pressure
to the weight and age of the patient [35].

11.2.5 Association

Association is the criterion in which the data are examined for the similarities or
bonding in which they can be attributed. In examining the data, association rule is
very effective. It reveals the correlations and relationships in which the objects are
portrayed. Association rules are critical factors in medical marketing, advertising,
and commodities management [13]. In essence, association rules make it possible
for grouping items as per their attributes, then generating rules which can be used
conclusively for the data sets. An accurate example is the ranking of hospitals
where data mining techniques facilitate the placing of different hospitals according
to their performance and other attributes by creating the necessary association on
information from various hospitals and then ranking them [14, 36].
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11.2.6 Summarization

Using summarization, data can be examined and abstracted to smaller groups or sets
of data. The smaller group of data gives the overall description or attributes of the
generalized data. The data which are being abstracted can be examined in different
ways or perspectives depending on the scope. For instance, this is effectively applied
on electronic medical records where the data of the patient population are analysed,
categorized based on the data and the insurance providers [16, 37]. By mining the
data this way, patterns and regularities of a data set are easily recognized.

11.3 Motivation for Medical Image Segmentation

Image segmentation has attracted immense amount of interest in the medical domain
because it can computationally discover the morphology inconsistencies embedded
in an image of given organ or a tissue or a cell without relying on a set of
predetermined labels. Conventional unsupervised image segmentation methods such
as k-means, k-medoid, and c-means are typically known for the problem of cluster
centre initialization and determination of optimum number of clusters. Similar
challenges are experienced in probabilistic-based methods such as Gaussian mixture
model (GMM).

These methods are not very suitable for real world classification problems due to
the existence of the many correlated sub-tasks. Recently, online mixture Gaussian
models and their extensions have been developed and also applied in many aspects.
However, the Gaussian’s consideration is rarely met and seems to be unrealistic in
many real life applications.

The number of clusters that describe the data without the effect of over-fitting
or under-fitting is one of the most challenging problems faced in finite mixture
modeling. This problem is traditionally solved by using the maximum likelihood
method with model selection criteria i.e., MDL, BIC, etc. However, using this
approach requires evaluation of the given selection criterion for several number of
components that is computationally demanding.

The two main challenging problems faced when dealing with finite mixtures are
the determination of the number of the mixture components and the estimation
of the mixture’s parameters. With regard to parameters estimation, two families
of approaches could be considered, namely frequentist and Bayesian techniques.
Maximum likelihood (ML) which is the most popular among frequentist estimation
techniques for mixture learning has several shortcomings since it can easily get
caught in saddle points or local maxima and it depends on the initially set
parameters.

In this chapter, we propose an online variational inference framework for finite
inverted Dirichlet mixture model and demonstrate its application to medical image
segmentation to assist medical practitioners in healthcare sector.
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11.4 Model Specification

11.4.1 Finite Inverted Dirichlet Mixture Model

The main reason for using finite inverted Dirichlet method is basically to have
a flexible distribution for our mixture model. Unlike the Gaussian distribution,
it is reasonably flexible and has the property to perform in both symmetric and
asymmetric modes. A graphical model for finite inverted Dirichlet mixture model
is shown in Fig. 11.1. Consider a positive D-dimensional vector that is sampled
from a finite inverted Dirichlet mixture model with M components. Hence, the finite
mixture of inverted Dirichlet distributions can be defined as:

M
p(Xi | m )= m;ID(X; | a;) (11.1)
j=1

where @ = (ay,....,ay) and 7 = (my,...., my) denote the mixing coefficients
along with the constraints that they are positive and sum to one. Also, the
term I D(Xj|eej) hereby represents the jth inverted Dirichlet distribution with the
parameter (ej) which is defined as [32]:

D D D
D(X; | ;) = (Da ) l—[ i~ (1—|—ZX,~1> Zi=i e (11.2)
=1

=1 “11 =1

where, X is positive for/ = 1,..., D and aj = (1, )2, .....0jp41), &js > O
for/ = 1,..., D + 1. Mean, variance, and co-variance of the inverted Dirichlet
distribution are hereby given as under:

Fig. 11.1 Graphical model
representation for finite 0
inverted Dirichlet mixture.
Symbols in the circle denote Z(t) -t @
the random variables;
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model parameters
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E[X/]= amaﬁ (11.3)

Ot[(Olj +apt1 — ])

var(Xl) = 3 (11.4)
(ept1 — 1) (apt1 —2)
ol
cov(Xy, Xp) = (11.5)
¢ (@ps1 — D2 (@pt1 —2))
We introduce an M-dimensional binary random vector Z; = {Z;1,...., Zim}

called the latent variable which is hidden for each of the observed vector X; in
order to calculate the maximum likelihood where Z;; is 1. Furthermore, conditional
distribution of the Z given the mixing coefficients is as under:

N M
p(Z | 7) ]_[]_[njz"’ (11.6)
i=1j=1

Therefore, the conditional distribution of the data set X can be written as:
N M
X|Z¢x=HH (X; | ;) (11.7)

Assuming that the parameters of the inverted Dirichlet are statistically independent,
and for every parameter « j;, the gamma distribution that is adopted to approximate
the conjugate prior is given as below:

uji

pleji) = Glaji luj, vir) = F(Jl l)a’;;'lfl
Uj

Here, {u;} and {v};} are hyper-parameters which have constraint such that u j; > 0
and vj; > 0. Now considering & we can write,

e Vit (11.8)

M D
=[1]]p() (11.9)

j=li=1
The joint distribution of all the random variables can be written as:
p(X. Z.a|x)=p(X|Z a)p(Z|m)p(a)
D+1
[
i=1j=1 (1)

=1



11 Online Variational Learning for Probabilistic Machine Learning. . . 243

D+1 = e z;
x (1+in,) } (11.10)
=1

M D+1 "‘/l

<[111 7

/lll

o'~ v (1L11)

11.5 Online Variational Learning for Finite Inverted
Dirichlet Mixture Model

11.5.1 Variational Inference

Variational inference is used to formulate the computation of conditional probability
in terms of an optimization problem which is basically deterministic approximation.
The main objective of variational inference is to perform an approximation of
conditional density of latent variables based on the observed variables. The best
choice to find this approximation is by doing optimization. In essence, we make
use of a family of densities over the latent variables, which are parameterized by
free “variational parameters”. Therefore, the task of the optimization is to find the
member from this density family, i.e., the setting of the parameters that lie close
to the conditional of interest using KL divergence [38]. In order to estimate the
parameters of the finite inverted Dirichlet mixture model correctly and to select the
appropriate number of components for the model, we adopted an online variational
approach [39]. For simplifying the notation, we define ® = {Z, OL}. The main
purpose of variational learning is to find an approximation Q(®), that approximates
p(®|X, r). To do this, we find the Kullback-Leibler (KL) divergence which is the
distance between the distribution Q(@) and posterior distribution p(@ | X, ]1')
given by,

L(Q 1l P) /Q ( OQ|(5) ”))d@ (11.12)

Modifying this equation we can write

L(Q |l P) =M p(X|m) - L(Q) (11.13)

where, L(Q) is called the variational lower bound, defined as:

/Q < XQ(%;H)>d@ (11.14)
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The KL divergence being a similarity measure follows the conditions K L(Q [
P) > 0 and KL(Q || P) = 0 when Q(@) = p(@ | X). From (11.13) we
can say .E(Q) is the lower bound of p(X | ]1.'). We maximize the lower bound
which means we are minimizing the KL divergence and hence approximating the
true posterior distribution. However, the true posterior distribution cannot be used
directly for variational inference as it is computationally intractable. Therefore, for
this reason we use the method of mean-field approximation for our algorithm [40-
42] by which we factorize Q (@) into disjoint tractable distributions as below:

0(0) = 0(2)2(a) (11.15)

To maximize the lower bound L(Q), we are supposed to make a variational
optimization of L(Q) with respect to each factor. The variational solution for a
specific parameter Qy (©) is:

exp(ln p(X, @)>#k
0i(@r) = [exp(In p(X, @)>¢kd@ (11.16)

where <) 2k is the expectation with respect to all the parameters other than ©&y.

We hereby can obtain the following optimal variational solutions for the finite
inverted Dirichlet mixture model (derived in Appendix section Proof of Eq. (1 1.17):
Variational Solution of Q (Z) and in Appendix section Proof of Egs. (l 1.18),
(11.22) and (11.23))

0(2) =1_[Hr5ij (11.17)

M D+1
0@ =[] [ Gejlus. v (11.18)
j=11=1
where,
Pij
rij = =g (11.19)
Zﬁ/lzl Pij

D+1 D

D
Pij = exp{ 1nnj+ﬁj+z (aj[—l)]n X,‘[—Z aj In (1+Z Xil)} (11.20)
=1 =1 =1

R: = F( lDnglajl)

I r(@a)
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+ gaﬂ [w(DZH 51’!) - W(a-/’)} [{ina) —ma

=1

1 D+1 D+1 )
+3 2 [%”( > 5./!) - W(Eﬂ)] —((nay —ma;)?)
=1

=1

| D+1 D41 D41
+ 3 Z Za]‘a Ejb[w/< Z ajl) ((lnaja> — ln&ja>

a=1 b=1 =1
x ((maﬂ,) — 1najb)} (11.21)

The estimation equations for u’]‘.l and v;‘l are given by (derived in Appendix
section Proof of Eqgs. (11.18), (11.22) and (11.23))

N D+1
wh = uji+ ) (Zij)a [l/f( > %) — (@)
i=1 s=1
D+1 D+1
+Z¢/<Za,-s> xajs((lnajx)—lnajs)} (11.22)
KE= s=1

N D+1
vjflzvﬂ—Z(Zij>[lnXﬂ—ln (1+ inl>] (11.23)

i=1 =1

w( . ) and ¥’ ( . ) in the above equations represent the digamma and trigamma
functions. The expectation of values mentioned in the equations above is given by
the equations below,

(Zij) =rij (11.24)
u
@i = o) = v—ff (Inajr) = v (k) — nv (11.25)
il
2
((majr = na;n)®) = [w () =y |+ v/ () (11.26)

We therefore maximize the variational lower bound L(Q) to estimate the
coefficient & which is treated as parameter for mixture model. The derivative of this
lower bound with respect to & (derived in Appendix section Proof of Eq. (11.27)) is
given as under:
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N
1
wj= NZrij (11.27)
i=1

Therefore, for the variational learning of inverted Dirichlet mixture model, the
value of the lower bound is calculated as:

2z,
L0 =Y [ 0z aym P20 0

=<hnpxlZ,a) >+ <Inp(Z|x) > + <lnp(a) > (11.28)
—<mnQ(Z)>—-<hQ(x) >

11.5.2 Online Variational Inference

In this section, we present an online variational inference algorithm for finite
inverted Dirichlet mixture models. In this algorithm we treat variational inference
as a natural gradient which is the inverse of the Riemannian metric multiplied by the
gradient [43]. We do this as it helps to achieve optimal convergence which allows to
have faster online inference.

Online learning is when the data become available in a sequence and later the
previous data are used as a reference to update the best predictor for the new
incoming data at each step since the data are continuously arriving in online fashion.
It is different from batch learning variational technique, in which we know the best
predictor by working on the entire data set at the same time. Online learning is being
commonly used in many areas where it is completely infeasible to train the entire
data set at once since the data set is too large to be trained altogether. Online learning
is also extensively useful in areas such as stock price prediction where it is important
to adapt to the new patterns in the data or even when the data itself are generated
as a function of time. In such a case when the data are continuously arriving in an
online fashion, we have to estimate the variational lower bound to a fixed amount
of data which is N. Considering this, the value expected from the model evidence
p(X) for a data with finite size can be derived as [44]:

(In p(X)), /¢(X) In (/p(X|@)p(@)d(@)>dx (11.29)

where ¢ (X) represents the probability distribution which is unknown for the
data observed. Thus, the corresponding expected variational lower bound can be
computed using [44]:
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p(X,ZIa)p(a)] >
In| —————=|d
(L), <Z/Q(“)Q(Z) [ oo |,

pX, Z|a) >
=N de{ Y Q(Z)In| ——— 11.30
fQ(a) a< a o( )n[ 02 L} (11.30)

pla)
In
/Q() [Q( )]

We consider ¢ as the actual amount of data observed, thus for the observed data, the
current lower bound can be estimated by [44]

£9(Q) = /Q(a)daZQ(Z)l [”(X”Z '“)}

0 (Z)
p(a)
In
fQ( ) [Q( )}

We realize that while N remains fixed, ¢ increases over time. The main reason
for this is the fact that the principal objective of the proposed online algorithm is
the expected log evidence computed for a fixed amount of data. Even if there is an
increase in the observed data, the algorithm basically computes the same quantity.
Now relating this to the context, the former observed data are then used to improve
the quality of estimation of the expected variational lower bound in Eq. (11.30). This
inherently approximates the resulting log evidence as it does not have any previous
knowledge of the former observed data.

With respect to the expectation values we saw in previous section, Egs. (11.25)
and (11.26) fori =1,2,...,Nandl =1,2,..., D 4+ 1 get modified to the below
equations as the data are getting updated in online fashion.

(11.31)

)

@i = (aj) = le 5o (g = g () =Y (11.32)
Jl
(majr = na;n)*) = [w (") = mufy ”] +y (W) (11.33)

The fundamental concept of this online algorithm is to enable successful
maximization of the present variational lower bound in Eq. (11.31). Assuming that
the observed data set exists in the form {X, ... X;_1}. For every new observation
X:, we mainly perform maximization of the present £o (Q) with respect to Q (Zt)

while Q(«) is set to Q(’ “D(a)and jissetto nj(ffl). Hence, the variational solution
can be computed using:
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M
0(Z:) = ]_[ (11.34)

where we substitute Eq. (11.19) and p;; becomes

D D+1
pijzexp{lnn;t_l)+léj+2 otjl—l lnXlz—Zaﬂ ln I+ZX,1 }
=1

(1135
where R; is given by

R, = F(ZlDﬁlaﬂ)

= In
! 2T (@)

n gaﬂ |:I/f<ll)2:;15jl> - W(&ﬂ)} [(ine) —

! Z [ (lglajo—w’(&jz)]—<(1““ﬂ—1“5,~,)2)
41 Di%a]ua]b[l/,’(%aﬂ)((maja)—1naja)

a=1 b=1 =1
x ((1naj,,)—1naj,,)} (11.36)

Later, we maximize the lower bound £ (Q) with respect to Q) («) and nl(.t)
while Q(Z,) is fixed. As mentioned before, here we consider variational inference
as a natural gradient method. Therefore, the coefficient matrix for the posterior
parameter distribution gets canceled since the natural gradient of a parameter
is obtained by multiplying the gradient by the inverse of Riemannian metric.
Therefore, the natural gradients for Aujs, Avjs for j = 1,2,....,M, and s =
1,2,...., D+ 1 are

D+1
Aujs = djs [Iﬂ( > 5;’!) —y(@j) (11.37)
=1
D+1 N
+ w’( Z ajl) X o << ln(le) — ln5j1>i| Zrij

=1 i=l1
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N D
Avjg == rijlIn Xis —In(1 + Y Xi)] (11.38)

i=1 I=1
Thus, the variational solution to Q® («) is given by

M D+1

0 =[] ]] Gleilut. vip (11.39)

j=11=1

Therefore, we update the hyper-parameters and optimal variational parameters
as

u) =ul + pduy (11.40)

vl =iV 4 o Avy (11.41)

where p; is learning rate in which € € (0,1) and 5, > 0 are defined as
pr = o +1)"¢ (11.42)

The function of the learning rate here is adopted from [45] and is used to forget
the earlier inaccurate estimation effects that contributed to the lower bound and
expedite the convergence of the learning process. Online learning embraces the fact
that learning environments can (and do) change from second to second. The mixing

()

coefficient 7; is given by

7 (1=1)

78 =247V 4 o Any (11.43)

where Arm; is

Anj——z iy — 200 (11.44)

The variational lower bound in case of online variational inference does not
always increase whereas in batch variational it does because in case of online
learning a new contribution is always added to the lower bound for each new
observation. It is very important to choose the hyper-parameters and the learning
rate accurately since it might affect the convergence of the model.
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Algorithm 1 Online Variational learning of the finite inverted Dirichlet mixture

model

1. Choose the initial number of components M.

2. Initialize the value of hyper-parameters values for u j; and vj;.
3. Using K-means algorithm, initialize the value of r;;.

4. fort=1— Ndo

i The variational E-step:
ii Update the variational solutions for Q(Z;) using r;;
iii The variational M-step:
iv. Compute the learning rate p; = (n, +1)~¢
v Calculate the natural gradients Au j;, Av;s and Ax; using (36), (37) and (43) respectively.
vi Update the variational solution for Q(’)(a) and the mixing coefficient n;? through (38) and
(42)
vii Repeat the variational E-step and M-step until new data is observed.

