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Preface

Noise is always present in images, regardless of the way they have been acquired.
This is why noise removal or denoising is a key image processing problem,
especially with respect to photo and video cameras, where the push toward
ever-increasing resolution, dynamic range, and frame rate implies ever higher
demands on denoising performance.

Denoising has a long and rich history, with early works dating back to the 1960s.
Classic denoising techniques were mostly based in one of these two approaches:
modification of transform coefficients (using the Fourier transform, the DCT, some
form of wavelet, etc.) or averaging image values (in a neighborhood, along con-
tours, with similar but possibly distant pixels, etc.). Both types of approaches
yielded results that were modest, in terms of objective error metrics and also in
terms of visual quality, with frequent problems such as oversmoothing, staircase
effects, or ringing artifacts.

In 2005, the groundbreaking nonlocal means method proposed comparing image
neighborhoods (patches) in order to denoise single pixels. This approach produced
results that were shockingly superior to the state of the art at the time, so much so
that from then on virtually all image denoising algorithms have been patch-based.
Actually, the increase in quality of the denoising algorithms in the past few years
has been so dramatic that several recent works have questioned whether or not there
is still room for improvement in denoising, with some researchers considering the
problem pretty much solved and no longer relevant.

One of the goals of this book is to show that, in fact, that is not the case: in
denoising there are some fundamental challenges that remain unsolved and that
include how to properly model noise in real scenarios, how to tailor denoising
algorithms to these models, and how to evaluate the results in a way that is con-
sistent with perceived image quality.

Another goal was to have a book dealing exclusively with noise removal for
photographs and video. Despite the commercial significance of the image and video
industry and the fact that many academic works on denoising are evaluated on
regular photos and videos, this would be, surprisingly, the first book centered on
this specific topic.

ix



X Preface

This volume provides a comprehensive look on the subject, from problem for-
mulation to the evaluation of denoising methods, from historical perspectives to
state-of-the-art algorithms, and from fast real-time techniques that can be imple-
mented in camera to powerful and computationally intensive methods for off-line
processing. All topics are explained in detail yet in a clear and concise manner. The
intended audience comprises researchers and advanced undergraduate and graduate
students in computer science, applied mathematics, and related fields, as well as
professionals from the media industries.

Finally, I would like to point out that it’s been a great pleasure to edit this
volume and have contributions from so many outstanding researchers, sharing their
insights on this fascinating problem.

And now, paraphrasing the British rock band Slade: come on feel the noise!

Barcelona, Spain Marcelo Bertalmio
May 2018



“The relentless quest for higher image resolution, greater ISO sensitivity, faster
frame rates and smaller imaging sensors in digital imaging and videography has
demanded unprecedented innovation and improvement in noise reduction tech-
nologies. This book provides a comprehensive treatment of all aspects of image
noise including noise modelling, state of the art noise reduction technologies and

visual perception and quantitative evaluation of noise.”
—Geoff Woolfe, Former President of the Society for Imaging Science and
Technology

“This book on denoising of photographic images and video is the most
comprehensive and up-to-date account of this deep and classic problem of image
processing. The progress on its solution is being spectacular. This volume therefore
is a must read for all engineers and researchers concerned with image and video

quality.”
—Jean-Michel Morel, Professor at Ecole Normale Supérieure de Cachan,
France
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Chapter 1 ®)
Modeling and Estimation e
of Signal-Dependent and Correlated

Noise

Lucio Azzari, Lucas Rodrigues Borges and Alessandro Foi

Abstract The additive white Gaussian noise (AWGN) model is ubiquitous in signal
processing. This model is often justified by central-limit theorem (CLT) arguments.
However, whereas the CLT may support a Gaussian distribution for the random
errors, it does not provide any justification for the assumed additivity and whiteness.
As a matter of fact, data acquired in real applications can seldom be described with
good approximation by the AWGN model, especially because errors are typically
correlated and not additive. Failure to model accurately the noise leads to inaccurate
analysis, ineffective filtering, and distortion or even failure in the estimation. This
chapter provides an introduction to both signal-dependent and correlated noise and
to the relevant models and basic methods for the analysis and estimation of these
types of noise. Generic one-parameter families of distributions are used as the essen-
tial mathematical setting for the observed signals. The distribution families covered
as leading examples include Poisson, mixed Poisson—Gaussian, various forms of
signal-dependent Gaussian noise (including multiplicative families and approxima-
tions of the Poisson family), as well as doubly censored heteroskedastic Gaussian
distributions. We also consider various forms of noise correlation, encompassing
pixel and readout cross-talk, fixed-pattern noise, column/row noise, etc., as well as
related issues like photo-response and gain nonuniformity. The introduced models
and methods are applicable to several important imaging scenarios and technologies,
such as raw data from digital camera sensors, various types of radiation imaging rel-
evant to security and to biomedical imaging.