5. end for

11.6 Experimental Results

In order to evaluate the performance of our proposed algorithm we first validate it
on synthetic data sets of varied sizes. Once the algorithm is validated, we further
apply it on real world medical image data sets which are available with ground
truth to perform segmentation and analysis of diseases. In our case, we performed
medical image segmentation on three data sets of different diseases and different
medical image testing techniques. We applied the algorithm to detect brain tumour,
skin lesion, and tuberculosis. Furthermore, we have used three different formats of
images to test the applicability of the algorithm on varied output formats, namely
MRI scans, normal photographs, and X-ray images.

In order to have an insight on the accuracy of our algorithm we further compared
it to the implementation of online variational inference of finite Gaussian mixture
model on the data sets. We chose online variational inference of finite Gaussian
mixture model as the comparison algorithm since Gaussian mixtures are widely
applied in medical applications.

11.6.1 Image Segmentation

Image segmentation is a key challenge in image analysis. In medical imaging, it is
a particularly difficult challenge due to high variability in the image data sets. This
variability arises due to two reasons. One, each human itself has variability in the
anatomy of the organ or tissue. Second, there is an additional technical variability
introduced to the images due to the different modalities (e.g., MRI, PET scans, CT
scans, etc.) by which the image is created.
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Let’s say we have an input observed dataframe X which contains N pixels such
that X= {X1, ... Xn}. Each pixel is modeled as a mixture of M inverted Dirichlet
distributions:

M
p(Xi|m a) =Y m;ID(X; | ;) (11.45)
j=1

where X; is the pixel intensity value. We normalize the pixel values of an input
image to unit sum. In all our experiments, we initialize the number of components M
to 15. The parameters of the € and 1, learning rate are set to 0.1 and 64, respectively.
The accuracy of the algorithm was verified by comparison with the ground truth
that was available for each data set. According to our experiments, a good choice
of the initial values of the hyper-parameters u j; and v;; are discovered to be 1 and
0.01, respectively. We can thus detect the optimal number of the components M by
eliminating the components with the small mixing coefficients close to 0.

11.6.2 Synthetic Data

The goal of using synthetic data is to investigate the accuracy of the online
variational approach for both parameter estimation and model selection. Therefore,
we first tested the model accuracy on synthetic data sets. These data sets consisted of
different data sizes, namely 300, 400, 600, 800, and 1000. The effectiveness of the
algorithm was tested by estimating the mixture parameters. Table 11.1 represents a
comparison of the estimation performed by online variational learning of inverted
Dirichlet mixture model versus the real parameters. It is noted that our algorithm
can determine mixing coefficient parameters (&1, &2, @;3 and 77 ;) close to the real
data parameters (1, @2, @;3 and 7).

There are different ways that can be used for estimation of the number of
components. In our case, once the algorithm reached convergence, we removed the
components with very small (less than 10~) mixing coefficients in each data set.

11.6.3 Medical Image Data Sets

After validating the algorithm on synthetic data sets, we applied it on three
biomedical image data sets. These data sets were used to detect three different
disease morphologies which were created using three different imaging techniques.
These data sets were MRI scan of brain tumours, X-ray scans of lung tuberculosis,
and normal png format pictures of skin lesions. We observed that our algorithm
could detect the morphological and structural anomalies similar to the ground truth
data. We used 25 images in each case and compared the results of our proposed
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Table 11.1 Real and estimated parameters of different data sets

(N =1000) | 200 11 32 63 020 |11.86 |[34.79 |68.16 |0.17
200 22 45 51 020 |23 46.1 51.59 0.21
200 28 83 90 020 |28.71 |83.81 |88.55 |0.22
200 |5 |40 3 56 020 |37.94 295 5505 0.20
N denotes the total number of data points, N; denotes the number of data points in the
cluster j.aji, aj2, « 3 and 7r; are the real parameters and &1, &2, & ;3 and 77; are the parameters
estimated by our proposed algorithm

Data set Nj j o] oo o;3 7 &j] 51]’2 5(]3 ﬁj
S1 100 1 7 25 79 0.33 7.43 25.62 80.28 0.33
(N = 300) 100 2 11 32 63 0.34 10.41 31.81 62.97 0.34
100 |3 |22 45 51 0.33 2237 14399 |51.09 |0.33
S2 200 1 7 25 79 0.50 6.89 25.82 81.9 0.49
(N = 400) 200 |2 |11 32 63 0.50 |11.52 339 67.36 | 0.51
S3 200 1 7 25 79 0.33 7.56 25.62 79.3 0.33
(N = 600) 200 |2 |11 32 63 034 |11.26 3155 |62.78 |0.34
200 3 22 45 51 0.33 22.42 46.66 51.55 0.33
S4 200 |1 7 25 79 0.25 7.5 2553 8288 0.26
(N = 800) 200 2 11 32 63 0.25 11.32 33.21 68.4 0.24
400 3 22 45 51 0.50 21.2 44.55 50.87 0.5
S5 200 1 7 25 79 0.25 6.98 24.95 78.76 0.24
(N = 800) 200 2 11 32 63 0.25 10.21 29.43 60.29 0.25
200 3 22 45 51 0.25 22.11 45.11 50.85 0.27
200 |4 |28 83 90 025 |28.75 854 93.05 0.24
S6 200 1 7 25 79 0.20 7.32 24.95 76.64 0.20
2
3
4

algorithm with online variational learning for Gaussian mixture model to determine
the model performance.

11.6.3.1 Brain Tumour Detection

Gliaomas or brain tumours are the most prominent brain malignancies which exhibit
varying degrees of aggressiveness, prognosis, and inherent variability in the MRI
image representation. Due to the heterogeneous nature of the brain anatomy, the
MRI image segmentation and tumor detection is a highly challenging task [46].
For this, the brain tumour data set was obtained from BRATS2015! [47, 48].
The data set consists of four MRI sequence images for each patient. The MRI
sequence images were fluid attenuation inversion recovery (FLAIR), Tlc, Tlp, and
T2 which all stand for images which are weighted with respect to the relaxation
time of protons in the body tissue during the scanning. FLAIR is widely applied

Thttps://www.smir.ch/BRATS/Start2015.
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to detect clinical malformations related to diseases like multiple sclerosis (MS),
haemorrhages, meningitis, etc. [49]. In our experiment, we used the available
FLAIR images for image segmentation and brain tumour detection.

The resulting accuracy of brain MRI segmentation was measured using Jaccard
and Dice metrics. This is illustrated in Fig.11.2, and the mean and standard
deviation are illustrated in Fig. 11.3. The Jaccard and Dice for the BRATS20152 data
set were significantly greater for our proposed algorithm than the online variational
Gaussian mixture model helping us conclude that it can be useful to detect tumours.
The mean was 0.5 greater than the compared algorithm, and the standard deviation
was comparatively less showing the robustness of our model.

Representative segmentation results after running our proposed algorithm are
depicted in Fig. 11.4 where the three clusters generated by the algorithm are depicted
against the MRI image. The last image in the panel is the best prediction made by
the algorithm, and it is seen that the algorithm is able to identify the brain glioma.
Further, the post processing images are depicted in Fig. 11.5 where the last image
in the panel is the post processed ground truth image. The predicted image by the
algorithm was compared against the ground truth. We are able to visibly see the
similarities of the detection by the algorithm versus an expert’s opinion.

11.6.3.2 Skin Lesion Diagnosis

Similarly to brain gliomas, skin melanomas are also difficult to detect. Specially
because the naked eye is not able to differentiate between the malignant and
benign skin melanoma [50]. Therefore, digital imaging and lesion detection with
identification can help increase the efficiency in the detection and treatment [S1].
Furthermore, since skin is the largest organ of the body and highly visible, taking
photos of the melanomas from smart phones would add convenience in the process.
However, analysis of smart phone medical images is also a challenging task due
to the heterogeneity [52, 53]. For this reason, the data used for assessing the
performance of the proposed algorithm were done on the photos of skin lesion
obtained from International Skin Imaging Collaboration.> The data set consists of
images of skin melanoma of patients.

The accuracy of the result obtained from skin image segmentation is measured
by Jaccard and Dice metrics as illustrated in Fig. 11.6, and the mean and standard
deviation are shown in Fig. 11.7 by comparing the proposed algorithm with online
variational finite Gaussian mixture model. The Jaccard index and Dice coefficient
for the data set were significantly greater for our proposed algorithm since both
the values for each image were above 0.85. The mean was 0.7 greater than the
compared algorithm, and the standard deviation was 0.05 less for our algorithm

2Same as footnote 1.
3https://isic-archive.com/api/v1.
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Fig. 11.2 Results using Jaccard and dice evaluation metrics for brain tumour detection. (a)
Jaccard metric. (b) Dice metric

proving the robustness of our algorithm. This demonstrates the accuracy of our
model for predicting skin lesions.

Figure 11.8 shows a representative image of skin melanoma from the ISIC
database (left panel, first photo), and the best segmented and detected melanoma
by the algorithm can be seen at the end of the panel in the figure. In this case, the
algorithm was able to detect 14 clusters. Figure 11.9 displays a representative skin
melanoma image achieved after post processing for the ground truth in order to
compare it with the algorithm.
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Fig. 11.3 Mean and standard deviation results for brain tumour detection. (a) Mean. (b) Standard
deviation

Standard Deviation
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Brain tumor MRI Predicted

Fig. 11.4 Best segmented brain MRI images: (a) Input image, (b) 3rd Cluster, (c) 6th Cluster, (d)
7th Cluster

Ground truth

Fig. 11.5 Segmented brain MRI images after post processing: (a) Clustered image, (b) Binary
image, (c¢) Clustered after filling holes, (d) Processed clustered image and (e) Ground truth image.
The data set was taken from BRATS database [47, 48] where the ground truth data were available

11.6.3.3 Lung Tuberculosis Detection

Tuberculosis is caused by Mycobacterium tuberculosis which majorly infects the
lung but can spread rapidly through the body [54]. X-ray is currently the most
common diagnostic tool used to detect tuberculosis. However, a lot of time the
infection goes undetected due to the high intrinsic noise in the X-ray measurements
[55]. Besides, in a low resource setup X-ray interpretations are performed by
non-experts [56]. Here, a digital analysis of detection can lend to computer-aided
decision support. Therefore, the third data set used for this analysis is an X-ray
image selected from collection of data compiled by National Library of Medicine
in collaboration with the Department of Health and Human Services, Montgomery
County, Maryland, USA [57, 58]. The sample set is composed of 58 cases with
manifestation of tuberculosis and 80 normal cases. Each image is gray-scale with
a spatial resolution of 4020 x 4892, or 4892 x 4020. We performed our algorithm
on 25 images and on cases where tuberculosis was detected. It is to be noted that
we compared only the right mask of the lung for the algorithm predictions as the
ground truth was available for that.

The accuracy obtained by performing lung segmentation is given by Jaccard and
Dice metrics as illustrated in Fig. 11.10, and the mean and standard deviation are
shown in Fig. 11.11. The Jaccard and Dice for this data set were significantly higher
for our proposed algorithm since each image had a considerable difference in the
value from the online variational learning of finite Gaussian mixture model. The
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Fig. 11.6 Results using Jaccard and Dice evaluation metrics for skin lesion diagnosis. (a) Jaccard
metric. (b) Dice metric

mean was 0.11 greater than the compared algorithm, and the standard deviation was
comparatively less for our algorithm showing the strength of our model.

Figure 11.12 is a representative image of the algorithm prediction where the top
four clusters are depicted. In the panel the first image is that of the X-ray and the
last image is of the best predicted tuberculosis image by the algorithm. There were
14 clusters generated by the algorithm which are not shown here. Figure 11.13
depicts the images of the same lung X-ray segmentation after post processing on
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Fig. 11.7 Mean and standard deviation results for skin lesion diagnosis. (a) Mean. (b) Standard
deviation

segmentation. It can be clearly seen in the last images of Fig. 11.12 (predicted) and
Fig. 11.13 (ground truth) that the algorithm is able to capture the similar segment of
tuberculosis in the right lung.
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Fig. 11.8 Best Segmented Skin Lesion Images: (a) Input image, (b) Oth Cluster, (c) 9th Cluster,
(d) 14th Cluster (e) 10th Cluster

Ground truth

Fig. 11.9 Segmented Skin lesion images after post processing: (a) Clustered image, (b) Greyscale
image, (¢) Binary image, (d) Binary image after filling holes, and (e) Ground truth image. The data
set was taken from ICIS database where the ground truth data were available

11.7 Conclusion

Computational and statistical approaches like the one presented in this chapter
hold a significant impact on medical image analysis and interpretation in both
clinical applications and scientific research. Recent progress in the development of
unsupervised algorithms and their implementation as a method for medical image
analysis has enabled efficient discovery and determination of morphological and
textural patterns in the images solely from the data provided to the algorithm.

This chapter proposed an online variational algorithm for finite inverted Dirichlet
mixture models learning. With the implementation of this method, we depict the
advantages of estimating the full posterior distribution of the model parameters in
contrast with the maximum likelihood approach.

The effectiveness of the proposed approach has been evaluated on both synthetic
data sets and medical image data. In comparison with the online variational
finite Gaussian mixture model algorithm, our online inverted Dirichlet mixture
model algorithm is much more efficient and effective on multi-modal data sets.
The experimental results show the validity of the proposed approach in terms of
parameter estimation and model selection on different data sets.

However, there are certain restrictions in the application of this approach on
medical image data sets. First, as witnessed in this chapter, the application of
this approach would improve its performance by the use of large data sets where
the method can find more generalized feature. Second, although the unsupervised
feature extraction and representation have enhanced accuracy, it is to be noted that
the methodological architecture to achieve this requires domain-specific knowledge
due to the scarce availability of ground truth data [59, 60]. Third, due to the vast
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Fig. 11.10 Results using Jaccard and Dice evaluation metrics for lung tuberculosis detection. (a)
Jaccard metric. (b) Dice metric

expanse of medical imaging instruments and techniques, it is of high importance
to develop algorithms and methods to efficiently acquire the images from these
techniques such that they can be further handled effectively by the use of the
unsupervised algorithms [61]. Finally, it is to be noted that the use of an analysis
where the posterior distribution is of importance can be deemed impractical. This
typically happens when the model and its interaction with the parameters are too
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Fig. 11.11 Mean and standard deviation results for lung tuberculosis detection. (a) Mean. (b)
Standard deviation

complex for posterior distributions to be calculated accurately. In such cases, there
is no option but to revert to methods where point estimates are derived.

The future work can be devoted to include feature selection component with the
proposed model along with an extension of online model to generalized inverted
Dirichlet mixtures which would help us improve the model learning.
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L
N,

N

Lung tubercolosis XRay Predicted

Fig. 11.12 Best segmented Lung images: (a) Input image, (b) 10th Cluster, (c¢) 7th Cluster, (d)
4th Cluster, (e) Oth Cluster

/

Ground truth

Fig. 11.13 Lung X-ray after post processing: (a) Clustered image, (b) Binary image, (¢) Clustered
after filling holes, (d) Processed cluster and (e) Ground truth image. The data set was taken from
Montgomery County—Chest X-ray Database provided by National Library of Medicine where the
ground truth data were available

Appendix

Proof of Eq. (1 1.1 7) : Variational Solution of Q (Z)

For the variational solution Q;(®;), the general expression expressed as:
In Q5(6y) = (In p(X, ©)),_ + const (11.46)

where const is an additive term representing every term that is independent of
0 (®;). Now consider the joint distribution in Eq. (11.10), the variational solution
for Q(Z) can be derived as follows:

D+1
InQ(Z) = o [mn,- +R; + Z(aj, —1) lnXi1:| + const (11.47)
=1

Where

oD
<ln AN S LI (11.48)

R; = >
J :
1_[D'i‘ll=l F(O(][) Ol 0D
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and
uj
Jjl

Since we don’t have a closed form solution for R;, therefore it is not possible
to directly apply the variational inference. Therefore, in order to provide traceable
approximations, the second-order Taylor’s expansion is used to approximate the
expected values of parameters o; [14]. Hence, considering the logarithm form
of (11.6), Eq. (11.47) can be written as

N M
InQ(Z) =YY Zijlnpi + const (11.50)
i=1 j=I
where
D
Inp;j =Inmj +R; + Y (@ji— D)In Xy (11.51)
=1

Since all the term without ZZ;; can be added to the constant, it possible to show that

N oMo
0(2) o« []]1 pi (11.52)
i=1j=1

To find the exact formula for Q(Z), Eq.(11.53) should be normalized and the
calculation can be expressed as

0@ =111 ro (11.53)

where

rj=— (11.54)

M
> j=1Pij
It is noteworthy that Zyz 1 Fij = 1, thus the result for Q(Z) is

(Zij) =rij (11.55)
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Proof of Egs. (11.18), (11.22) and (11.23)

Assuming the parameters « j; are independent in a mixture model with M compo-
nents, we can factorize Q () as

M D+1

o) =[] ]] en (11.56)

j=11=1

We compute the variational solution for the Q(«j;) by using Eq. (11.16) instead of
using the gradient method. The logarithm of the variational solution Q(c;;) is given
by,

In () ={1n p(X. O)} .