L. Azzari - A. Foi (X))
Tampere University of Technology, Korkeakoulunkatu 1, 33720 Tampere, Finland
e-mail: alessandro.foi @tut.fi

L. Azzari
e-mail: lucio.azzari @tut.fi

L. R. Borges

Sdo Carlos School of Engineering, University of Sdo Paulo,

400 Trabalhador Sao Carlense Avenue, Sdo Carlos 13566-590, Brazil
e-mail: lucas.rodrigues.borges @usp.br

© Springer International Publishing AG, part of Springer Nature 2018 1
M. Bertalmio (ed.), Denoising of Photographic Images and Video,

Advances in Computer Vision and Pattern Recognition,
https://doi.org/10.1007/978-3-319-96029-6_1


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-96029-6_1&domain=pdf

2 L. Azzari et al.

1.1 Introduction: Acquisition Devices and Noise Sources

A digital image is generated by converting the light coming from a natural scene
to numerical pixel values. In particular, a typical camera performs this conversion
using a semiconducting array of sensing elements positioned after an aperture: when
the shutter opens, the light from the scene goes through the lenses and the aperture,
finally colliding with the sensor array. Each element in the array converts the energy
of the incident light beam to electric charges that are successively accumulated in
an electric potential. The electric potentials are then converted to digital values, and
finally stored collectively as a raw image, whose pixel values are ideally proportional
to the intensity of the light that shone onto the corresponding sensing elements.

The most common digital camera sensors are Charge Coupled Semiconductor
Devices (CCD) and Complementary Metal-Oxide Semiconductor (CMOS). While
CCD used to be the most common technology, nowadays CMOS sensors dominate the
market, being the preferred capture technology for smartphones and digital cameras.
The main difference between the two is that, while in CCD arrays the charge of a
row of sensors is transported via the same circuit, sharing also the same amplifier,
CMOS arrays are based on the Active Pixel Sensor (ASP) technology, for which
every single sensor is treated independently, having a unique transport line [16].

To get a basic understanding of the nature of the noise in imaging sensors, let us
consider the acquisition of a still scene; although the average incident energy over
a relatively long period of time might be virtually constant, the amount of photons
incident on the camera sensors during the exposure fluctuates in time. Furthermore,
not all the incident photons are converted to electric charge. This whole phenomenon
is known as shot noise, and it is well modeled by the family of Poisson distributions
[23]. An important feature of this type of noise is that it is signal-dependent, in the
sense that the electric charge fluctuates in time with a variance that is proportional
to the photon flux. Thus, different parts of a captured scene are subject to different
noise strengths with the stronger noise affecting the brighter content.

Another relevant source of noise is the so-called thermal noise. Thermal noise
is generated by thermal agitation [17, 26] and is due to the fact that at any given
temperature (except absolute zero), conductors have a probability to emit charges
due to heat, even when there is no electric potential to stimulate them. This results
in a background current, present also in the absence of input signals (dark current)
[16], which alters the measurements of the sensors. The inevitable fluctuations of this
current are thus modeled as noise. By definition, this type of noise is proportional to
the working temperature of the device, and it can therefore be reduced by decreasing
the temperature of sensor. In high-end devices for scientific applications (e.g., optical
astronomy), this is achieved by means of a thermoelectric cooler such as a Peltier heat
pump; however, in most consumer applications, sensor cooling is not feasible and
thermal noise, suitably modeled by a Gaussian distribution, becomes a significant
component of the measurement errors. Particularly when capturing scenes in low-
light conditions, thermal noise can dominate the overall noise.
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Furthermore, there is a possibility that the charges accumulated by neighboring
sensor elements coupled with each other introducing correlation between measured
quantities. In other words, the charge accumulated by a sensor element is influenced
not only by the number of incident photons, but also by the charges accumulated
by the surrounding sensor elements. Analogously, during the readout phase, when
the device reads and transports the charges from the sensor elements, there could be
some electrical coupling of the quantities. This introduces an error in the acquisition
process that is commonly referred to as cross-talk, and it is usually well modeled
by the adoption of correlated noise, in which the measurement error for a pixel is
influenced also by the surrounding errors.

Finally, the electric potential is often amplified (analog gain) before being con-
verted to a digital value by an analog-to-digital converter. This analog amplification
may introduce further noise and, because the digital values are discrete with a cer-
tain bit depth, we eventually encounter also quantization noise, which is sometimes
approximated by uniformly distributed errors over one quantization step, or as a
generic additive noise with comparable variance (i.e., one-twelfth of the quantiza-
tion step, as per basic properties of the uniform distribution).

1.2 Additive White Gaussian Noise

As highlighted above, a signal acquired by a digital device is affected by noise from
several sources. Itis often difficult to separate and treat each noise source individually,
as this requires in-depth knowledge of the device and direct access to some of its inner
components; therefore, the various sources are conventionally grouped together and
addressed as a single noise process. This procedure is encouraged by the central-limit

theorem (CLT) [27, 31]: for a set of N independent random variables X1, ..., Xy,
with respective means p, ..., uy and standard deviations oy, ..., oy, as N — 00
we have

1 N
X —p) S O with  s= (1.1)
S

i=1

where i) denotes the convergence in distribution, and .4 (0, 1) indicates a Gaussian
(also called normal) random variable with mean and variance equal, respectively,
to the first and second arguments within parenthesis (in this case 0 and 1). In other
words, we can represent the sum of various random noise sources as a Gaussian
random variable, irrespective of the noise distribution of the individual sources. The
CLT establishes the importance of the Gaussian distribution in modeling complex
physical processes.