N N D+1
Z ajz)+ajlz<zij>lnxiz—otjzln<l+ZX,'[)
i=1 i=1 =1

+ (U — 1) ln()ljl Vjjaj; + const (11.57)

where,

(11.58)

Tlap) = <ln

D+1

F(aﬂ + 25721_ Oljs) >
D+1

F(ajl) I—[s;él F(ajs) OFaj

Similar to what we encountered in the case of R;, the equation for J () is also

intractable. We solve this problem finding the lower bound for the equation by

calculating the first-order Taylor expansion with respect to @ j;. The calculated lower
bound is given by [44],

D+1 D+1
J(aji) = @jilnaj [W( > a,l) @)+ ajs

=1 s#l

D+1
x W( > 51‘!) (najs) — ln&js)} + const (11.59)
=1

Substituting this equation for lower bound in Eq. (1 1.57)

N D+1

an o] ZZ ij a]llna]ll:w<zaﬂ)_w(aﬂ)

i=1 =1
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+ Li] %W( Lil ajl) (Inas) —1n @./s)}

sl =1

N D+1
+ozj,Z(Zij)lnX,»l —oajln <1 + Z Xi1>

i=1 =1

—|—(uj1—l)lnaj[—vjlajl—i—const (11.60)

This equation can be rewritten as,

In Q(aﬂ) = ln(le(ujl + @i — 1) — (xﬂ(vﬂ — ﬁﬂ) + const (11.61)
where,
N D+1
0ji =y (Zijja [W( > 51‘!) — ¥ (@)
i=1 =1
D+1 D+1
+ Z@M(Z@,)((lnaﬂ)—lnaﬂ)] (11.62)
sl 1=1
N D
91 =Z(zij)[1n X —In (1 + Zx,-,)} (11.63)
i=1 =1

Equation (1 1.61) is the logarithmic form of a gamma distribution. If we exponenti-
ate both the sides, we get,

O(ajr) o a?flw'”*]e*(”f’*ﬁf")“ﬂ (11.64)
This leaves us with the optimal solution for the hyper-parameters uj; and vj
given by,

*

uj

=i+, Vi =vi— 9 (11.65)

Proof of Eq. (11.27)

We calculate the mixing coefficients value w by maximizing the lower bound w.r.t
to ;. It is essential to include Lagrangian term in the lower bound because of the
constraint Z;VIZ 1 j = 1. Then, solving for the derivative w.r.t r; and setting the
result to zero, we have [44]
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0oL oL
BJ(TJ-Q) = (Q)ZZr,jlnnj—f—k(an )

i=1j=1

N

> rj/mp) 4+ =0 (11.66)
i=1

N
=Y rij=—hmj (11.67)

i=1

By taking the sum of both sides of Eq. (11.67) over j, we can obtain A = —N.

Then substituting the value of A Eq. (11.66), we can obtain

N
1
w; =NZrij (11.68)

i=1
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Image Modeling and Segmentation



Chapter 12 )
Color Image Segmentation Using Qs
Semi-bounded Finite Mixture Models by
Incorporating Mean Templates

Jaspreet Singh Kalsi, Muhammad Azam, and Nizar Bouguila

Abstract Finite mixture models (FMM) are very popular for image segmentation.
But, FMM assumes that each pixel is independent from each other. Thus, it does not
consider the spatial information of the pixels which makes FMM more sensitive
to noise. Generally, the traditional FMM consists of prior probability (PP) and
component conditional probability (CP). In this chapter, we have incorporated
mean templates, namely weighted geometric mean template (WGMT) and weighted
arithmetic mean template (WAMT) to compute the CP. For estimating PP, the
weighted geometric mean prior probability (WGMPP) and weighted arithmetic
mean prior probability (WAMPP) templates are used. Lastly, the Expectation-
Maximization (EM) algorithm is used to estimate the hyper-parameters of the
FMM. Our models are proposed based on inverted Dirichlet (ID), generalized
inverted Dirichlet (GID), and inverted Beta-Liouville (IBL) mixture models using
the mean templates. For experimentation, the Berkeley 500 (BSD500) and MIT’s
Computational Visual Cognition Laboratory (CVCL) datasets are used. We have
also employed eight image segmentation performance evaluation metrics such as
adjusted Rand index and homogeneity score to validate the image segmentation
results for the BSD500. Additionally, we have also compared the segmentation
outputs for the CVCL dataset which are computed using the traditional RGB
and /1513 color spaces. The results obtained from IBL mixture models (IBLMM)
are more promising than ID mixture models IDMM) and GID mixture models
(GIDMM).
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12.1 Introduction

In computer vision, image segmentation plays foundational role [1-8]. Innumerable
techniques such as active contour [9-12], graph-cut-based [13—15], model-based
[16—19], machine learning [20-22], and clustering-based [13, 23-29] methods have
been proposed for tackling the image segmentation problem. But, none of them
is universally applicable. Thus, the hunt for optimized and robust models for
image segmentation is still under-process and also an open question [30, 31]. The
challenges faced in image segmentation are the integration of spatial information,
finding the exact number of clusters, and to segment the object smoothly without any
inaccuracy specially when the image possesses noise, a complex background, low
contrast, and inhomogeneous intensity. The use of FMM for image segmentation is
a very popular approach in the field of computer vision [32]. The research on FMM
for image representation and classification is discussed in [33-35]. A survey on the
mixture expert’s history can be found in [36]. The application of image segmentation
using FMM ranges from the segmentation of human brain [37], automatic number
plate recognition [38], content-based image retrieval [39], texture recognition [40],
facial recognition [41], satellite imagery [42], etc. Image segmentation using
FMM undergoes some problems. FMM-based image segmentation considers neither
spatial correlation among the peer pixels nor the prior knowledge that the adjacent
pixels are most likely belong to the same cluster. Also, color images are sensitive to
illumination and noise [43]. To overcome these limitations, abundant techniques
have been proposed to integrate spatial information. Some common approaches
are markov random field (MRF) [44], hidden MRF models [45, 46], etc. But, the
main drawback of using MRF models is that they are computationally expensive
and require additional parameter to control the degree of image smoothness. In
order to solve all the issues discussed above, we have applied mean templates
for CP and PP, proposed in [44]. Furthermore, from the mean template, we
can obtain four methods that are geometric conditional geometric prior (GCGP),
geometric conditional arithmetic prior (GCAP), arithmetic conditional geometric
prior (ACGP), and arithmetic conditional arithmetic prior (ACAP).

The remaining chapter is organized as follows. In Sect. 12.2, the general def-
inition of traditional FMM is presented in detail. In Sect. 12.3, the challenges
faced during the image segmentation using FMM are discussed along with their
solutions. Section 12.4 is devoted to the mean templates for conditional probabilities
where the geometric and arithmetic CP along with geometric and arithmetic PP are
explained in detail. In Sect. 12.5, the integration of four methods (GCGP, GCAP,
ACGP, and GCGP) with IDMM, GIDMM, and IBLMM are presented followed
by their algorithms. Section 12.6 contains the experimental results in which eight
segmentation evaluation metrics, the results in the form of tables for BSD500 dataset
and segmentation outputs in the form of figures for both BSD500 [47] and CVCL
[48] datasets are discussed. Lastly, Sect. 12.7 contains the conclusion.
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12.2 Finite Mixture Model

Consider an image X = {X{, ..., XN} consisting of N pixels, where each pixel
X, has a dimension D such that X,, = (X,,1, ..., X;p). We assume that X can be
segmented into M clusters and thus it is appropriate to use distribution as:

M
p(X|©) =Y 7;p(XI6)) (12.1)
j=1

where each cluster j has a weight 7}, Zy:l”./ = 1. M is the number of
components in the FMM. p(X]#;) is the density associated with cluster j, and
O = (mq,...,7M,01,...,0)) is the set of all the mixture parameters.

12.3 Problem Description

Consider the binary image given in Fig. 12.1 [44]. The upper-most part of the image
is white in color and has intensity value equal to 1. The lower part of the image is
black in color, having intensity value equal to 0. This image is distorted by noise.
Two 3 by 3 windows are extracted from upper and lower parts of the image, as shown
in Fig. 12.1b and c. For binary image, let the pixels having intensity value equal to
1 and O be assigned to classes U and V, respectively. It can be easily observed
that middle pixels of both the windows are corrupted by noise and may result in
mis-classification. A possible solution for this problem has two requirements: First,
the spatial information of each pixel should be incorporated to prior probability
7, therefore 7; should be changed to 7;;. The m;; of the middle pixels for both
the windows should be affected by the prior probability g, where s = i & 1 and
t = j £ 1. Each pixel inside the window should have same prior probability which
can be calculated using mean prior probability (discussed in later section).

¥(76,10) y(76,11) y(76,12)
=) =0 =0

MUIBON v(77,11) BICGEBVI)
=) =0 =0

y(78,10) y(78,11) y(78,12)
=0 =0 =0

(a) (b) (©

Fig. 12.1 (a) Original image. (b) White window. (¢) Black window. The numbers in parentheses
are the coordinates of the image; 0 and 1 are the binary image intensity values
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Second, given the component j and intensity value y, the FMM satisfies the same
conditional probability p(y,|0;). Sometimes, this is true but not always. The y of
middle pixel in Fig. 12.1b is same as the pixels around the central pixel in Fig. 12.1c.
These two types of pixels should belong to different clusters. Thus, the traditional
FMM is not capable enough to differentiate among these types of pixels. In order to
counter this issue, the authors of [44] have suggested the mean template for CP.

The authors of [44] have calculated the windows CP values (CPV) for Fig. 12.1b
and c using traditional FMM, GMT, and AMT as illustrated in Fig. 12.2 [44] and
Fig. 12.3 [44]. In Fig. 12.2a, the middle pixels have same CPV (0.606/+/27) as the
pixels around the central pixel in Fig. 12.3a. Similarly, the central pixel of Fig. 12.3a
and surrounding pixels of middle pixel of Fig. 12.2a have the same CPV(1/+/27).
We can observe that the proposed mean templates have removed the effect of noise
from the windows shown in Figs. 12.2a and 12.3a. It is noteworthy that the model
suggested by the authors in [44] is robust to noise.

I 1 1 0945 | 0945 | 0.945 || 0.956 | 0.956 | 0.956
2z [ 2z | N2z || N2z | N2m | 2@ || V2m | \2m | om
2

1 1 0945 | 0.945 | 0.945 0.956 | 0.956 | 0.956

2z [ 2z | \2r || N2z | 2m | \2m || V2@ | N2m | em

2
1 1 1 0945 | 0.945 | 0.945 0.956 | 0.956 | 0.956
2

2z | N2z | \2m 2z | 2z | 2z || 27 | 27 | 22
(a) (b) (©)

Fig. 12.2 CPV of Fig. 12.1b, (a) CPV with traditional FMM. (b) CPV calculated by geometric
template. (¢) CPV calculated by arithmetic template

0.606 | 0.606 | 0.606 0.641 | 0.641 | 0.641 0.65 0.65 0.65

V2m | N2z | N2m || 27 | V2w | 2r || N2z [ \27 | 27

0.606 1 0.606 0.641 | 0.641 | 0.641 0.65 0.65 0.65

V27 | N2z | N2z || N2z | N2z | N2x || V27 |2 | 2z

0.606 | 0.606 | 0.606 0.641 | 0.641 0.641 0.65 0.65 0.65

2z | \2z | 2z 2z | 2z | 2z 2z | 2z | 2z
(a) (b) (©

Fig. 12.3 CPV of Fig. 12.1c, (a) CPV with traditional FMM. (b) CPV calculated by geometric
template. (¢) CPV calculated by arithmetic template
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12.4 Mean Templates for Conditional and Prior Probabilities

In order to integrate the spatial information with the PP, Eq. (12.1) can be redefined
as:

M
P(Xu©) =" myj p(X,165) (12.2)
j=1
where m,; is an updated mixing parameter where j = 1,..., M, Z;‘/Izl ey =1,
andn =1, ..., N.In this section, we discuss the geometric and arithmetic CP mean

templates followed by their respective mixture models and complete log-likelihood
equations. Furthermore, the equations of PP for both geometric and arithmetic mean
templates are discussed.

12.4.1 Weighted Geometric Conditional Mean Template

In this section, we are using a weighted geometric conditional mean template
(WGCMT) for calculating the CP of a pixel X,,. Thus, Eq. (12.2) can be rewritten
as:

M
PXal®) =Y my; [ pXel)) % (12.3)
j=1 reNy
where N, is a set of peers of the nth pixel. The conditional probability window is
(CPW) = {N,,, X;,}. R, is a normalized factor which is defined as

Ri=Y w (12.4)

reN,

In order to integrate the spatial information and pixel intensity value, the strength of
w; is inversely proportional to the distance between pixels r and n. Therefore, the
authors in [44] have defined w, as a function of d,,, which is Euclidean distance
between pixels r and 7.

! ( L ) (12.5)
wy = exp| — .
' V2mp? 2p?

ize of CPW — 1
o= % (12.6)
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12.4.1.1 Maximum Likelihood Estimation (MLE) for WGCMT

The pixels class labels are considered as the latent variables. Each pixel X, is the
observed data. The membership vector is defined as Z = {Z1, ..., Zy} where Z,, =
(Zn1s .-, Zum). If X, belongs to cluster ¢, then Z,.=1 and Z,; =0 where [ =
{1,..., M} — {c}, otherwise Z,. = 0. The complete log-likelihood is as follows:

Q= ZZZnJ[lognw + > —logp<X 16; )} (12.7)

reN,

EM algorithm consists of two phases: E-Step and M-Step [49]. In E-Step, the
posterior probability (Z,;) can be calculated as:

(l) 1—[ (t)
R pX |9 )R"
S+ _ refn T (12.8)

nj
Py n") e, PCXrlO0) B

In M-Step, we have to maximize the complete log-likelihood and solve:

90
%, = 0 (12.9)

12.4.2 Weighted Arithmetic Conditional Mean Template

In this part, we are using a weighted arithmetic conditional mean template
(WACMT) to calculate the CP of a pixel X,. Thus, Eq.(12.2) can be rewritten
as:

p(X,|©) = Znn, I1 —p(er) (12.10)

rEN,,

12.4.2.1 Maximum Likelihood Estimation (MLE) for WACMT

The complete log-likelihood is as follows:

0= Zzznlj[lognnj +log< Z %p
L

n
reNy

:ZZz,,j[lognnj+G] (12.11)
noj

(Xr|0j))

| IS
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G cannot be calculated directly. It is important to note that % always follows
the condition “" > 0and ), N, % = 1. Therefore, we can apply the Jensen’s

inequality rule which is defined as, given a set of numbers T > Oand ), 7 = 1, we
have log(}", tx;) > Y, tlog(x;). Then, the G can be modified and the complete
log-likelihood is:

0= Zzzw[lognn] + —logp(xrw)] (12.12)

reN,

In E-Step, 2,, j can be calculated as

73] Tlren, % PXel6")

5 (t+1)
ZuT — (12.13)
3 t
WS n,§§3 Meen, % p(xrw,i )
The M-Step can be computed using Eq. (12.9).
12.4.3 Weighted Prior Probability Estimation
The prior probability for FMM is as follows:
N
Z .
wj = _ Y= Zy (12.14)

N M
Zn:l Zj:l Z”/

According to the authors of [44], the weighted geometric prior mean template
(WGPMT) is given as:

(f ) 1—[ w;
b = (,)rep” ‘ w (12.15)
Zh 17, Hrepy, R
The weighted arithmetic prior mean template (WAPMT) is defined by:
(f ) wr 7
@+ _ Hrepn Ry (12.16)

nj (1)
Zh 1 an Hrepn R,,
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12.5 Integration of Mean Templates with IDMM, GIDMM,
and IBLMM

In this section, we propose our mixture models based on three probability density
functions including ID, GID, IBL with incorporation of WGCMT and WACMT.

12.5.1 Incorporation of Mean Template with IDMM

In this subsection, we explain the integration of mean template with IDMM.

12.5.1.1 The Probability Density Function of ID

If X is a positive vector which consists of D dimensions and following an ID
distribution, then it has a joint density function given as follows [50]:

F('“D D+1 — e
pXle) = —5——— X§d“<1 + |X|> (12.17)
[la=1 T'(ea) d=1
where |X| = Z(?=1 X4, each X4 > 0. The parameter of ID is & = [, ..., ¢p+1],
le| = Zgjll ag, g > 0whered =1, ..., D + 1. The mean and the variance of

ID are given as follows:

E(Xy) = —2d (12.18)
ap+; — 1

ag(ag +apyr — 1)

\% X)) =
) = e = D2@pi —2)

(12.19)

12.5.1.2 Incorporation of IDMM with WGCMT

By substituting Eq. (12.17) into Eq. (12.7), the complete log-likelihood is as follows:

0= ZZan[lognnj
noj
D+1
Wy IN([1)) ag—1 ~le|
+ — log <— X 1+ 1X] )]
Z R 1_[0?:1 Fea) 4 ¢ ( )

reN, n
(12.20)
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In E-Step, Zn ;j can be calculated using Eq. (12.8). In M-step, we need to maximize
the complete log-likelihood. From Eq. (12.9), the partial derivative of Q with respect
toajqs where j=1,...,Mandd =1, ..., D is as follows:

00 —i%z ol = Wlajal + 3 L tog (2t (12.21)
dajq A id R, P\ '

n
reNy

where W (.) is the digamma function.
The partial derivative of Q with respect to & p1 is as follows:

30 N oM w X,
=2 > Znj Vil = Vlajanl + ) o log (o
‘ Ry = \T+X]

n=1 j=1 reN, "
(12.22)
Considering Eqgs. (12.21) and (12.22), it can be observed that no closed solution
exists for & ;. Therefore, we have used Newton-Raphson method as follows:

ocEkH) =¥ —G;H; (12.23)

(k+
the gradient followed by H j_l, which is the inverse of Hessian matrix. The gradient
is the first partial order derivative of Q and described as follows:

Gj:(aQ e > (12.24)

dajy 0ajp+y1

where « % is the updated hyper-parameter, oj ) is the old hyper-parameter, G jis

To find the Hessian of Q, we have to calculate the second and mixed derivatives:

20 U
a =Zznj<\y’(|uj|)—w’(ajd)), d=1,...,D+1 (12.25)
d Oljd —
920 o
S = V(o5 Y 2y, dl#£d2, didy=1,....D+1  (12.26)
90 ja, & jdy =

where W’(.) is the trigamma function. The Hessian can be described as:

W (Jegjl) — W' (1) W (logi ) ' (Jegjl)
N o U (| (o) — W' (aejo) ... U (|
H = Zan (I.aJI) (lej|) (rj2) - (|.aj|)
n=I . N . :
V' (i) V' (Jogl) — W' (ajpt1)

(12.27)
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Thus, H; can be written as:
Hj=Dj+pjA;TA; (12.28)
where D; is a diagonal matrix and described by:
N N
Dj = diag< DL KGN Z,,jw’(aj,)+1)) (12.29)
n=1 n=1
The constant p; is defined as:
D+1 | N
pj = [((\If’(lajl) ; m) - I}W’(Iajl)’; Zyj (12.30)

AJT = (ay,...,ap+1),aq = 1 whered =1, ..., D + 1. In order to find Hj_l,a
matrix inverse theorem given in [51] can be used [52]:

Hj—l = Dj—l +p* AN A (12.31)

Dj_1 can be easily computed. A;* and p*; are expressed by two following
equations:

~1 1 1
A _ [ } (12.32)
! Sy Znj LY (1) V() p+1)
. , T A
Pt =) Y Znj | V(g Y ——— — 1 (12.33)
n=1 n=1 W (ey)

12.5.1.3 Incorporation of IDMM with WACMT

In E-Step, the an can be calculated using Eq.(12.13). The M-Step can be
calculating using Eq. (12.23).

12.5.1.4 IDMM’s Algorithm

We have two conditional probabilities that are WGCMT, WACMT and two prior

probabilities that are WGPMT, WAPMT. Therefore, we can have four models as
following:
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1. GCGP: the application of weighted geometric conditional mean template to
weighted geometric prior mean template.

2. GCAP: the application of weighted geometric conditional mean template to
weighted arithmetic prior mean template.

3. ACGP: the application of weighted arithmetic conditional mean template to
weighted geometric prior mean template.

4. ACAP: the application of weighted arithmetic conditional mean template to
weighted arithmetic prior mean template.

The algorithm is as follows:

. INPUT: An image X and M.

. Apply K-means clustering algorithm to group pixels into M clusters.

. Apply method of moments to calculate the initial value for & parameter.
. E-Step:

e Calculate & using Eq. (12.15) for GCGP and ACGP, and using Eq. (12.16) for
GCAP and ACAP.

e Calculate sz using Eq. (12.8) for GCGP and GCAP, and using Eq. (12.13)
for ACGP and ACAP.

AW N =

5. M-Step: Calculate the updated value of « parameter for each cluster j, using
Eq. (12.23).
6. Iterate through E-Step and M-Step until convergence.

12.5.2 Mean Template Incorporation with GIDMM

The second mixture model is GIDMM and we are integrating the mean template
with it.

12.5.2.1 The Probability Density Function of GID

If X is a positive vector which consists of D dimensions and following a GID, then
its joint density function is given by:

D

e C(aja + Bja) ,ajas i
p(X|otj,ﬂJ)—£[l—F(ajd)r(ﬁjd)Tnd <1+|X|> (12.34)

where o = [j1,...,a;pl, Bj = [Bj1, ..., Bipl. IX| = 0, X4. We define
such that Q4 = o jq + Bja — Bjay1 ford =0, ..., D with 8;p;1 = 0. The GID
possesses a property which makes its estimation simple. If there exists a vector X
that follows GID, then we can create another vector W, = [W,,1, ..., W, p] where
elements follow inverted beta (IB) distributions via the following transformation:
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X
f(Xna) = Ko (12.35)

The pdf of IB is defined as:

F(Otjd-l-ﬁjd) ajg—1

WA (14 Wig)~@idtPia)(12.36)
Lol Bja) "

DPiBeta(Whalaja, Bja) =

The mean of inverted beta (IB) is given by:

oq

Ba—1

E(Wy) = (12.37)

The variance of IB is as follows:

ag(og +Ba— 1)

Var(W,) =
arWa) = B D) (B =12

(12.38)

12.5.2.2 Incorporation of GIDMM with WGCMT

By substituting Eq. (12.36) into Eq. (12.7), the complete log-likelihood is given by:

N M
0= ZZanlilognnj

n=1 j=I

wy C(aja + Bja) Wit
+Y Lo (— ] W)~ @iatBia)
ZN Ry S\ T@alBia) ™

(12.39)

In E-Step, the Zn ; can be calculated using Eq. (12.6), and in M-Step, the partial
derivatives of Q with respect to «j4 and B4 are as follows:

ol W,
-X2 {wam + Bja) — W(aja) + log (—")} (12.40)

Boz/d ; 1+ Wnd
i {W(a d + Bja) — W(Bja) + log (&)} (12.41)
8ﬂjd i=1 ! ! ! 14 Wy -

From Eqgs. (12.40) and (12.41), it can be observed that no closed-form solution exists
for 0jq. Therefore, we have to use Newton—Raphson method as follows:
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Bia“ T = 6,0 — Hj_lejd (12.42)

where Hjy is the Hessian matrix [53] and given as:

920 920
32 . 32 aBi
Hia=| '5g "5k (12.43)

3%ajafja  0*Bja

The second and mixed derivatives of Q are as follows:

120 X,
=Zznj<w’(a,»d+ﬁjd)—xp’(ajd>>, d=1,....D+1 (12.44)

n=1
20 K. , /
B0 Z Znj\ V' (@ja + Bja) =V (Bja) (12.45)
’ n=1
aZQ N
S =V (@ja+ Bja) Y Znj (12.46)
azajdﬂjd J J ,; nj
Gjq is defined as follows:
0 a
Gja = (—Q —Q> (12.47)
30ljd 8,3jd

12.5.2.3 Incorporation of GIDMM with WACMT

In E-Step, the Z,,j can be calculated using Eq. (12.13). The M-Step is based on
Eq. (12.42).

12.5.2.4 GIDMM'’s Algorithm

In this section, we propose an algorithm for the four models that are GCGP, GCAP,
ACGP, and ACAP.

1. INPUT: An image X and M.

2. Apply K-means clustering algorithm to group pixels into M clusters.

3. Apply method of moments to calculate the initial value for o parameter.
4. E-Step:

e Calculate & using Eq. (12.15) for GCGP and ACGP, and using Eq. (12.16) for
GCAP and ACAP.
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e Calculate Z,,j using Eq. (12.8) for GCGP and GCAP, and Eq. (12.13) for
ACGP and ACAP.

5. M-Step: Calculate the updated value of & parameter for each cluster j, using
Eq.(12.42).
6. Iterate through E-Step and M-Step until convergence.

12.5.3 Incorporation of Mean Template with IBLMM

In this subsection, we integrate the mean template with IBLMM.

12.5.3.1 The Probability Density Function of IBL

If X is a positive vector which consists of D dimensions and following an IBL
distribution, then it has a joint density function which is given in [54] as:

(DT (« + B)
I'(e)I(B)

D+1 ag—1 a—ZD_ ag —(a+B)
X d=1
<[] =% Aﬂ(|X|> <A + |X|)
[ (aq)

d=1
(12.48)

pXlag...aq,a, B,A) =

where | X| = Zgzl Xg,each Xy > 0, > 0, 8 > 0, and A > 0. The mean and the
variance of IBL are given by:

Ad

E(Xy) = (12.49)

——
apy1 — 1

ag(ag +apsr — 1)
(ap+1 — D*(apt1 —2)

Var(Xy) = (12.50)

12.5.3.2 Incorporation of IBLMM with WGCMT

By substituting Eq. (12.48) into Eq. (12.7), the complete log-likelihood is as follows:

w  (T(la)l(e+ ) 75 x5!
0= Zzz"j[log”’” 2 R_nl‘)g( rer@ L Ten
n ]

reNy d=1
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ot—Zj):] oy —(a+B)
X Aﬂ(|X|> (A—i— |X|) >] (12.51)

In E-Step, Zn j can be calculated using Eq. (12.8). In M-step, we need to calculate
the partial derivative of Q with respect to the parameters of IBL [55].

The partial derivative of Q with respect to a; where j =1, ..., M is as follows:
5 N D D
== = znj{ log > Xua — log (3 + D Xaa) + Wl + B)) - \p(a,)}
Yo d=1 d=1
(12.52)

The partial derivative of Q with respect to §; is given by:

90 N D
Eoy z”j{ log . ~log (3 + Y Xua ) + ¥ (0 + ﬁj)—\p(ﬂj)} (12.53)
. d=1

The partial derivative of Q with respect to « 4 is defined as:

29

806]"1

N D D
Znj { log Xpg —l0g > Xpa + w(Zajd> - \y(ajd)} (12.54)
=1 d=1 d=1

i

The partial derivative of Q with respect to A; is expressed as follows:

Bj aj + B

an{— - —} (12.55)
1 Ajaj+ 25):1 Xna

From Eq. (12.52) to Eq. (12.55), it can be observed that a closed-form solution does
not exist for 6.
In order to estimate these parameters, the Newton—Raphson method can be used.

p; kD = g, ijl(;j (12.56)

12.5.3.3 Incorporation of IBMM with WACMT

In E-Step, the Zn ; can be calculated using Eq. (12.13). The M-Step is performed via
Eq. (12.56).
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12.5.3.4 IBLMM'’s Algorithm

In this section, we propose an algorithm for the four models, namely GCGP, GCAP,
ACGP, and ACAP.

. INPUT: An image X and M.

. Apply K-means clustering algorithm to group pixels into M clusters.

. Apply method of moments to calculate the initial value of @ parameters.
. E-Step:

* Calculate & using Eq. (12.15) for GCGP and ACGP, and using Eq. (12.16) for
GCAP and ACAP.

e Calculate 2nj using Eq. (12.8) for GCGP and GCAP, and using Eq. (12.13)
for ACGP and ACAP.

AW =

5. M-Step: Calculate the updated value of  parameter for each cluster j, using
Eq. (12.56).
6. Iterate through E-Step and M-Step until convergence.

12.6 Experimental Results

To investigate the performance of our proposed framework, we test the models on
two different datasets that are BSD500 and CSCV. The BSD500 dataset is known
as a reliable source to compare different image segmentation algorithms, contains
500 color images, and has at least five ground-truth segments for each image. The
CSCYV dataset is composed of many categories such as Coast and Beach, Highway,
etc. Each category contains few hundred images. All the images are in color, in
jpeg format, and are 256 x 256 pixels. Their sources vary from digital cameras,
websites, and commercial databases. This section is composed of two experiments.
In first one, we tested the proposed models on BSD500 and evaluated the results
using segmentation evaluation metrics. In second experiment, we employed CSCV
dataset and compared our models using two color spaces that are rgb and //»/3,
which are explained below.

12.6.1 Metrics for Segmentation Performance Evaluation

In order to compare the performances of the proposed algorithms, we have used
eight image segmentation evaluation metrics. From BSD500, we have ground truth
labels (actual labels) of each image and also have class labels, predicted from the
proposed algorithms (predicted labels). The performance evaluation metrics are as
follows:
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12.6.1.1 Adjusted Rand Index (ARI)

It is defined as the level of similarity among the actual labels and predicted labels.
In ARI, the permutations are not considered. The ARI’s value will tend to O, if the
predicted labels are arranged randomly. ARI has a range of [—1, 1], and values
closer to zero are considered as bad clustering and values closer to 1 means good
clustering. The ARI [56] is given as:

RI — E[RI]
ARl = —— (12.57)
max(RI) — E[RI]

where E[RI] is expected value of RI (Rand index). The RI is defined as:

b
ARI = 21Y (12.58)

Nsamples
C2

where K and C are the actual and predicted labels, respectively. The a is the number
of element pairs having same class labels in K and C. b is the number of element
pairs having different class labels in K and C.

12.6.1.2 Adjusted Mutual Information Score (AMIS)

The mutual information (MI) is defined as the level of agreement of actual labels and
predicted labels, without permutation. The AMIS [57-59] is the adjusted version of
MI and is defined as:

MI(T,U) — E[MI(T, U)]

AMIS = mean(H (T), H(U)) — E[MI(T, U)] (12.59)

where T and U are two class labels assignments, H (T') and H (U) define the entropy
for T and U, respectively. E[MI(T, U)] is the expected value of MI(T, U).

12.6.1.3 Normalized Mutual Information Score (NMIS)

The NMIS [57-59] is the normalized version of MI and given as:

MI(T, U)
mean(H(T), H(U))

NMIS(T, U) = (12.60)
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12.6.1.4 Homogeneity Score (HS)

HS [60, 61] uses a criteria related to analysis of the conditional entropy. HS is
defined as each cluster contains only members of the single class. It has a range
of [0, 1], where 1 means each cluster only contains members of just one class. On
the other hand, 0 means that almost every data inside a cluster contains different
class labels. It is given by:

_ H(C|K)

HS =
H(C)

(12.61)

where H(C|K) is the conditional entropy of the classes given the cluster assign-
ments:

IC| |K| IC|
Rek Rk n n
H(CC|K) = — § § TClog (i) H(C) = — § f.log (f)
c=1 k=1 c=1
(12.62)

where H(C) is the entropy of the classes, n is the number of pixels in the image,
n. is the number of pixels that belong to class ¢, and ny is the number of pixels that
belong to cluster k.

12.6.1.5 Completeness Score (CS)

CS [60, 61] is also a criteria related to analysis of the conditional entropy. CS is
defined as all the members of a given class that belong to the same clusters. It has a
range of [0, 1], where 0 means worst clustering and 1 means perfect clustering.

H(K|C)

CS=1-— "
H(K)

(12.63)

where H(K|C) and H(K) can be computed in a symmetric manner.

12.6.1.6 V-Measure Score (VMS)

The VMS [60, 61] is defined as the harmonic mean of HS and CS. It is symmetrical
in nature. It is as follows:

(12.64)

H
VMS=2><< SXCS)

HS +CS
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12.6.1.7 Calinski-Harabaz Index (CHI)

It is one of the most flexible metrics for image segmentation. If the human
segmentations are not available, then CHI can be used for model evaluation, where
the higher value signifies that the clusters are well defined. For M clusters, the CHI
[62] is defined as the ratio of the between-clusters dispersion mean and the within-
cluster dispersion:

T.(Bm) n—M
X
I,(Wu) M-—1

CHI(M) = (12.65)

where W)y is the within-cluster dispersion matrix and B}y is defined as the between-
group dispersion matrix:

M
W= > G=Cu)x=Cw)": Byu=) nulcn—0c)cn—0c)"  (12.66)

m=1xeCy,

C,,: set of pixels in cluster m, c,,: the center of the cluster m, n,,: number of pixels
in cluster m.

12.6.1.8 Jaccard Similarity Score (JSS)

JSS [63-65] is also called Jaccard index. It is defined as the ratio of intersection
(of predicted labels and actual labels) and the union (of predicted labels and actual
labels). It also ranges between 0 and 1 where 0 means very bad score and 1 means
the segmentation output is perfect.

12.6.2 Color Spaces for Image Segmentation

The selection of color space is crucial for image segmentation. It is desirable to have
a color space robust against varying illumination. Few color spaces are assessed,
dissected, and examined in [66]. Out of many color spaces, we have selected the rgb
and /11713 color spaces which are as follows:

R
r(R.G,8B) = RiGiB (12.67)
gR.G,8B) = __5 (12.68)

R+G+8
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B

b(R,G, B) = RIGT B (12.69)
LR G B) = Sg;v[_(—fé; (12.70)
LR, G.B) = ngw_(—lg; (12.71)
(R, G, B) = S(UQ#RB&;) (12.72)

where SUMRGB) = (R— @)% + (R—B)?> + (G — B)%. The [1}/3 and rgb
outperform the traditional RG8 color space and hence used in our experiments also.