The Gaussian noise is further commonly assumed additive, zero-mean, indepen-
dent, and identically distributed (i.i.d.); under these extra assumptions, a captured
image z is modeled as



4 L. Azzari et al.

z(x) =y x) +n), (1.2)

where y is the underlying deterministic noise-free image, x € £2 C Z? is the pixel
coordinate, and 1 (-) ~ 4 (0, 6'%) is the zero-mean Gaussian random variable with
variance o 2. Each coordinate x results in an independent (hence different) realization
of the random variable 1 (x), which collectively for all x € £2 yields the additive
white Gaussian noise (AWGN) field corrupting y. The term white is inspired by
spectroscopy: like white light dispersed through a prism reveals components for
every frequency in the visible spectrum (from 400 THz of red to 789 THz of violet),
Fourier analysis of white noise reveals components for every frequency within the
Fourier spectrum. Specifically, when working on a 2D rectangular image domain
of Ni x N, pixels, i.e., x = (x1,x) € 2 =[0,...,N;— 1] x[0,...,N, — 1], a
generic Fourier coefficient of 1 can be written as

N>—1N;—1

FinE. e =3 3 e ERER) 0 ), (1.3)

Xz—O X[—()

where % denotes the Fourier transform and &, &, are spatial frequencies. The noise
power spectrum (also called power spectral density, PSD) corresponds to the variance
of .Z [n], which can be computed as

N,—1 N;—1
2 Rl *2

var {Z [ G &)} = Y Zvar{e i Nl+fz~z)n(x1,x2)} = (4
x=0 x;=0
Ny— lN] 1
,\2—0 X =
Np— 1N1 1

=y Z var {5 (x1, x2)} = (1.6)

xz—O X1 =
Nr— lN] 1

=> Za = NN, o?, (1.7)

.Xz—o X1 =

Smi(aa)[ var {n(x.x2)} = (L.5)

i.e., the power (variance) of the noise is constant in the Fourier domain and directly
proportional to the variance in the pixel domain. We can say that the Fourier spectrum
of white noise is flat. Equalities (1.4)—(1.7) leverage few basic properties: (1) 7 is
independently distributed; (2) multiplication of 7 by a deterministic function (i.e., the
complex exponential) does not affect the independence; hence (3) the Fourier coef-
ficient % [n] (&1, &) (1.3) is simply a sum of independent random variables; (4) the
variance of the sum of independent random variables is the sum of their variances
(1.4); (5) multiplication of a random variable by a deterministic factor scales the
variance by the squared modulus of the factor (1.5); (6) complex exponentials are
always on the unit circle of the complex plane, i.e., they have unit modulus (1.6);
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and (7) n is identically distributed with constant variance o> (1.7). We can see that
of the i.i.d. hypothesis, the independence alone is sufficient to reach (1.6) and that
having identical distributions (hence, identical variance o? for every x € £2) is used
only for obtaining (1.7). Already (1.6) shows that the Fourier spectrum of the noise
is flat, since var {.Z [n] (&1, &)} no longer depends on &; or &,. Indeed, we can have
white noise with a flat Fourier power spectrum for models different from the AWGN
(1.2).

At this point, it is important to emphasize that although theoretically the CLT
justifies using a Gaussian distribution for modeling the measurement random errors,
it does not provide arguments supporting the additional assumptions of the AWGN
model, namely, that the errors are independent and identically distributed over the
image. Indeed, in (1.1), we can observe that the term on the left-hand side is essentially
a standardization of the errors, which thus explicitly depends on the means u; and
variances o} of the individual contributors. In general, we have that each noisy pixel
z (x) results from its own sequence X; (x),i = 1, ..., N, where the means and the
variances of these contributors can be different at different pixels; in other words, the
errors may not be identically distributed and even when a Gaussian model (as per the
CLT) may be appropriate, then mean and (most often) the variance of such Gaussian
errors may change from pixel to pixel. Furthermore, contributors of different pixels
can be subject to a mutual interaction, possibly resulting in a statistical dependence
between the measurement errors at different pixels; in other words, the errors may
not be independently distributed over the image.

It is clear from these premises and from the summary in Sect. 1.1 that the AWGN
model is not suitable for modeling the above measurement errors, first because it
inherently uses a single distribution, and second because it assumes independent
eITors.

In Sect. 1.4, we begin from generalizing the observation model to accommodate a
multiplicity of distributions. Specifically, we adopt the formalism of one-parameter
families of distributions, where the observation at each pixel follows a specific dis-
tribution that depends on a known or unknown univariate parameter. Further, in
Sect. 1.6.1, we address the issue of correlation in the errors.

1.3 Raw Image Dataset

Throughout this chapter, we use real sensor raw data to validate the presented models
and methods. As leading example, we use a dataset consisting of M = 30 raw images
of the same still scene acquired repeatedly in a short time interval (at a rate of about 1
frame/s) under identical capture settings. We identify the individual images in the set
as 2™, m =1, ..., 30, while 7 denotes a generic such image; the reason for using
the tilde decoration here will become clear in the further sections. The images have
been captured by a Samsung S5K21.2 CMOS ISOCELL sensor with a 1.4 iwm pixel
size at ISO 1250; this type of sensor can be found in modern mobile devices such
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Capture #5 Capture #10

Capture #15 Capture #20

Fig. 1.1 Examples from the dataset of 30 raw images captured under identical settings with a
Samsung S5K2L.2 CMOS ISOCELL sensor at ISO 1250

as the Samsung Galaxy S8 smartphone. Raw images from this sensor are stored in
10-bit format, which we normalize to the range [0, 1] by dividing the raw integer
values by 2! — 1. Four images from the dataset are reported in Fig. 1.1: the scene
features a dark background with two bananas in the foreground. The presence of both
dark and bright regions makes the dataset suitable for validating the noise models
described in the following sections. Even though these sensors are typically used in
conjunction with a color filter array such as the RGGB Bayer filter mosaic, for the
sake of simplicity of presentation we consider only single-channel monochromatic
(green) acquisition.

In the top row of Fig. 1.2, we show two images of the dataset. By inspecting the
enlarged fragments, we can observe how the two images are practically equal except
for the individual noise realizations. Indeed, we can formally define the image noise
as the difference between the captured images and their mathematical expectation,
i.e., the average of infinitely many images like those captured in the dataset, where
the latter, denoted by y, can be treated as the ideal noise-free image. Since the dataset
contains only finitely many images (M = 30), we can approximate the mathematical
expectation by the pixelwise sample average,

- _—
y(x)=E{z(x)}~ i ZZ("’) (x) =E{Z(x)}, (1.8)

m=1

resulting in the image in the left-hand side of Fig. 1.3. Note in the enlarged fragments
how the noise is virtually removed everywhere.
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Capture #15 Capture #30

. "
-
—

Fig. 1.2 Two raw images of the same scene, captured under identical settings. A total of 30 images
like these were captured

Pixelwise sample mean Pixelwise sample standard deviation

Fig. 1.3 Pixelwise sample mean (left) and sample standard deviation (right) across all the captured
images of the dataset

0

The cross section shown in Fig. 1.4 introduces the reader to a main feature that
is shared by most of the noise types under consideration: noise affecting the bright
parts of the image is significantly stronger (i.e., larger errors) compared to the noise
affecting dark regions. This can be quantified as the standard deviation of the noise at
each pixel (again, computed over infinitely many such captured images), which we
can approximate by the pixelwise sample standard deviation over the finite dataset,

M M 2
std {Z (x)} ~ ﬁ Z (E(m) (x) — % ZZ(D x| = stm)}a (1.9)
m=1

=1
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Cross-section

Fig. 1.4 Left: detail from the dataset with highlighted cross section. Right: cross section (red line)

plotted against its expectation Em} (in blue). Note how the noise is signal-dependent, with
different variances at each pixel x depending on the value of the underlying expectation

which is shown in the image in the right-hand side of Fig. 1.3. To provide a visual
exploration of the relation between the expectation and the standard deviation of
the noisy raw pixels, Fig. 1.5 shows a scatterplot where each red dot represents a
(E {z(x)}, std {z (x)}) pair for x € £2. The scatterplot can be interpreted as a cloud
of points about an unknown smooth curve that describes the noise standard deviation
as function of the signal expectation. However, this interpretation is admissible only
if the dispersion of the scatterpoints is compatible with the existence of such curve.
Indeed, leveraging the CLT and the first-order Taylor expansion of the square root

at var {Z (x)}, the distributions of EE(?)} and stm)} can be approximated for
large M as

- - 1 -
E{Zz(x)} ~ A <E {z(x)}, Mvar {z (x)}) , (1.10)
T - 24k -
std {Z (x)} N«/V<std {Z(x)}, anr{z (x)}) , (1.11)
Fig. 1.5 Scatterplot of the 0.08 = =
pairs (E {Z ()}, std {2 (x)}) - (BE@Ls )
drawn as red dots. The ~ e
dispersion visible in the <;§ s
scatterplot is described by e i i
the distributions ) N s "]
(1.10)~(1.11) of the 902 |
estimated pairs 5 '
0 0.2 0.4 0.6 0.8 1

E{z(x)}
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— o — — —

E{%(x)} ~ 0.025 E{%(x)} ~0.3 E{z(x)} ~ 0.7 E{%(x)} ~0.95
| ! !
00.025 0.075 0.2 0.3 0.4 0.6 07 0.8 0.85 095 1
o2 =0.0002 62 =0.0014 o2 =0.0029 02 =0.0024
k=0.71 k=0.12 kK =0.014 Kk =0.032

Fig. 1.6 Histograms of the pixels Z (x) from the dataset with pointwise sample mean EE(?)} R
[0.025, 0.3, 0.7, 0.95]. Below each histogram, we report its variance o2 and excess kurtosis «

where « is the excess kurtosis of z (x). Taking into account the sample histograms
plotted in Fig. 1.6, the distributions (1.10)—(1.11) fully explain the dispersion visible
in the scatterplot and suggest a functional relation between E {Z (x)} and std {Z (x)},
which may be obtained, e.g., by processing the scatterplot with a smoother. The
histograms also illustrate that Z is not identically distributed and that its distribution
varies from pixel to pixel according to the expectation.

Another important feature that can be ascertained from Figs. 1.2 and 1.3 is the
fact that the brightest areas of the image saturate to white. This phenomenon is
commonly referred to as clipping and results, in particular, in the drop of sample
standard deviation that can be observed in Figs. 1.3 and 1.5, and in the lack of
Gaussianity in some of the histograms in Fig. 1.6.

Overall, the above analysis indicates that the noise affecting the dataset images is
signal-dependent in the sense that its characteristics at each pixel x depend on the
value of the underlying noise-free image, i.e., on y (x) = E {z (x)}.

In the next section, we will derive, step-by-step, a simple yet effective mathemat-
ical model that accurately describes the behavior of the points of the scatterplot in
Fig. 1.5 that provides a direct functional relation between E {Z (x)} and std {Z (x)}
and that explains the shape and moments of the histograms as a function of E {zZ (x)}.

1.4 One-Parameter Families of Distributions

A one-parameter family of distributions { %y} is a collection of distributions, each
of which is identified by the value of a univariate parameter 6 € ® C R.