12.6.3 Experiment 1

Here, we present some results of testing our models on images from the BSD500
using /1/2l3 color space. Figure 12.4 contains the segmentation outputs of image
29030 (obtained by using ID, GID, and IBL versions of GCGP, GCAP, ACGP, and
ACAP models). Considering the second, third, and fourth columns of Fig. 12.4, it
can be observed that IBL is able to detect car as an object properly, followed by
GID and ID. Tables 12.1 and 12.2 verify our visual analysis by means of qualitative
approach using the image segmentation evaluation metrics. Images in BSD500 may
contain upto six human segmentations. The output of each model is compared with
each human segmentation by using evaluation metrics. By incorporating 3 pdfs
with 4 mean template models, we have 12 models. Each result of these models
is compared with 6 human segments which led to have upto 72 comparisons. In
order to reduce the complexity in understanding, we have compared the mean of
each model with the human segmentations.

Figure 12.5 contains the segmentation outputs of image 118035. Again, from the
second, third, and fourth columns of Fig. 12.5, it can be observed that IBLMM is
able to detect the different components of a building much accurately as compared
to GIDMM and IDMM. Tables 12.3 and 12.4 contain the qualitative analysis of
outputs from image 118035.

Similarly, Fig.12.6 contains the segmentation results of 124084. From the
second, third, and fourth columns of Fig. 12.6, it can be seen that IBLMM is able to
detect the flower petals pretty smoothly as compared to its competitors. Tables 12.5
and 12.6 contain the qualitative analysis of outputs from image 124084.

Figure 12.7 contains the segmentation results of image 376086. From the second,
third, and fourth columns of Fig. 12.7, it can be seen that IBLMM is able to detect
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Fig. 12.4 Column 1: Contains the original image (29030) followed by the three ground-truths.
Column 2: Contains the segmentation outputs from ID version of GCGP, GCAP, ACGP, and ACAP
models, Column 3: Contains the segmentation outputs from GID version of GCGP, GCAP, ACGP,
and ACAP models, Column 4: Contains the segmentation outputs from IBL version of GCGP,
GCAP, ACGP, and ACAP models

Table 12.1 Performance evaluation of the 29030 image with the ARI, AMIS, NMIS, MIS and HS

metrics
ARI’s AMIS’s NMIS’s MIS’s HS’s
Algorithm | Model K mean mean mean mean mean
1D GCGP 2 0.092 0.063 0.135 0.078 0.063
GCAP 2 0.111 0.052 0.099 0.065 0.052
ACGP 2 0.042 0.039 0.104 0.048 0.039
ACAP 2 0.112 0.061 0.119 0.075 0.061
Mean 0.089 0.054 0.114 0.067 0.054
GID GCGP 2 0.084 0.059 0.129 0.073 0.059
GCAP 2 0.081 0.057 0.126 0.071 0.057
ACGP 2 0.079 0.056 0.124 0.069 0.056
ACAP 2 0.077 0.055 0.123 0.068 0.055
Mean 0.080 0.057 0.126 0.070 0.057
IBL GCGP 2 0.662 0.420 0.587 0.520 0.420
GCAP 2 0.664 0.419 0.585 0.519 0.419
ACGP 2 0.650 0412 0.578 0.511 0412
ACAP 2 0.651 0.412 0.578 0.510 0.412
Mean 0.6569 0.4158 0.5821 0.5151 0.4158
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Table 12.2 Quality analysis of the 29030 image with the CS, VM, JSS, and CHI metrics

Algorithm Model K CS’s mean VM’s mean JSS’s mean CHI

1D GCGP |2 0.289 0.103 0.001 73962.307
GCAP |2 0.190 0.081 0.013 54791.895
ACGP |2 0.281 0.068 0.000 42512.321
ACAP |2 0.236 0.096 0.007 64281.498
Mean 0.249 0.087 0.005 58887.006

GID GCGP |2 0.285 0.098 0.001 71021.648
GCAP |2 0.282 0.095 0.001 67895.016
ACGP |2 0.279 0.092 0.001 65785.996
ACAP |2 0.277 0.091 0.001 64006.640
Mean 0.281 0.094 0.001 268709.300

IBL GCGP |2 0.826 0.553 0.003 262224.285
GCAP |2 0.823 0.552 0.004 259172.527
ACGP |2 0.817 0.545 0.003 265561.038
ACAP |2 0.815 0.544 0.003 264630.709
Mean 0.8202 0.5487 0.0031 262897.140

Fig. 12.5 Column 1: Contains the original image (118035) followed by the three ground-truths.
Column 2: Contains the segmentation outputs from ID’s version of GCGP, GCAP, ACGP, and
ACAP models, Column 3: Contains the segmentation outputs from GID’s version of GCGP, GCAP,
ACGP, and ACAP models, Column 4: Contains the segmentation outputs from IBL’s version of
GCGP, GCAP, ACGP, and ACAP models
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Table 12.3 Performance evaluation of the 118035 image with the ARI, AMIS, NMIS, MIS and

HS metrics

Algorithm
ID

GID

IBL

Model
GCGP
GCAP
ACGP
ACAP
Mean

GCGP
GCAP
ACGP
ACAP
Mean

GCGP
GCAP
ACGP
ACAP
Mean

(SRR R

NN NN

[\SHIR SR SR S

ARI’s
mean
0.157
0.158
0.171
0.318
0.201
0.179
0.159
0.162
0.165
0.166
0.589
0.589
0.589
0.588
0.5887

AMIS’s
mean

0.174
0.174
0.174
0.223
0.186
0.143
0.130
0.133
0.134
0.135
0.438
0.438
0.438
0.436
0.4376

NMIS’s
mean

0.372
0.371
0.351
0.345
0.360
0.249
0.232
0.236
0.237
0.238
0.631
0.632
0.631
0.629
0.6308

MIS’s
mean
0.258
0.258
0.260
0.334
0.278
0.217
0.198
0.201
0.204
0.205
0.644
0.644
0.644
0.641
0.6432

HS’s
mean
0.174
0.174
0.174
0.223
0.186
0.143
0.130
0.133
0.134
0.135
0.438
0.438
0.438
0.436
0.4376

Table 12.4 Quality analysis of the 118035 image with the CS, VM, JSS, and CHI metrics

Algorithm
D

ID

IBL

Model
GCGP
GCAP
ACGP
ACAP
Mean

GCGP
GCAP
ACGP
ACAP
Mean

GCGP
GCAP
ACGP
ACAP
Mean

K

[\SRIN (SR SR ) NSRS RE SR V]

[\SRI SR SR )

CS’s mean
0.810
0.810
0.722
0.543
0.721
0.810
0.810
0.722
0.543
0.721
0.927
0.928
0.927
0.923
0.9262

VM’s mean
0.283
0.283
0.277
0.311
0.288
0.283
0.283
0.277
0.311
0.288
0.586
0.586
0.585
0.583
0.5850

JSS’s mean

0.453
0.453
0.452
0.452
0.452
0.453
0.453
0.452
0.452
0.452
0.452
0.452
0.452
0.452
0.4521

CHI
184910.025
184682.459
163659.995

68588.861

150460.335
184910.025
184682.459
163659.995

68588.861

150460.335
133485.637
133528.359
133460.767
133191.467
133416.557
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Fig. 12.6 Column 1: Contains the original image (124084.jpg) followed by the three ground-
truths. Column 2: Contains the segmentation outputs from ID’s version of GCGP, GCAP, ACGP,
and ACAP models, Column 3: Contains the segmentation outputs from GID’s version of GCGP,
GCAP, ACGP, and ACAP models, Column 4: Contains the segmentation outputs from IBL’s
version of GCGP, GCAP, ACGP, and ACAP models

the two men more accurately as compared to GIDMM and IDMM. Tables 12.7
and 12.8 contain the image segmentation results for image 376086.

12.6.4 Experiment 2

Considering Figs. 12.8 and 12.9, the first image is the original one (n291030),
followed by eight outputs, out of which the first four outputs are computed using
rgb color space and the remaining four outputs are obtained by using /1/>/3 color
space.

Also, Figs. 12.10 and 12.11 contain the segmentation output of images n291030
and art255, respectively. In Figs. 12.10 and 12.11, the first image is the original one,
followed by eight outputs, out of which in the first four image, rgb color space is
used and for rest segmentation outputs, /1/5/3 color space is used.

Similarly, Figs.12.12 and 12.13 contain the segmentation output of image
n291030 and art255, respectively. In Figs. 12.12 and 12.13, the first image is the
original one, followed by eight outputs, out of which the first four segmentation
output, rgb color space is used and for remaining four outputs, /1/>/3 color space is
used.
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Table 12.5 Performance evaluation of the 124084 image with the ARI, AMIS, NMIS, MIS and
HS metrics

ARI’s AMIS’s NMIS’s MIS’s HS’s
Algorithm | Model K mean mean mean mean mean
1D GCGP 2 0.046 0.030 0.084 0.044 0.030
GCAP 2 0.134 0.085 0.162 0.126 0.086
ACGP 2 0.053 0.035 0.092 0.052 0.035
ACAP 2 0.065 0.042 0.104 0.062 0.042
Mean 0.075 0.048 0.110 0.071 0.048
GID GCGP 2 0.112 0.071 0.150 0.104 0.071
GCAP 2 0.112 0.071 0.150 0.104 0.071
ACGP 2 0.112 0.071 0.150 0.104 0.071
ACAP 2 0.112 0.071 0.150 0.104 0.071
Mean 0.112 0.071 0.150 0.104 0.071
IBL GCGP 2 0.502 0.354 0.511 0.519 0.354
GCAP 2 0.500 0.352 0.508 0.516 0.352
ACGP 2 0.500 0.353 0.510 0.517 0.353
ACAP 2 0.501 0.353 0.510 0.517 0.353
Mean 0.5007 0.3529 0.5097 0.5171 0.3529

Table 12.6 Quality analysis of the 124084 image with the CS, VM, JSS, and CHI metrics

Algorithm Model K CS’s mean VM’s mean JSS’s mean CHI

1D GCGP |2 0.239 0.053 0.454 5717.493
GCAP |2 0.313 0.132 0.454 15553.412
ACGP |2 0.249 0.061 0.454 6769.251
ACAP |2 0.264 0.071 0.454 8221.494
Mean 0.266 0.079 0.454 9065.413

GID GCGP |2 0.327 0.115 0.000 47850.229
GCAP |2 0.326 0.115 0.000 47616.519
ACGP |2 0.326 0.115 0.000 47471.541
ACAP |2 0.326 0.114 0.000 47390.939
Mean 0.326 0.115 0.000 190329.228

IBL GCGP |2 0.759 0.472 0.427 592730.642
GCAP |2 0.754 0.469 0.427 589902.293
ACGP |2 0.756 0.471 0.427 587628.857
ACAP |2 0.756 0.471 0.427 591670.571
Mean 0.7562 0.4707 0.4268 590483.091
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Fig. 12.7 Column 1: Contains the original image (376086) followed by three ground-truths.
Column 2: Contains the segmentation outputs from ID’s version of GCGP, GCAP, ACGP, and
ACAP models, Column 3: Contains the segmentation outputs from GID’s version of GCGP, GCAP,
ACGP, and ACAP models, Column 4: Contains the segmentation outputs from IBL’s version of
GCGP, GCAP, ACGP, and ACAP models

Table 12.7 Performance evaluation of the 376086 image with the ARI, AMIS, NMIS, MIS and

HS metrics
ARI’s AMIS’s NMIS’s MIS’s HS’s
Algorithm | Model K mean mean mean mean mean
ID GCGP 2 -0.004 0.047 0.109 0.097 0.047
GCAP 2 -0.003 0.040 0.091 0.084 0.041
ACGP 2 -0.006 0.023 0.071 0.049 0.023
ACAP 2 -0.004 0.047 0.112 0.098 0.047
Mean —0.004 0.039 0.096 0.082 0.039
GID GCGP 2 -0.004 0.046 0.107 0.095 0.046
GCAP 2 -0.004 0.047 0.110 0.097 0.047
ACGP 2 -0.004 0.048 0.112 0.098 0.048
ACAP 2 -0.004 0.048 0.112 0.098 0.048
Mean —0.004 0.047 0.110 0.097 0.047
IBL GCGP 2 0.064 0.103 0.180 0.208 0.103
GCAP 2 0.061 0.102 0.178 0.206 0.102
ACGP 2 0.062 0.102 0.178 0.206 0.102
ACAP 2 0.064 0.103 0.179 0.208 0.103
Mean 0.0627 0.1027 0.1788 0.2070 0.1028
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Table 12.8 Quality analysis of the 376086 image with the CS, VM, JSS, and CHI metrics

Algorithm Model K CS’s mean VM’s mean JSS’s mean CHI

D GCGP |2 0.267 0.078 0.000 197432.441
GCAP |2 0.212 0.066 0.003 165708.431
ACGP |2 0.231 0.041 0.000 71589.989
ACAP |2 0.274 0.079 0.000 197429.295
Mean 0.249 0.066 0.001 158040.039

GID GCGP |2 0.260 0.076 0.001 195016.547
GCAP |2 0.268 0.078 0.000 198092.848
ACGP |2 0.273 0.079 0.000 198893.445
ACAP |2 0.273 0.079 0.000 198893.445
Mean 0.269 0.078 0.000 790896.285

IBL GCGP |2 0.324 0.153 0.136 54345.372
GCAP |2 0.322 0.151 0.136 54980.749
ACGP |2 0.322 0.151 0.136 56306.326
ACAP |2 0.324 0.152 0.136 54602.056
Mean 0.3229 0.1516 0.1359 55058.626

Fig. 12.8 Original image (n291030) followed by the eight output images from ID’s version of the
GCGP, GCAP, ACGP, and ACAP models, out of which the first four images, have used rgb color
space and remaining four have used /{/3/3 color space
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Fig. 12.9 Contains the original image (art255) followed by the eight output images from ID’s
version of the GCGP, GCAP, ACGP, and ACAP models. Out of which the first four images, have
used rgb color space and remaining four have used /1/2/3 color space

Fig. 12.10 Original image (n291030) followed by the eight output images from GID’s version of
the GCGP, GCAP, ACGP, and ACAP models out of which the first four images, have used rgb
color space and remaining four have used /1/>/3 color space
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Fig. 12.11 Original image (art255) followed by the eight output images from GID’s version of the
GCGP, GCAP, ACGP, and ACAP models, out of which the first four images, have used rgb color
space and remaining four have used /{/5/3 color space

Fig. 12.12 Original image (n291030) followed by the eight output images from IBL’s version of
the GCGP, GCAP, ACGP, and ACAP models, out of which the first four images, have used rgb
color space and remaining four have used /;/2/3 color space
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Fig. 12.13 Original image (art255) followed by the eight output images from IBL’s version of the
GCGP, GCAP, ACGP, and ACAP models, out of which the first four images, have used rgb color
space and remaining four have used /{/5/3 color space

12.7 Conclusion

The main aim of this chapter is to develop sophisticated algorithms for image
segmentation. We have used an approach proposed [44] in which the authors have
suggested the incorporation of traditional FMM with CP and PP mean templates.
These methods ensure the integration of spatial information by using peer pixels
information and thus makes the FMM more robust to noise. We explained how the
mean templates integrate spatial information by introducing the pixel’s weight in
mixture model estimation. We have implemented the IDMM, GIDMM, and IBLMM
versions of GCGP, GCAP, ACGP, and ACAP models. These semi-bounded FMM
are chosen precisely because of their flexibility that allow to describe many shapes.
We have used BSD500 and CVCL dataset for experimentation. It has been found
that out of the proposed algorithms IBLMM outperformed the GIDMM and IDMM.
Also, the I11513 color space is far better than the rgb and the traditional RGB color
space. Future works could be devoted to the application of the proposed models and
approaches for object detection and tracking as well as video segmentation.
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Chapter 13 )
Medical Image Segmentation Based on Qs
Spatially Constrained Inverted
Beta-Liouville Mixture Models

Wenmin Chen, Wentao Fan, Nizar Bouguila, and Bineng Zhong

Abstract In this chapter, we propose an image segmentation method based on a
spatially constrained inverted Beta-Liouville (IBL) mixture model for segmenting
medical images. Our method adopts the IBL distribution as the basic distribution,
which can demonstrate better performance than commonly used distributions (such
as Gaussian distribution) in image segmentation. To improve the robustness of our
image segmentation method against noise, the spatial relationship among nearby
pixels is imposed into our model by using generalized means. We develop a
variational Bayes inference algorithm to learn the proposed model, such that model
parameters can be efficiently estimated in closed form. In our experiments, we use
both simulated and real brain magnetic resonance imaging (MRI) data to validate
our model.

13.1 Introduction

Image segmentation is a fundamental task in image analysis and has been applied to
various fields include medical imaging, face recognition, and pedestrian detection
[1-3]. The purpose of image segmentation is to divide an image into several different
regions according to the characteristics of regions within that image. Usually the
effect of segmentation is related to the noise level, the sharpness, the brightness,
the shadows, the illumination in the images. These factors increase the difficulty
of image segmentation and sometimes may result in poor segmentation. With
the upgrade of medical imaging equipment, image segmentation has been widely
used in medical image analysis [4, 5]. Through medical image segmentation, the
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efficiency of doctor diagnosis can be significantly improved. Thus, in this chapter
we focus on developing an efficient medical image segmentation method through
spatially constrained mixture models.