Let z be a random variable distributed according to a one-parameter family of
distributions {Zy}yce: this means that for each individual 6 € @, the conditional
distribution of z given 6 is %, i.e., 7|0 ~ Zy. Hence, the conditional expectation
and the conditional standard deviation of z given 6, i.e., E {z|0} and std {z|0}, are two
functions of 6.
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In the following sections, we cover some of the most important one-parameter
families of distributions for modeling noise of digital imaging sensors, describing
them in detail through the corresponding probability density functions (PDFs) or
probability mass functions (PMFs), and their mean and variances.

1.4.1 Poisson Noise and Poisson Family of Distributions

The simplest way to model an image captured by a photodetector array is to represent
it as arealization of independent Poisson random variables. In particular, the captured
image z is modeled as

2(x) ~ P (y (),

Y5 L N0 (1.12)
pmf[z(x) =¢ |y (x)] = o ¢ €NU{0}
0 elsewhere,

where y > 0 is the noise-free image, which can be thought as a proxy for the photon
flux, and the symbol &7 denotes the Poisson family of distributions. This is a one-

parameter family of distributions with parameter 6 = y (x), which coincides with
the mean and variance of the conditional distributions:

Efz() |y} =var{z(x) |y x)} =y ). (1.13)

Figure 1.7 shows examples of distributions from the Poisson family.

0.4

= ¢|6]

0.3

02

pmf [z (x)

0.1

Fig. 1.7 Illustration of the family of Poisson distributions (1.12). We show the distributions with
mean y (x) =60 = 1, 3, 10, 20, 50



1 Modeling and Estimation of Signal-Dependent and Correlated Noise 11

Poisson noise can be formally defined as z — y. It is clear from (1.13) that the
mean of Poisson noise is zero, i.e., E{z (x) — y (x) | y (x)} = 0, and its variance is
yyie,var{z(x) —y(x) | y(x)} = var{z (x) | y (x)} = y (x). From (1.13), we can
also observe an important property of Poisson noise: since the variance is equal to
the mean of the signal, there is a square root relation between mean and standard
deviation. This implies that the signal-to-noise ratio SNR

Em Iy} vy
SNR = = =,/ 1.14
N HCIEIO IOR (19

increases when the intensity of the noise-free signal y increases and converges to zero
when y approaches zero. This means that Poisson images captured at lower inten-
sities, even though in absolute terms feature a lower variance, they are in practice
noisier relative to their mean intensity, and when y < 1 they are effectively dominated
by noise. Such conditions correspond to what is commonly termed photon-limited
imaging, which is one of the most challenging imaging scenarios, requiring binning
or special denoising procedures (see, e.g.,[4]). Although infrequent in the context
of consumer imaging and photography, photon-limited imaging is an increasingly
important scenario in scientific imaging, particularly in astronomical imaging, fluo-
rescence microscopy, and low-dose radiation imaging for medicinal diagnostics.

1.4.2 Scaled Poisson Distribution Family

In many cases, it is convenient to use the so-called scaled Poisson distributions,
where a positive scaling parameter controls the noise variance relative to the signal
mean. Such scaling factor is commonly used to model the quantum efficiency of the
imaging sensor, i.e., the ratio between the (average) number of converted electrons
to the number of incident photons.

A scaled Poisson distribution with scale parameter a > 0 and mean y (x) > 0 is
of the form

alz(x)~ 2 (a 'y (), (1.15)

| t/a,—y(x)/a
Q@@ e ) g 2a,3a, ...}

pmf[z (x) =¢ [y (x)] = 0 @/a)! (1.16)

elsewhere.

The resulting family of distributions can be parametrized by 6 = y (x). The mean
and variance of the scaled Poisson distributions are

Efz(x) [y} =y©x),

(1.17)
var{z (x) | y (x)} = ay (x) .
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Observe that the parameter a scales only the variance but does not affect the expec-
tation; hence, it controls the relative strength of the noise, and in particular we have

sro EE@Dy@) _ i@
Sazmlyml Vo

(1.18)

1.4.3 Poisson—-Gaussian Noise

The Poisson—Gaussian noise model is given by the sum of two independent sources
of noise: Poisson or scaled Poisson, whose variance is signal-dependent (and pro-
portional to the signal mean) and Gaussian, whose variance is signal-independent.
Its formal model is

z(x) =ap (x) +n(x), (1.19)

where
px)~P(@'yx) and n@E)~A(0b), (1.20)

and the constants a > 0 and b > 0 are, respectively, the scaling factor for the scaled
Poisson addend ap and the variance of the Gaussian addend n. We have

—+00 k —‘(x)/a 5

(y(x) /a) e 1 _ (t—ka)
dffz = —_9" a2
Ptz ) 1> 01 (0) = 302 e (1.21)

which also corresponds to a one-parameter family of distributions with parameter
6 = y (x). The conditional mean and variance of z are

Ef{z(x xX)p=y(kx
{z) [y @)} =y©x) (122)
var{z (x) | y (x)} = ay (x) + .
The Poisson—Gaussian noise is formally defined as z (x) — y (x), and by (1.22) it
has zero-mean and affine variance on y.
The SNR is calculated as

sNRo BE®Iy®F oy (1.23)

T Narzm Yy @) Jay®+b

1.4.4 Gaussian Approximation of the Poisson Distribution

For large mean values, the Poisson distribution is well approximated by a Gaussian
distribution with mean and variance equal to the mean of the Poisson random variable:
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P () = N (e, 1) (1.24)

Here, we derive an intuitive proof based on the CLT and on the fact that the Poisson
distributions are closed family with respect to summation of variables.

Let us consider two independent Poisson random variables X; and X;, and their
sum Y = X, + X». Assuming that X and X, have means jx, and jx,, respectively,
the probability that the sum X; 4+ X, takes a given value ¢ € N is the sum of the
probabilities that X takes valuei € Nand 0 < i < ¢ and X, takes value { — i (thus
summing up to ¢):

¢ ¢ lu“lX e_'LLXl M§_ie_MX2
_ _ . _ N 1 2
pmf[X| + X = ¢]= ) pmf[X) =ilpmf[Xo = ¢ =il =) —~ =
i=0 i=0
( ) £ MX Mgg ! 1 £
— ,—ux,tux 17Xs  _ —(ux,Fux,) L
¢ z%z!(;—z)!_e l 2;%()“"‘“’(2
1= 1=

_ (ex + sz)g e~ i +ixy)

¢!

(1.25)
which shows that Y = X| + X is a Poisson random variable with mean and variance
wx, + mx,, i.e., ¥ ~ P (ux, + px,). Hence, any Poisson random variable with
large enough mean can be expressed by a summation of many Poisson random
variables with smaller means. Therefore, according to the CLT, as the mean value
increases, the Poisson distribution converges in distribution to a Gaussian distribution
with mean and variance equal to the mean of the Poisson random variable. Figure 1.8
shows in red three Poisson distributions with means u = [0.5, 1, 5] overimposed to
three Gaussian distributions, blue lines, with means and variances equal to ;. We can
observe that already for © = 5 the Gaussian provides a relatively good approximation
of the Poisson distribution. This is further illustrated by the cumulative distribution

u=0.5 u=1 u=>5
0.7 0.5 0.2

0.35 0.25 0.1

-2 0 2 -2 0 2 4 -5 0 5 10 15

Fig. 1.8 Gaussian approximation of the Poisson distribution. From left to right we draw in red the
discrete Poisson distributions &7 (i), and in blue their Gaussian approximations .4 (u, ) for three
different mean values = [0.5, 1, 5]. Note how the accuracy of the approximation improves as @
increases
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0.95
0.5 =40
0 0.05
Z10 2 10 20 40 60

Fig. 1.9 Cumulative distribution functions of the Poisson &2 (1) and of the Gaussian .4 (i, i),
w = 2,10, 20, 40, showing convergence in distribution for large p

functions shown in Fig. 1.9 for u = 2, 10, 20, 40. Most imaging applications deal
with Poisson models well above such values and can thus leverage the approximation
(1.24).

With the above approximation in mind, in many applications, it is possible to
replace the family of Poisson distributions with a family of Gaussian distributions
with nonconstant variance that depends on the signal expectation. This approximation
in the modeling is appealing as it often results in simplification of analysis and
processing operations such as noise estimation and denoising.

1.4.5 Signal-Dependent Heteroskedastic Gaussian Models

As aconsequence of (1.24), we can approximate the Poisson—Gaussian model (1.19)
by the sum of a deterministic signal y (x) and two zero-mean Gaussian random
variables, one with signal-independent variance b and one with signal-dependent
variance ay(x). Since the sum of two zero-mean Gaussian random variables is still a
zero-mean Gaussian random variable with variance equal to the sum of the variances,
we have

() =yx) +o(y@)§x), (1.26)

where & (x) ~ A4 (0, 1) and

o (y(x)) = +ay(x) + b, (1.27)

o : R — [0, 1) being a univariate function (so-called standard deviation function')
that gives the signal-dependent standard deviation of the noise as a function of the
deterministic noise-free signal y (x). Hence, z(x) ~ A" (y(x), o? (y(x))), ie.,

! Throughout the chapter, we use the expressions standard deviation function and standard deviation
curve interchangeably; similarly for the variance we consider the equivalent concepts of variance
function or variance curve.
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2
()

_ 1 o(y(x
pAf[z (¥) | ¥ (D] () = sobome (128)
which constitutes a one-parameter family of distributions that depends only on the
location parameter @ = y (x) that consequently defines the standard deviation of the

noise. Trivially,

Efzx [y} =y(&) and std{z(x)|y@®}=0@&). (129

It is evident that this model is extremely general and not limited to o in the
affine-variance form (1.27), but can adopt arbitrary nonnegative standard deviation
functions. We call these noise models signal-dependent heteroskedastic Gaussian,
meaning that the variance of the Gaussian noise is not constant and depends directly
on the noise-free signal. When o is fixed and constant, i.e., such as when a = 0 in
(1.27), (1.26) trivially reduces to the AWGN model (1.2), where the noise is signal-
independent and homoskedastic (constant variance).

Figure 1.10 illustrates three different families of distributions of the form (1.28):
homoskedastic Gaussian distribution with constant o = 3, i.e., A4 (/L, 52); het-
eroskedastic Gaussian distributions approximating the Poisson family,i.e., 4" (u, @),
where the variance is equal to the mean; and the multiplicative noise with A" (i, cu?),
where the standard deviation is proportional to the mean.