Many image segmentation methods have been previously proposed, such as
edge-based methods [6, 7], region-based methods [8—10], graph-based methods
[11-13], cluster-based methods [14, 15], and so on. Among the existing methods,
the model-based segmentation methods, especially finite mixture models, have
attracted more and more attention. Finite mixture model is composed of linear
combinations of a finite number of basic distributions. It is a powerful tool in
clustering analysis and has demonstrated its effectiveness in image segmentation.
Nevertheless, image segmentation methods based on conventional finite mixture
models are very sensitive to noise since they do not take the prior knowledge
that neighboring pixels most probably belong to the same segment into account.
In order to include the spatial dependency between pixels into mixture models,
several works based on spatially constrained finite Gaussian mixture models have
been successfully developed for image segmentation [16—19]. In these methods,
since the spatial dependence of pixels in an image is considered, they are more
robust against noise than conventional mixture models. However, one disadvantage
of these spatially constrained mixture models is that they were learnt using the
expectation maximization (EM) algorithm, which may be significantly affected by
the initial values of parameters and can easily converge to a local maximum with
an inappropriate initialization. Moreover, as shown in several recent works, mixture
models based on non-Gaussian distributions (such as Dirichlet [20, 21], inverted
Dirichlet [22, 23], generalized inverted Dirichlet [24-27], or Beta-Liouville distri-
butions [28, 29]) may provide better clustering performance than those methods
based on Gaussian mixture models, particulary in image segmentation [30-32].

In this work, we propose an image segmentation method based on spatially
constrained non-Gaussian mixture models. Our mixture model is constructed by
considering inverted Beta-Liouville (IBL) as the basic distribution. The motivation
of choosing the IBL distribution to build our mixture model for image segmentation
is that it contains inverted Dirichlet distribution as a special case and therefore can
provide more flexibility [33]. Also, compared to Gaussian that can only approximate
symmetric distributions, IBL allows both symmetric and asymmetric distributions.
In addition, we add the spatial relationship between nearby pixels in our model
by using generalized means (GM) [34]. Thus, the prior knowledge that neighboring
pixels most probably belong to the same segment is taken into account in our model.
In order to learn the proposed model for image segmentation, we develop a learning
method based on variational Bayes (VB) with mean-field assumption [35-37], such
that model parameters can be effectively estimated in closed form. The effectiveness
of the proposed image segmentation method is validated though experiments with
both simulated and real MRI brain images.

The remaining part of this chapter can be listed as follows. In Sect. 13.2, we
introduce the spatially constrained IBL mixture model. In Sect. 13.3, we develop
a learning algorithm based on variational Bayes to estimate the parameters of our
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model. In Sect. 13.4, we provide experimental results of our model in segmenting
the simulated and real MRI brain images. Finally, conclusion is given in Sect. 13.5.

13.2 The Spatially Constrained Inverted Beta-Liouville
Mixture Model

13.2.1 Finite IBL Mixture Model

Finite IBL mixture model is composed of a finite number of IBL distributions, where
each distribution has a certain proportion. Given a D-dimensional positive random
vector X = (X1, ..., Xp) that is distributed according to an IBL mixture model
with M components, the probability density function (pdf) is given by

M
p(X|r, ©) = Y &;IBL(X|O)), (13.1)
j=1

where &; is the coefficient of the M components with the constrains that §; > 0 and

Z?’IZI &; = 1. IBL(X]®;) is an IBL distribution of the jth component with its own
parameters © ; and is defined by

IBLX|®;) = F(ZdDzl ;) (e + B)) 12[ ngd—l
i = C(a)(B)) C(a0)

d=1

—(aj+8;)

D =0 D
xal? (Zxd> (/\,- + Zxd> (13.2)
d=1 d=1

where ©; = {a, oj, B}, A} denotes the set of IBL parameters associated with the
Jjth component.

Then, a binary latent variable Z; is added for each Xj, such that if the data Xj
belong to the jth component, then Z;; equals to 1, otherwise it equals to 0. If we
assume that each Z;; is independent of each other, we can write the probability
distribution of Z; as

M
p@) =[]} (13.3)
j=1

Though finite mixture models have been widely used in solving many computer
vision problems, but they cannot get good performance in image processing,
especially in image segmentation. The problem of finite mixture model is that it
deals with each pixel individually and does not consider the relationship between
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the current pixel and its neighbors. As a result, conventional finite mixture model
is not robust to noise. In addition, conventional finite mixture models assume that
each pixel X; in the component j has the same coefficient &;, which clearly is not
a practical prior assumption since pixels may vary in their locations and intensity
values for different components.

13.2.2 Finite IBL Mixture Model with Spatial Constraints

In order to make the finite IBL mixture model more robust against noise for image
segmentation, we propose a spatially constrained IBL mixture model based on
contextual mixing proportions and generalized means. If each pixel X; follows an
IBL mixture model, then its probability density function is given by

M
p(Xilmi, ©) = Y m;IBL(Xi[0)). (13.4)
j=1

where m; = (mi1,...,wip) is the vector that contains the contextual mixing
proportions. Here, each 7;; > O represents the probability that the ith pixel belongs
to the jth segment with the constraint that ij:l mij = 1.

Next, we impose the spatial relationship between nearby pixels into our model
through generalized mean. Compared with other spatial constrained models such as
MREF [38], the method of incorporating generalized mean is more simpler and easier
to implement. The generalized mean is a family of functions for aggregating sets of
numbers. By including the generalized mean into the IBL mixture model, we have

M A7
pXilm. ©) = ] [anjIBL(Xm|9j)j| . (13.5)

meN; — j=1

where N; is the neighboring pixel of the ith pixel. After adding the spatial
constraints, the probability distribution of latent variable Z can be defined in terms
of the contextual mixing proportions i :

N M .
p@imy =] ]=;" (13.6)

i=1j=1
Then, the likelihood function of data set X is defined by

M 1

Zoj | M
IBL(X,[6)) m./] (13.7)
I

p(X|Z,©) = ﬁ I1 [

i=1meN; - j=
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The way of integrating generalized mean in the IBL mixture model forces our model
to consider the neighborhood of the ith pixel rather than just the ith pixel itself in
image segmentation.

Similar to [32], we define the prior distribution of & using a Dirichlet distribu-
tion as

N N Tt azby Moz
p@m) = [[DirerilA) = [ [ =5 === [~ " (13.8)
i=1 i=1 Hj:l F(C’Zi,/) j=1

where A;; = aZf’j. Based on [32], Zij is defined by

N

1
_ 1 B .
Zij = <N Zr,.‘;) s —(7;’) (13.9)

i=1

where o is the parameter that controls the smoothing contribution from the expected
value (7r;;). In this work, we set the value of o as 2.
Next, we use Gamma distribution G (-) as the priors for the following parameters:

de lefvjdoljd

p(@) = G(alu, v) = ]_[]_[ S , (13.10)

i=ld=1 F(ujd)

i—1
M ag./ e*/’tj()lj

—Glgh=]+\— 13.11
p(@) = G(alg, h) /1:[1 ) (13.11)
M S‘./_]efljﬂj

=G ,t) = _ 13.12

p(B) = G(Bls, t) E o (13.12)
M )\ —f]

pA) = GAle.f) = ]_[TCJ) (13.13)

13.3 Model Learning via Variational Bayes

In this part, following [33], we adopt variational Bayes to learn the proposed
spatially constrained IBL mixture model. The main idea of variational Bayes is
based on finding a lower bound on p(X|m) via Jensen’s inequality. The lower bound
L(q) can then be defined as:
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X
log p(X) = log f (X, )dQ = log / P LA
q(£2)
, Q2
> /q(Q)logp(X )dsz = L(q), (13.14)
q(£2)
where Q = {Z, 0, x} represents all random and latent variables. ¢(£2) is an

approximation for the posterior distribution p(£2|X).
Then, we adopt the mean-field assumption to restrict the approximated posterior
distribution ¢ (£2) by factorizing it into the product of different factors as

q(82) = q(L)q(©)q () = q(L)q(e)q(e)g(B)g(A)q () (13.15)

Variational solutions are obtained by maximizing the lower bound £(g) with
respect to each factor in turn. The variational posterior ¢ (Z) can be updated by

N M
Zii
9@ =[1I1r" (13.16)
i=1j=1
where
r¥
ij
rij = = (13.17)
Zk:l r;’;c

D D
1 _ _
= exp{(lnmj) + ) ﬁ[s,- + T+ @ — > aj)log) Xma)
d=1 d=1

]
meN,-

D
+Bjloghs) + Y (@ja — DlogXpa) — @; + B,-)Hm,-]} (13.18)
d=1

The expected values in (13.18) are given by

_ & _ - Wig - G
j j Vjd jd
M
j=I
D
Hy = <10g()» i+ x,-d>>, (logh;) = W(c%) — log(f7). (13.21)

d=1



13 Medical Image Segmentation Based on Spatially Constrained Inverted. . . 313
r? a; IN'lo; +8;
S; = <logw>’ T = <logw>' (13.22)
T2, T(@ja) NCHIND

The expectations H;j, S;, and T; cannot be found in closed form solutions, we use
second-order Taylor series expansion as in [33] to calculate lower bounds.
The variational solution to the factor g () is given by

M D
q) = [[[] Glejaluty. vip. (13.23)

j=ld=1

where we have

LS5 (Zm)

mj

wig=uja+Y, Y
i=1 m=1 L

D
@ja [\IJ(Z &ja) — V(@;q)

d=1
D D
+V' O @ja) Y ((logai) —logaia jl:|, (13.24)
d=1 I#d
N N;

Via=via =) )

i=1 m=1

(Zn) 2
1;"1{ |:logXl-,1 — log (Z x,»dﬂ . (1329

d=1
with expected values
(logaji) = W(u7j) — W(j). (13.26)
The optimal solution to the factor g () is obtained by
M
q@ =[] Gylg; 1), (13.27)
j=1

where hyperparameters g;‘f and h; are given by

Zmid @, + B)) - @)
Nl J J J

N N;
Gi=8i+2. 2.
i=1 m=1

+B;¥' @) + Bj)((logh,) — logﬁj)]&j, (13.28)
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N N; N N;

W=h= 33 m]lg(Zde>+ZZ i) gy (13.29)
i=1 m=1 i=1 m=1
and
(logBj) = W(s}) — log(t}). (13.30)

Then, the variational optimal solution to ¢(8) can be defined by
M
aB) =[]G®jls;. ), (13.31)

where

=5y

[‘I’(Ot/ +B) — V(b))

i=1 m=1
+a;V'(@; + B;)((loge) — 10g5‘j)i|/§j (13.32)
N (Zonj)
=ttty Y ]\’,"_’ [H,y/ - <logk,,~>] (13.33)

i=1 m=1

The variational solution to ¢ (;r) can be obtained by

M
q(r) =[] [] DircrijIA7) (13.34)
i=1j=1
where
A =(Zij) + A (13.35)
with
(Zij) = rij (13.36)

Consequently, the expected value of 7;; in posterior distribution is given by

A%,
(mij) = =g —— (13.37)
Zk:l A;kk
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Finally, the optimal solution to g(A) is given by
M
a) =[]Glfr . (13.38)
j=1

where the hyperparameters are given by

N
* (Zm> 5
CJ:CjJrigm:] Ni] Bi. (13.39)
N N . ~5 3.
fF=r+>3 <Z’"">__ 2t h; -~ (13.40)

In our case, the lower bound £(g) can then be calculated by

p(X,Z,0,m) }
= ,0,m)log) ——=————1d©®
Lg) ;/CI(Z ) Og{ 1(Z. 01
= (log p(X]Z, ©, 1)) + (log p(Z|n)) + (log p(r)) + (log p(©))
—(logq(2)) — (logg(m)) — (log ¢(®)). (13.41)
The complete algorithm of estimating the parameters of the proposed spatially

constrained IBL mixture model with variational Bayes can be summarized as
follows

Algorithm 1

1: Initialize the number of components M.
2: Initialize values of hyperparameters u 4, vja, &, hj, Sj, tj, ¢j, fj.
3: Initialize the values of 7;; by using K-means.
4: repeat
5 Variational E-step:
Calculate the expected values (13.19), (13.20), (13.21), (13.22) and (13.26).
6: Variational M-step:
Update the variational solutions by using (13.16), (13.23), (13.27), (13.31), (13.34)
and (13.38).
7: until convergence is reached
8: Calculate the (r;;) using (13.37).




316 W. Chen et al.
13.4 Experimental Results

In our experiments, we use both simulated and real brain MRI images to validate
the proposed image segmentation method that is based on the spatially constrained
IBL mixture model (denoted by IBLMM-SC). We compare IBLMM-SC with other
well-formulated image segmentation methods based on mixture models, such as the
conventional Gaussian mixture model (GMM) [39], the fast and robust spatially
constrained Gaussian mixture model (FRSCGMM) [18], the spatially constrained
Dirichlet mixture model (SC-DMM) [30], the spatially constrained Student’s t
mixture model (SMM-SC) [40], the spatially constrained inverted Dirichlet mixture
model (IDMM-SC) [31], and the spatially constrained Beta-Liouville mixture
model (BLMM-SC) [32].

Our experiments can be divided into two parts: First, we test our method on
simulated brain MRI images with different levels of noise. Second, we test our
method with real MRI brain images. We employ the misclassification ratio [41]
(MCR) to measure the performance of the segmentation result which is defined by

number of misclassified pixels

MCR = x 100 (13.42)

total number of pixels

13.4.1 Synthetic MRI Brain Images

In this experiment, we test the proposed image segmentation method on a publicly
available simulated brain database (SBD), namely the BrainWeb! [42]. The main
target of this application is to segment the simulated brain MRI image into three
segments including: cerebrospinal fluid (CSF), gray matter (GM), and white matter
(WM). It is noteworthy that all non-brain tissues are removed from original images
as a preprocessing step.

To begin with, we use a simulated image with 9% noise (index = 50) as shown in
Fig. 13.1a, the size of the image is 181 x 217. The segmentation results by different
segmentation methods are demonstrated in Fig. 13.1 with the ground truth that is
shown in Fig. 13.1b. The segmentation results of the proposed method and other
tested ones are shown in Fig. 13.1c—i. Based on these results, we can see that the
proposed IBLMM-SC can provide more visually appealing segmentation result with
less noise as shown in Fig. 13.1c, and with the lowest MCR value 4.87% among all
tested methods.

Next, we conduct experiment on another simulated MRI image with 7% noise
(index = 100) as demonstrated in Fig. 13.2a. The ground truth of the segmentation
result can be seen in Fig. 13.2b. The segmentation result of the proposed method
is shown in Fig.13.2c. As compared with other tested methods as illustrated

Uhttp://brainweb.bic.mni.mcgill.ca/brainweb/.
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Fig. 13.1 (a) Original image with 9% noise. (b) Ground truth. (¢) IBLMM-SC (MCR =4.87%).
(d) GMM (MCR =8.10%). (¢) FRSCGMM (MCR =6.95%). (f) SMM (MCR =7.23%). (g) DMM-
SC (MCR =5.23%). (h) IDMM-SC (MCR =5.38%) (i) BLMM (MCR =8.87%)

in Fig. 13.2d-i, the proposed IBLMM-SC can provide better segmentation both
qualitatively (with less noise) and quantitatively (with the smallest MCR rate
2.12%).

To better validate our segmentation method, we conduct experiments on all
simulated images with 7%, 9% noise levels. The average segmentation results under
different noise levels are shown in Table 13.1. From this table, it is clear that the
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() (h)

Fig. 13.2 (a) Original image with 7% noise. (b) Ground truth. (¢) The proposed IBLMM-
SC (MCR=2.12%). (d) GMM (MCR=13.20%). (¢) FRSCGMM (MCR=8.37%). (f) SMM
(MCR=5.21%). (g DMM-SC (MCR=3.87%). (h) IDMM-SC (MCR=4.07%). (i) BLMM
(MCR =4.44%)

proposed IBLMM-SC is more robust to noise and has obtained the best performance
among all applied methods in terms of the lowest MCR for both tested noise levels.
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Table 13.1 The average Method Noise=7% | Noise=9%
MCR(%) for comparison with

other segmentation methods GMM 10.54 13.89

with 7% and 9% noise levels FRSCGMM | 8.22 8.7
SMM 7.53 9.23
DMM-SC 6.20 7.23
IDMM-SC 6.84 8.23
BLMM 4.64 5.87
IBLMM-SC 3.62 4.73

Bold values indicate the best performance
in terms of the lowest MCR rates

3&'; ;;ﬁ;:g;"i?f; Method IBSR02 | Whole IBSR
with oth(;r methods for the GMM 13.25 15.83
IBSRO2 data set and the FRSCGMM | 6.48 8.70
whole IBSR data set SMM 7.62 10.05
DMM-SC 5.65 7.58
IDMM-SC 5.17 8.03
BLMM 4.80 6.14
IBLMM-SC | 3.71 5.35

Bold values indicate the best performance
in terms of the lowest MCR rates

13.4.2 Real MRI Brain Images

In this section, we conduct experiments on real medical images using the Internet
Brain Segmentation Repository (IBSR),> which contains real magnetic resonance
brain image data along with manually guided expert segmentation results. The MCR
is used in this experiment to measure the segmentation performance. In the first
experiment, we show the segmentation performance of the proposed method using
two real MRI brain images as demonstrated in Figs. 13.3a and 13.4a, respectively.
The first tested image can be seen in Fig. 13.3a with segmentation ground truth
that is shown in Fig. 13.3b. In the preprocessing step, we removed all non-brain
tissues. The segmentation results obtained by all methods are shown in Fig. 13.3c—
i. According to these results, we can observe that the proposed IBLMM-SC can
provide better performance with the lowest MCR (2.22%) than other tested methods.

The second tested image is shown in Fig. 13.4a with the ground truth segmenta-
tion result can be seen in Fig. 13.4b. The segmentation results of different methods
are provided in Fig. 13.4c—i. Once again, the best segmentation performance was
obtained by the proposed IBLMM-SC among all methods in terms of the lowest
MCR value (3.96%).

Zhttp://www.nitrc.org/projects/ibst/.
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(a) (b)

(d) (e) (
(g2)

f)
(g (h) (i)

Fig. 13.3 (a) Original image. (b) Ground truth. (¢) IBLMM-SC (MCR=2.22%). (d) GMM
(MCR= 9.80%). () FGFCM (MCR=6.10%). (f) SMM (MCR=5.92%). (g0 DMM-SC
(MCR =5.49%). (h) IDMM-SC (MCR =6.56%). (i) BLMM-SC (MCR =3.53%)

Next, we test our image segmentation method using all real MRI brain images in
IBSRO02 and the whole IBSR data set by reporting average performance shown in
Table 13.2. Clearly, the proposed method has obtained the best segmentation results
with the lowest MCR values for all tested data sets.
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(d) (e) ()
(2) ( (i)

2 h)

Fig. 13.4 (a) Original image. (b) Ground truth. (¢) IBLMM-SC (MCR=3.96%). (d) GMM
(MCR= 14.68%). (¢) FGFCM (MCR=9.12%). (f) SMM (MCR=8.91%). (g) DMM-SC
(MCR =7.26%). (h) IDMM-SC (MCR =4.93%). (i) BLMM-SC (MCR = 6.82%)

13.5 Conclusion

In this chapter, we proposed a new image segmentation method for segmenting
medical MRI brain images. The proposed method is based on finite inverted
Beta-Liouville mixtures which demonstrated better performance than commonly
used mixture models (such as Gaussian mixture model) in image segmentation.
To improve the robustness of our image segmentation method against noise, the
spatial relationship among nearby pixels was incorporated into our model by using
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generalized means. In order to learn the proposed spatially constrained mixture
model, a variational Bayes inference algorithm was developed, such that model
parameters can be efficiently estimated in closed form. Both simulated and real brain
MRI data were used to validate our model.
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Chapter 14

Flexible Statistical Learning Model for Qs
Unsupervised Image Modeling and
Segmentation
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Abstract We propose in this work to improve the tasks of image segmentation
and modeling through an unsupervised flexible learning approach. Our focus
here is to develop an alternative mixture model based on a bounded generalized
Gaussian distribution, which is less sensitive to over-segmentation and offers more
flexibility in data modeling than the Gaussian distribution which is certainly not the
best approximation for image segmentation. A maximum likelihood- (ML) based
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algorithm is applied for estimating the resulted model parameters. We investigate
here the integration of both a spatial information (a prior information between
neighboring pixels) and a minimum description length (MDL) principle into the
model learning step in order to deal with the major problems of finding the optimal
number of classes and also selecting the best model that describes accurately the
dataset. Therefore, the proposed model has the advantage to maintain the balance
between model complexity and goodness of fit. Obtained results on a large database
of medical MR images confirm the effectiveness of the proposed approach and
demonstrate its superior performance compared to some conventional methods.

14.1 Introduction

Data modeling and image segmentation are two of the most difficult and challenging
problems in image processing. Their importance is highlighted by the large number
of applications that include image or video segmentation step. Among these applica-
tions, content-based image retrieval [16, 50], visual scene interpretation [60], object
recognition [57], remote sensing [6, 35, 59, 74], and so forth. In these applications,
the adoption of a specific segmentation algorithm is the most difficult problem to
enhance the final results. For this reason, various approaches have been proposed
in literature and adopted in the above-mentioned applications. Among the different
approaches which have been widely used, statistical models [6, 13, 22, 25, 30, 45,
67,70, 71] are often used in image segmentation according to their simplicity when
describing images features and their ability for data classification. Among these
statistical-based techniques, the Gaussian mixture model (GMM) has been widely
used and it has shown its importance through many applications from machine
learning, pattern recognition, and image processing [9, 34, 43, 67]. An advantage
of GMM is that it requires a small number of parameters for learning which can
be accurately estimated by adopting the expectation maximization (EM) algorithm
[23, 68] to maximize the log-likelihood function. However, this kind of model is
often very sensitive to outliers and is certainly not the best approximation for image
segmentation. As well, for many problems, the tail of the Gaussian distribution is
shorter than what is required. In order to enhance the robustness and accuracy of
this model, the generalized Gaussian mixture model (GGMM) has been proposed
as an alternative solution to overcome the above limitations [20, 24, 36, 39, 46—
48]. The GGMM has been successfully used according to its flexibility to model
data with different shapes. It has been used in image and video coding [6, 43],
texture discrimination and retrieval [20], and so on. This distribution has one more
parameter A than the Gaussian distribution which controls the tails of the distribution
and decides whether the latter is peaked or flat. The Gaussian distribution is
considered as a particular case for the generalized Gaussian distribution, where A=2.
Thus, the generalized Gaussian mixture model provides a flexibility to fit the shape
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of the data better than the Gaussian mixture model. However, it is important to
note that conventional Gaussian-based models (GMM and GGMM) have a common
issue related to their supports which are unbounded. In fact, in many applications,
the observed data are digitalized and have bounded support and this statement
can be exploited to select the appropriate model shape. Fortunately, the bounded
Gaussian distribution and the bounded generalized Gaussian distribution have been
developed in [5, 17-19, 38, 49] as an alternative generalized model which includes
Gaussian model (GMM), Laplacian model (LMM), and generalized Gaussian model
(GGMM) as special cases. This new distribution has the advantage to fit different
shapes of observed non-Gaussian data defined within a bounded support. Moreover,
it is possible to model the observed data in each component of the model with
different bounded support regions. On the other hand, several developed approaches
in the literature for image segmentation are facing another common problem that
concerns the automatic determining of adequate components (clusters or classes)
which best describes the data. In order to deal with this issue, some approaches have
been suggested with relative success (see, for instance, [11, 43, 56]). In particular,
the spatial information was used as a prior information about the expected number of
regions in [11]. The minimum description length (MDL) criterion was also used for
the same purpose in [10, 43, 56]. Motivated by all these observations, we introduce
in this work an alternative flexible mixture model based on the bounded generalized
Gaussian distribution (BGGMM) which incorporates a spatial information and
the MDL penalty to overcome the previous limitations and to improve image
segmentation and data modeling tasks. It is noteworthy that the proposed framework
has never been proposed before.

The remainder of this paper is organized as follows. Our statistical model
is proposed in Sect.14.2. The model parameters estimation and the complete
segmentation algorithm are described in the next section. In Sect. 14.4, we present
and discuss the experimental results. Finally, we end with conclusions of this work
in Sect. 14.5.

14.2 Bounded Generalized Gaussian Mixture Model

Let X be an image characterized by a set of pixels X = {X1, ..., Xn}, where N is
the number of pixels. Since an image is composed of several regions, so it could be
described using a mixture model with K components:

K
p(Xil®) =Y " m; f(Xi10;) (14.1)
j=1
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provided that ; > 0 and Y5 7; = 1. In Eq.(14.1), f(X;|6;) is the
probability density function associated with the region j, 6; represents the set
of parameters defining jth component, 7; are the mixing proportions, ® =
{61,...,0k,m, ..., g} is the complete set of parameters to characterize the
mixture model, and K > 1 is the number of components in the mixture model
[43]. With a mixture of K components, likelihood of data X with N independent
and identically distributed data points (pixels in our case) can be expressed as:

N K

pX1©) =[]D 7 f(Xil6) (14.2)

i=1j=1

The main aim of using statistical modeling consists of adopting a model which
can describe accurately the statistical properties of the underlying source. In order
to model the distributions, the mixture models are based on the probability density
function f(X;|0;) mentioned in Egs. (14.1) and (14.2). The problem here is the
choice of mixture probability density functions. In general, the Gaussian distribution
is considered one of the most appropriate used distributions. This model has been
widely adopted in machine learning, pattern recognition, and speech processing
applications. In Gaussian mixture model (GMM), f(X;|6;) is Gaussian distribution
as follows:

1 1
f(Xil)) = WGXP {—sz(Xi - Mj)z} (14.3)

where 0; = (uj, o;) represents the set of parameters defining jth component. Note
that © and o are the mean and standard deviation, respectively. However, in order
to develop this mixture model and to control the tail of the distribution, another
proposed distribution could provide better modeling capabilities which is based
on the integration of the shape parameter A. This distribution is called generalized
Gaussian distribution (GGD). For its flexibility to model data with different shapes,
this model has been widely used, especially in signal processing, speech modeling,
and image and video coding. In generalized Gaussian mixture model (GGMM), the
probability density function f(X;|6;) is GGD as:

[TG/x)
Aj r(l//\j)

Xi —
20;T(1/4}) i

f(Xi10;) =
0j

Aj
exp (—A(Aj) . ) (14.4)

with

NN S
AQh)) = [—r(l/,\j)} (14.5)
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where I'(.) represents gamma function and 6; = (u;, o}, A;) is the set of parame-
ters of jth component. Note that u, o, and A are the mean, the standard deviation,
and the shape parameters, respectively. The above-mentioned distributions are
unbounded with support range (—o0o, +-00). However, many real applications have
their data within a bounded support regions. In order to deal with this problem,
the bounded generalized Gaussian mixture model (BGGMM) is proposed. This
model has the flexibility to fit different shapes of observed data. If we represent the
probability distribution given in Eq. (14.4) as notation fgeq(X;|6;), then proposed
bounded generalized Gaussian distribution (BGGD) for BGGMM is given as
follows:

Joga(Xi10;)H(X;[€2))
X,10;) =
S = e esaultydu

(14.6)

where H(X;|€2;) is called indicator function which defines 9; to be the bounded
support region in R for each component 2 as:

1 if X; €9

H(X;|2;) = )
0 Otherwise

(14.7)

The term f 9 fega(ulfj)du in Eq.(14.6) is the normalization constant which
indicates the share of f,,4(X;|0;) which belongs to the support region d;. As
presented in [49], the proposed distribution in Eq. (14.6) allows more flexibility in
order to fit the data (pixels in our case) with the limited range more efficiently than a
Gaussian distribution or a generalized Gaussian distribution. By employing bounded
generalized Gaussian distribution (From Eq. (14.6)) in Eq. (14.2), the complete data
likelihood function for BGGMM can be described as follows:

I {fgguxlw,)H(X,mJ)} (148)

i=1 j=1 fa/ Jaga(ul0j)du

where the complete set of parameters to fully characterize the mixture is described
by ® = (U1,..., UK,O01,--- 0Ky Aly--., AK, T, ..., k). As mentioned in
Eq. (14.8), each component in the proposed model has the ability to model the data
with different bounded support regions d;. In order to compare the mathematical
expressions according to this model with those proposed with GMM or GGMM we
can conclude that for example if we set A; = 2 and H(x;|2;) = 1 for each Q;,
the method will be similar to GMM. Therefore, we could say that BGGMM is a
generalization of GMM and GGMM models (Fig. 14.1).
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Fig. 14.1 Illustration of different distributions: (a) GMM distribution; (b) GGMM distribution
with different values of A = 1, 2, 4, 6, 10; (¢c) BGMM distribution, the observed data in the interval
(—1.5,6); (d) BGGMM distribution with different values of A = 1, 2, 4, 6, 10 and the observed data
in the interval (—2,4)

14.3 BGGMM Learning Using EM, SI and MDL for Image
Segmentation

In the following, we present our unsupervised learning method for image segmenta-
tion. In particular, we incorporate both spatial information (SI) and MDL criterion
into the EM algorithm to estimate the model’s parameters and to find the optimal
number of model components.

14.3.1 Integration of the Spatial Information

In this work, we incorporate the spatial information (SI) as a prior information
between neighboring pixels in our developed model. It is useful as an implicit prior
information about the probable number of regions as indicated in [59]. For each
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pixel X; € X its immediate neighbor X; € X, which we call the peer of X; and is
supposed to have arisen from the same cluster of X;. Thus, we can use this spatial
information as indirect information in order to estimate the number of clusters,
since we suppose that the peers stay in the same cluster. As though each region
is composed by similar adjacent pixels, when we integrate spatial information, this
enables us to find out accurate and smooth segments. For example, if a large value
is fixed for K, there would be a conflict with the provided spatial information. This
means that a true segment is wrongly divided into two sub-segments which have to
be merged to a new segment that we should re-estimate its related parameters. Thus,
the number of segments will decrease to reach its true number.

14.3.2 Mixture Model’s Parameters Estimation Using EM

In this section, we develop the equations that learn the parameters of the BGGMM
using the common EM approach. First, we suppose that the number of components
M is known. Many approaches have been developed in order to deal with mixture
models parameters estimation [43]. One of the most popular and used estimation
methods is the maximum likelihood approach in which the main idea is to find
parameters that maximize the joint probability density function. This task can be
performed using the expectation maximization (EM) algorithm which is widely
used in the case of missing data. In our case, the missing data are the knowledge

of the pixel classes. Let X and the set of peers X = {)? Lyvnns X N} be our observed
data. The set of group indicators for all pixels Z = {Zy, ..., Zy} correspond to
the unobserved data, where Z; = {Z;1, ..., Z;k} is the missing group indicator and

Z;;j is equal to one if X; belongs to the same cluster j as X; and zero otherwise. By
taking into account the spatial information and missing group indicator, complete
data likelihood function referring to Eqgs.(14.2) and (14.8) can be described as
follows:

N Zij

K
pX. X, 210) = [ [ [ [z £ Xilop)m; £ (Xi16))] (14.9)
=1

i=1j
Thus, the complete log-likelihood function can be written as:
N K Zij

[ 107 fxitom; £ (Xi165)] (14.10)

j=

L(X, X, Z|®) = log

1

—
—

Zij
[7; B(Xi)7m;B(X:)]

1=
=

= log

i 1

Lj
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. N fggd(xilej)H(Xilg_/) A. _ fggd(s(\ilej)H(?ilgj)
where: B(X;) = {—faj PRI } and B(X;) = {—faj Fre QB }

Now, in order to adjust the parameters ® = {m;, uj,0;,1;}, we should
maximize the likelihood function in Eq. (14.10) which is equivalent to maximize
the following:

N K

LX.X.Z10)=) > "Z; (210gnj +10g foed (Xi10;) +10g foga(Xi16;)
i=1 j=1

— 210g/ Sfega(u|0;) +log H(X;[£2;) + logH()?i|S2j)>
9
(14.11)
Using the EM algorithm, the parameters ® = {rr jaMj, O, A j} will be estimated

according to two different steps. In E-step, conditional expectation of the complete
data log-likelihood is calculated as:

E[L(X, X, Z|®)] = 0(X, X, Z|©) (14.12)
N K

=Y p(iIXi, Xi, 07)2log ) + log fega(Xil0))
i=1 j=1

+log fggd(??ilé‘j) — 210g/3 Sega(uld;)
J
+log H(X;|R2;) + log H(X;|22,))

where p(j|X,, X, ns 0 j) denotes the posterior probability which indicates the proba-
bility that X; and X, ; are assigned to cluster j:

i f(X:10,)7; f(X16))
K _~
Z ﬂ}'f(Xllej’)ﬂj/f(Xl|91/)
Jj'=1

P(j|Xi’)?i’9j) =

(14.13)

The next step is the maximization (M) step, in which Eq. (14.12) will be maximized
which leads to the estimation of parameters of mixture model. In order to present
conveniently, we divide this section into four subsections.