03 )

0.2

100

Fig. 1.10 Homoskedastic Gaussian distributions .#” (1, 5%) (drawn in blue); heteroskedastic Gaus-
sian distributions with affine variance (drawn in green) from the family of distributions .4 (u, w);
heteroskedastic multiplicative Gaussian distributions (drawn in red) from the family of distributions
N (,u, (O.S/L)z). We show the distributions with means u = [2, 10, 20, 30, 40]
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To clarify why the third case is multiplicative, we note thatif o (y(x)) = /cy(x)
we can rewrite (1.26) as

) =y@n&), n&~AH10). (1.30)

1.4.6 Doubly Censored Heteroskedastic Gaussian Noise:
A Model for Clipped Noisy Data

All acquisition devices have a finite dynamic range that may not represent the large
variation in luminosity in the scene. The device (typically at the analog-to-digital con-
version stage) replaces values of intensities that exceed the range with the boundary
values; in other words, the captured image can be modeled as

% = max (0, min (1, 7)) , (1.31)

where the range of the captured image Z is normalized to [0, 1] and where the image
before the min and max operations is denoted by z and is modeled as in (1.26).
This procedure is commonly known as clipping. In Fig. 1.11, we show an example
of clipped noisy signal: see how the values that exceed 0 and 1 are replaced by
these bounds. The assumption that the image range in normalized to [0, 1] is made,
without loss of generality, for the sake of mathematical simplicity. It is clear that the
noise statistics of a clipped image are not preserved by the clipping operator; in other
words, if for example the acquired image z is affected by Poisson—Gaussian noise, the
statistics of the noise affecting the clipped image z are not the same. Thus, Z follows
a different one-parameter family of distribution and is subject to a different noise

0.5

Cross-section

Fig. 1.11 Example of a clipped noisy signal. Left: clipped detail from one of the images of the
sample dataset with highlighted cross section in red. Right: plot of the cross section. Note how the
signal is clipped about the boundaries [0, 1]
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model than z. In what follows, we use the tilde decoration to denote variables directly
related to clipped observations, following the main development and notation from
Foi et al. [13] and Foi [12].

The corresponding noise model for the clipped observations (1.31) is

I =30+ TO))E X, (1.32)

where § (x) =E{Z (x)}, & :  — R™" gives the standard deviation of the clipped
noi§y data as a f1~1ncti0n of their expectation, i.e., ¢ (¥ (x)) = std{z (x)}, and
E{¢ (x)} =0, std{& (x)} = 1. Because of clipping, in general, we have that

y@) =E{z(x) |y} #E{z(x) [y ()} =yx), (1.33)
o (y(0) =std{z(x) |y @)} #std{z(x) [ yx)}=0(yx), (1.34)

and y # y C [0, 1]. Rewriting (1.32) as

)=y +[F0) —y@) +6F@)E W],

we can see that, with respect to the underlying noise-free signal y, the clipped obser-
vations Z are corrupted by a random error (the term in square brackets) which has
nonzero mean. Observe also that, even though std{E (x)} = std {& (x)} = 1, the dis-

tributions of & and § are different. In particular, assuming & (x)~ .4 (0, 1), we
have that £ (x) follows a doubly censored Gaussian distribution [9] supported on
-5 1-3

Figure 1.13 shows an example of the curves (v, o (y)) and (y,0 (9)), for
o (y) = 4/0.01y + 0.042. We emphasize that each curve is drawn in the correspond-
ing expectation/standard deviation Cartesian plane (i.e., we plot the “non-clipped”
o (y) against the y, o axes and the “clipped” ¢ (y) against the y, 6 axes). The figure
illustrates the correspondence between points on the two curves given by Egs. (1.31)—
(1.33). Note that the curves from Fig. 1.13 are extremely similar to the scatterplot in
Fig. 1.5, hinting that our dataset is effected by clipping.

1.4.6.1 Expectations and Standard Deviations of Clipped Variables and
Their Transformations

A crucial point when working with clipped noisy signals is to understand how the
variables and functions of the observation model (1.26) relate to those of the clipped
observations’ model (1.32). In particular, it is important to compute the functions
y and ¢ given o and y, and vice versa. The PDF of the unobserved non-clipped

noisy data z ~ </V(y, o? (y)) is simply #y)d) (é(;}y)) (1.28), whereas the clipped
z = max {0, min {z, 1}} is distributed according to a doubly censored Gaussian dis-

tribution having a generalized PDF of the form
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Fig. 1.12 Examples of doubly censored Gaussian distributions drawn in blue, and underlying
uncensored Gaussian probability density function (PDF) drawn in red. Top row: the standard devi-
ation o of the uncensored Gaussian PDF is fixed and equal to 0.04. Bottom row: the standard devi-

ation of the uncensored Gaussian PDF varies according to the function o (y) = /0.01y 4 0.042,
as illustrated in Fig. 1.13. Compare with the empirical histograms in Fig. 1.6

pdf[2=¢ | y] = (U(y )50 @)+ a())d’ (U(V)) X[0,1]

(1.35)
+0 (238010,
where xpo,1; denotes the characteristic function of the interval [0, 1] and &y is the
Dirac delta impulse at 0. Here, ¢ and @ are, respectively, the PDF and cumulative
distribution function (CDF) of the standard Gaussian .4 (0, 1). The first and last
addends in (1.35) correspond to the probabilities of clipping from below and from
above (under- or over-exposure), and are expressed as Dirac deltas with masses equal
to the areas of the underlying Gaussian distribution that fall outside the boundaries. In
Fig. 1.12, we give some examples of doubly censored Gaussian distributions (drawn
in blue) against their uncensored counterparts, i.e., Gaussian PDFs (drawn in red):
note how the impulses at the boundaries O and 1 have mass (shown as height) that
depend on the corresponding censored parts of the Gaussian PDF outside the allowed
intensity range. Thus, (1.35) defines a one-parameter family of distributions with
parameter y that also identifies the heteroskedastic Gaussian family of distributions
used to build the doubly censored family.
Tedious calculations provide the following exact expressions of the expectation
and variance of 7 (see, e.g., [15], Chap. 20 or [18]):

EG I =7=0(5)r - (55) 0-b+

(1.36)
e (75)—ocme ().
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var Z | v} =2 () =2 (555) (0% = 2y + 0% () + -
@ (3(—;1)) (P =25y +25+02 () —1)+o () (137
LY 05—y — 1) — 2 )0y —
o(5)i-y=D -0 (55) i -».