14.3.2.1 Mean Parameter Estimation

We consider the derivation of log-likelihood given in Eq. (14.12) with respect to
at (t+1) iteration step as follows:
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~

90 (X, X

,Z|©) al

Aj . S o
2 =—AG)—5= P (J|X,-, X,»,e,-) {|X,- — il (= X+ )
Hj 0j i=1

(14.14)

+1Xi = pjl™ (=X + )

zfaj feea(ul0j)sign(i; —u)|u — Mj|kj_ldu}
J5, Jega(ul0j)du

By approximating operations, the above given function in Eq. (14.14) is rewritten
as:

v N

T = A= Y piLX, X, 0)) | X — | (14.15)
Ouj o i

~ 2R;
XV (Xitpp)+ Xt p) ————
| Xi = s
where
" Aj(’)—l
R; = L=t sign(; " — Spj)|[Smj — i | H(Swj|2)) 14.16)

3=t HSuj12))

The term Sy,; ~ fgga(ul6;) represents the random variables drawn from probability
distribution f,eq(ul6;), and M is number of random variables S,,;. Now, the

solution of W = 0 generates the solutions of w; at (t+1) iteration as
J
follows:
N . < Aj—2 = Ai—2a
M'(H_l)— Zi:l p(.]|X17Xl791)(|Xl_lfl/]| / X,+|XZ—MJ| J Xl—|—2Rj)
! B Ny P N2 o a2
Zt{\/:l p(jlXi, Xi,0)) (|Xi — i+ | X = |
(14.17)

14.3.2.2 Standard Deviation Estimation

Setting the derivative of log-likelihood given in Eq. (14.12) with respect to o; at
(t+1) iteration step, we have:
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I0X. X, 2|©)

N
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By approximating operations, above given function in Eq.(14.18) is rewritten as:

90X, X, Z|©)

N
> —o; ' Y pGiIXi, Xi,6)) (14.19)
gj

i=1

X {—2+A(,\,-),\ja,-—kf [|X,- — [+ X — uj|*f'] - 2Gj}
where
Yo <_1 + A () |y — ;0" (Uj(”)_kj(t)) H (S/12;)

St H (Snj12))

I0(X.X,Z|©)
Z)Uj

G;=
(14.20)
Similarly, the solution of = 0 generates the solutions of o at the (t+1)

step as follows:

N R N 1\
AjAQG) Y p (jlxi,Xi,9j> [|X1 — [+ X =y ’]
o, 0+ = i=1
N o~
2% p (1% X0.6,) 1+ G
i=1
(14.21)

14.3.2.3 Shape Parameter Estimation

To achieve the estimation of this parameter A ;, each iteration requires the calculation
of the first and the second derivatives of the function in Eq. (14.12) with respect to
the parameter A; as following:
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where y represent a scaling factor. Thus, the derivative of the error function is given
by:

> N
10(X, X, Z|®) - , S~
T = = ) pUIXGL X 8) % | fegd (Xil6)) + fega (XKi6))

J i=1

[y fega(ul0;) fega (ul6;)du
570 788 i) Jgs J (14.23)
faj fggd(u|9j)du
where

afggd(X|9j)

fggd (X|9j) = 3)\./

(14.24)

2 Q(X,X,Z|©)

The calculation of the terms 2 is obtained as:
J

3 <8Q(X, X, Z|®)>

N
W 0% = —Zp(lei,Xi,Gj){fggd (Xil0j) + fega (Xil0))

i=1
, 2
U ia(wl0)) fysd (10
(5, fega(ul6j)du)®
oy Jisa Wl0)(fega (WO + foga' (u|9‘,~)du}
fa,- fega(ulfj)du

(14.25)
where

3 fega (X10))

14.26
. (14.26)

fegd (X16) =

The computation of feed (X10}), fega (X10))s fegd Wl6}), and foeq (ulf;) is
followed from [6].
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14.3.2.4 Prior Probability Estimation

The updated estimate of the prior probability 7; which is positive and sum to one
(Zle m; = 1)is given as follows:

N

1 ~

t+1) _ G

7Tj —N Elp(”Xzs Xlsej) (14.27)
i=

14.3.3 Model Selection Using MDL

We recall that the maximum likelihood (ML) favors generally for higher values
of the number of components, and this issue leads easily to over fitting. Thus,
in order to estimate the number of components, we have used the minimum
description length (MDL) criterion given by [10, 56]. Therefore, the optimal number
of components in the developed mixture model BGGMM is obtained by minimizing
the following function:

1
MDL ~ —log p(X|©) + 7 Ni log(N) (14.28)

where N; = M (2d+ 1) denotes the number of free parameters in the mixture model.

14.3.4 The Proposed Complete Algorithm

We summarize here the main steps of the proposed algorithm used for the bounded
generalized Gaussian mixture model’s parameters estimation and model selection.

14.4 Experimental Results

14.4.1 Experiment Design

The main goal of this section is to evaluate the performance of the proposed bounded
generalized Gaussian mixture model with spatial information and MDL (BGGMM
+ SI 4+ MDL) as compared to some conventional Gaussian-based methods such
as Gaussian-based (GMM), generalized Gaussian-based (GGMM), and bounded
Gaussian-based (BGMM). Evaluation is performed on the basis of several real
world images. To perform a comparison between image segmentation approaches,
different measures are proposed in literature that allow us to determine the quality
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Model learning using EM + SI + MDL

. Input: Image to be segmented X
. Initialization:

Do =

— Model’s parameters ® are initialized with the K-means algo-
rithm.
— Choose an initial high value for K = Kmax (number of regions).

3. While (K < K,;,4x) Do
4. Repeat (Update parameters by alternating the following steps)

« Expectation-Step:

— Compute the posterior probabilities according to Eq. (14.13).
* Maximization-Step:

— Update the means ( ; using Eq. (14.17)

— Update the standard deviation o; using Eq. (14.21)

— Update the parameter A; using Eq. (14.22)

— Update the prior distribution 7 ; using Eq. (14.27)

While (algorithm not converging)

— Calculate the associated MDL criterion using Eq. (14.28).
— Remove the component j with the smallest 7; (K=K - 1)

End While

— Select the optimal model M* such that: M* = argminy M DL(M).
Then, return the model parameters with the optimal model.

— The segmented image is determined according to the optimal model.

of the segmentation results according to one or more reference segmentation. In our
case, we propose to use the following measures: sensitivity, specificity, accuracy,
recall, F1-measure, and MCC (Matthews correlation coefficient). They are often
used in the context of image segmentation and classification in order to quantify the
quality of the segmentation result.

_IpP
TP+FN
* Specificity = %
TP
TP+FP
_ TP+TN
* ACCUrACY = 7ppp TN FN

* Recall = 7750y

¢ Fl-measure =

* Sensitivity =

e Precision =

2xT P
(2«TP+FP+FN)

. _ TP+TN
BACC__VKTP+FNXTP+FPXTN+FPMTN+FN)
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14.4.2 Experiment 1: Real World Image Segmentation

We start by evaluating the performance of our proposed approach using various
examples from real world images which are publicly provided by the Berkeley seg-
mentation dataset (BSD) [42]. The Berkeley benchmark is a public database consists
of 300 images of a wide variety of natural scenes. Ground truth segmentations of
these images are also provided. Quantitative performances are obtained based on the
ground truth and using the accuracy, the precision, and the boundary displacement
error (BDE) metrics. The latter metric measures the average displacement error
of one boundary pixels and its closest boundary pixels in the other segmentation
[27]. Figure 14.2 shows obtained results for some samples chosen randomly from
the BSD dataset. A comparative study between different models is depicted in
Tables 14.1 and 14.2. According to these results, it is clear that our approach denoted
by (BGGMM + SI + MDL) outperforms other methods. Indeed, the accuracy value
is about 92.9% for BGGMM + SI + MDL against 88.6% for GGMM and 84.3%
for GMM. In addition, the minimum boundary displacement error is found with
our method. It should be emphasized also that more accurate number of clusters
(or regions) are obtained with our model thanks to the integration of the spatial

Fig. 14.2 Image segmentation results of some samples selected from the BSD dataset. First
column: Original Image, second, third fourth, and fifth columns correspond to results obtained
using GMM, GGMM, BGMM, and BGGMM+-SI+MDL respectively
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Table 14.1 Results obtained for five different images chosen randomly from the BSD dataset (see

Fig. 14.2)

Method

GMM

GGMM

BGMM
BGGMM+-SI+MDL
GMM

GGMM

BGMM
BGGMM+SI+MDL
GMM

GGMM

BGMM
BGGMM+-SI+MDL
GMM

GGMM

BGMM
BGGMM+SI+MDL
GMM

GGMM

BGMM
BGGMM+-SI+MDL

Precision

88.70
91.23
90.21
95.97
78.21
86.54
88.08
91.36
76.10
88.61
88.96
89.88
82.16
85.34
86.29
89.20
79.76
85.31
84.90
91.19

Accuracy
90.11
92.58
91.13
94.43
77.53
82.36
83.48
89.76
90.13
94.90
95.01
95.30
78.14
81.02
81.97
82.34
80.07
83.22
81.47
87.21

BDE

0.241
0.234
0.229
0.109
0.321
0.280
0.266
0.237
0.296
0.209
0.213
0.183
0.344
0.281
0.274
0.246
0.401
0.385
0.391
0.291

M

M and M denote the obtained and the real number of regions, respectively

LnmiaN AN | NN N NN W W W

—_ = = =
—_ W W

[\

10

Table 14.2 Average metrics for all images in the BSD dataset produced by the algorithms: GMM,
GGMM, BGMM, and BGGMM+SI+MDL

Method

GMM

GGMM

BGMM
BGGMM+SI4+MDL

Precision
81.39
86.23
87.20
91.33

Accuracy
84.30
88.64
87.62
92.96

BDE
31.06
28.67
27.04
20.39

information and the MDL criterion into the learning model (see two last columns
in Table 14.1). In other word, these constraints help to avoid over-segmentation and
provide more accurate segmentation results.

14.4.3 Experiment 2: MR Brain Images Segmentation

Precise brain tissues segmentation in magnetic resonance (MR) images has been the
topic of extensive research in the past and is a crucial step in several applications
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such as surgical and radiotherapy planning, analysis of neuroanatomical variability,
image guided therapy, abnormality detection, and many other for medical studies
[2, 14, 53, 58, 64]. In particular, some results are presented for segmenting the white
matter (WM), gray matter (GM), cerebrospinal fluid (CSF), and modeling the cortex
anatomy. Various promising works have been proposed that offering a diversity
of methods such as atlas-based methods [4, 7, 15, 29, 31, 55, 63, 69], variational
approaches [28, 32, 33, 61, 65, 72], and pattern classification-based techniques
[1,3,4,28,44,55, 66]. Several methods suppose that the anatomical tissue intensity
can be modeled as a mixture of Gaussians. Unfortunately, this assumption leads to
erroneous results since these tissues have overlapping spectral properties. Despite
the good results obtained in the literature; the achievement of MRI brain segmenta-
tion task has proven problematic due to the poor contrast, the inhomogeneity, and
the unknown noise. In this section, we experimentally evaluate our proposed model
on real MR brain images provided by the Internet Brain Segmentation Repository
(IBSR) database. These images and their manual segmentations are provided and
publicly available! by the Center for Morphometric Analysis at Massachusetts
General Hospital. The IBSR provided 20 real T1-weighted coronal MRI scans
(3D volumes) of normal subjects with gray/white/cerebral-spinal-fluid/other expert
segmentations. Each volume is of size 63 scans, and each scan is of size 256 x 256
pixels. In our study, we propose to identify the three main structures: white matter
(WM), gray matter (GM), and cerebrospinal fluid (CSF). Thus, we choose as initial
value for the number of classes K = 4 (WM, GM, CSF, other). If a pixel does not
belong to WM nor to GM or CSF, it will be affected to the cluster “other”. We note
also that in some scans the CSF does not appear in the image, so the number of
classes is automatically reduced to 3 instead of 4 and all pixels in this image will
be assigned to WM or to GM or to “other” component. Some samples of original
images (chosen randomly from the dataset IBSR) and their segmentation obtained
by our method (BGGMM+-SI+MDL), and other algorithms GGMM and GMM
are depicted in Fig. 14.3. Quantitative measures are also determined on the basis
of the above metrics (presented in the previous section) and given in Table 14.3
for different methods. Under the assumption cited in [73], the accuracy value gives
a score of one for perfect agreement and O for complete disagreement, and any
accuracy value above 0.7 indicates a strong agreement. According to this study, it is
clear that our model is capable to provide strongly acceptable results compared to
the ground truth and also it is able to provide better results w.r.t the rest of methods
(GGMM and GMM). On the other hand, values obtained with GGMM are more
better than GMM’s values. Sometimes, the results provided by our model are equal
or slightly higher than the other two models. We interpret and justify this result by
the fact that only the value of the grayscale is considered as information and no more
other features are taken into account in the segmentation process. Thereby, more
relevant features are definitely needed to improve the expected results for many
cases especially when the image is blurred and highly textured.

Thttp://www.cma.mgh.harvard.edu/ibst/.
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Fig. 14.3 Segmenting main tissues in MRI images (GM, WM, CSF) for some scans from IBSR.
First column: original image. Second, third, fourth, and fifth are the results with GMM, GGMM,
BGGMM-+SI+MDL, respectively

Table 14.3 Average metrics for MRI brain images (IBSR dataset) segmentation produced by
different algorithms: GMM, GGMM, and BGGMM+SI+MDL

Method Sensitivity | Specificity | Precision |Recall | Accuracy |Fl1 MCC
GMM 73.89 95.65 62.79 73.89 |92.87 63.15 |62.01
GGMM 75.76 95.79 63.83 7576 193.29 64.81 | 63.50
BGGMM 76.94 95.95 65.90 76.94 |93.44 66.35 | 65.57

+SI+MDL
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14.4.4 Experiment 3: Left Ventricle (LV) Segmentation in a
Sequence of Images

Accurate segmentation of the left ventricle (LV) in cardiac magnetic resonance
imaging sequences is another important application to analyze the cardiac function,
to assess the myocardial mass, the stroke volume, and the ejection fraction. The
left ventricle in short axis (SAX) cine MR image looks like a circular and appear
bright, and all their surrounding organs are dark (i.e., lung, myocardium, and
liver), as shown in Fig. 14.4. Manual segmentation is particularly impractical, non-
reproducible, and time-consuming task for cardiac radiologists, so a fully automatic
accurate segmentation of left ventricle is highly required and still attracting research.
Nevertheless, this task faces many challenges due to the LV shape variability,
the overlap between the intensity distributions, the low contrast between the
myocardium and surrounding tissues, etc. In recent years, quite a number of
techniques have been proposed for cardiac segmentation including: image-driven
method [21], multidimensional dynamic programming [62], EM + probabilistic
atlas [40], variational approaches [8, 26, 41, 51], pyramid and fuzzy clustering [54],
model-based graph cut [37].

In this work, we assess the performance of our algorithm on the basis of the
dataset of cardiac cine MRI images provided by the clinical database of Sunnybrook
Health Sciences Centre [52] and published on the Internet.? Tt consists of 45 cases
containing 12 heart failure with ischemia (HF-I) cases, 12 heart failure without
ischemia (HF-NI) cases, 12 hypertrophy (HYP) cases, and nine normal (N) cases.
In this experiment, we focus on identifying the ROI corresponding to the LV. To this
end, we start by locating the region of interest (ROI) in the current image which is
performed by selecting a rectangular that englobes the LV organ. Then, we applied
the developed method to refine the final segmentation. Subsequently, the output of

Fig. 14.4 Illustration of a
part of cardiac MR image

Left

ventricle

Zhttp://sourceforge.net/projects/cardiac-mr/files.
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Table 14.4 Average metrics for Left ventricle cardiac images segmentation produced by the
algorithms: GMM, GGMM and BGGMM+SI+MDL

Method Sensitivity | Specificity | Precision |Recall | Accuracy |Fl1 MCC
GMM 40.72 99.76 96.24 40.72 | 97.94 53.83 |59.85
GGMM 41.73 99.76 96.26 41.73 | 97.96 55.14 | 60.90
BGGMM 42.72 99.77 96.34 42.72 1 98.00 56.26 |61.78
+SI4+MLL

the current segmentation is used as initialization step for the following image in the
sequence and so that. Some illustrations of the obtained results with GMM, GGMM,
and BGGMM+-SI4+MDL are given in Fig. 14.5. We evaluate also all obtained results
w.r.t the two other methods on the basis of the metrics described above. The average
values for the dataset are depicted in Table 14.4. According to these results, we
can conclude that our proposed algorithm outperforms the rest of methods. This
conclusion confirms again that the integration of both spatial information and MDL
criterion in the new developed mixture model based on the bounded generalized
Gaussian distribution leads to more smooth and precise results.

14.5 Summary

In this paper, we have presented a new flexible mixture model based on the bounded
generalized Gaussian distribution for data modeling and image segmentation. In
order to increase the accuracy of the expected results and to estimate accurately the
appropriate number of components, the proposed method integrates both a spatial
information (a prior knowledge) and a minimum description length criterion (MDL.).
We evaluated also the performance of the proposed model based on different
challenging applications such as the segmentation of MRI brain images and the
cardiac left ventricle. Obtained results show the merits of our proposed framework
which outperforms conventional Gaussian-based models. Future works are devoted
to the involving of more relevant visual features (shape, texture, color, etc.) in the
whole segmentation process to better characterizing the ROI and to improve results.
Moreover, we plan to use an enhanced extension of the EM algorithm which is the
ECM method [12] to avoid some problems related to EM.
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Y } o

Fig. 14.5 Segmenting the Left ventricle cardiac on some scans from the dataset in [52]. First
column: Original image. Second, third, fourth, and fifth are the results with GMM, GGMM,
BGGMM-+SI+MDL, respectively
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