For a given function o, these expressions explicitly define the two functions

Do (V) =7, (1.38)
%o (y) =05 (3). (1.39)

and a mapping
(y.o ) — (3.6 () (1.40)

that brings the standard deviation curve (y, o (y)) to its clipped counterpart
(y,6 (). In Fig. 1.13, we give an example of standard deviation function o (y) =
/0.01y + 0.042 (solid line) and clipped standard deviation curve & (¥) (dashed line).
The gray segments are used to illustrate the mapping o (y) — & (y) (1.40).

The inverse of <7, will be formally denoted as

Co YV —> Y =%,(). (1.41)

Invertibility requires some hypotheses on the standard deviation function o; for
instance, it can be shown that (1.41) is well defined provided that o (y) = +/ay + b
with a > 0 and —g < % [12]. The function 4, is instead not invertible for the most
common types of standard deviation functions, for which ¢ (0) = ¢ (1) = 0 [12].

Although the expressions (1.36) and (1.37) can be eventually useful for a numer-
ical implementation, they are cumbersome and cannot be easily manipulated for
further analysis.

oal [— o@) —5@) |

P

0.2 0.4 06 08 1 12

Fig. 1.13 Standard deviation function o (y) = /0.01y + 0.042 (solid line) and the corresponding
standard deviation curve & (y) (dashed line). The gray segments illustrate the mapping o (y) —>
6 (¥). The small black triangles A indicate points (y, & (y)) which correspondtoy = Oandy = 1.
Distributions corresponding to these curves are shown in the bottom row of Fig. 1.12
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1.4.6.2 Approximation Using Singly Censored Variables

We can simplify the above analysis under the assumption that there are no values of
y for which the clipping from below (z < 0, z = 0) and clipping from above (z > 1,
Z = 1) may both occur with significant probabilities. This assumption means that,
for a fixed y, at most one of the impulses in the PDF (1.35) has mass appreciably
larger than 0. In practice, this assumption is always verified under normal capture
settings. Exceptions are extreme situations where the noise is dramatically strong
with respect to the [0, 1] range (e.g., o (y) > 0.2 for all y € [0, 1], like in the case
illustrated in Fig. 1.12).

Letv ~ 4 (u, 1) be anormally distributed random variable with mean E {v} = u
and unitary variance, and let b = max {0, v}. Similar to (1.36) and (1.37), it can be
shown that the expectation E {v} and the variance var {v} of the clipped (from below)
v are

E{i} =& (0) =D (W p+¢ W, (1.42)
var {D} = .7 (1) = D (1) + & (W) — & (1) = (1.43)
=& (W) +¢ (W p—¢* (1) +
+ @ () — () —2¢(w).

The plots of the expectation E {v} = &, (1) and of the standard deviation std {v} =
m () are shown, as functions of u, in Fig. 1.14. Figure 1.15 combines these
two functions and visualizes the mean—standard deviation curve characteristic of
standardized clipped variables.

Exploiting these functions, the direct and inverse transformations which link o
and y to y and ¢ can be expressed in the following compact forms [13].

Direct transformation: obtain y and & from y and o

Provided that y = E {z} and o (y) = std {z} from the basic model (1.32) are known,
the expectation y = E {z} and the standard deviation ¢ (y) = std {z} from the obser-
vation model (1.32) are obtained as

E = 08}
=2 R
I w04
K g
1l | 02
Em,
V] — L. [}
5 -4 -3 2 -1 ] 1 2 3 4 5 5 3 4 5

Fig. 1.14 Expectation E {v} and standard deviation std {v} of the clipped ¥ = max {0, v} as func-
tions &, and .%;, of u, where u = E{v}and v ~ A4 (u, 1)
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0 1 2 3 4 5
E{v}
Fig.1.15 Standard deviation std {v} of the clipped b = max {0, v} as function .#, of the expectation

E {v}. The numbers in italic indicate the corresponding value of p, where © = E{v} and v ~
A (s 1)

y=de(y) = (y,0(y) =
=oén(75) +1-y—om & (55). (1.44)
&) =20~ B (.00 =0 0) In(75) Sn(55) (1.45)

Compared to the exact (1.38) and (1.39), the approximate equations (1.44) and (1.45)
provide a more intuitive description of the transformations that bring the standard
deviation curve (y, o (¥)) to its clipped counterpart (y, & (¥)). For instance, pro-
vided y is sufficiently smaller than 1, by observing Fig 1.14, it is easy to realize that

Em (a(y)) and .7, (am 0)
tution is asymptotically exact). Thus, for describing the clipping from below, (1.44)
and (1.45) can be reduced to, respectively, o (y) &, <W) and o (y) S <0(>))

which allows to construct the graph of (¥, ¢ (¥)) in the vicinity of (0, 0) by simple
manipulations of the graphs of &, and .7,.

) can be substituted by - and 1, respectively (the substi-

Inverse transformation: obtain y from ¢ and y

The approximation of (1.41) for calculating the non-clipped y (1.26) from the clipped
y and ¢ (¥) can be given as

y=% () RECH.06()=

=36 (35) -+1-0-9&(2). (1.46)
: B ~ _ S
where &; is defined implicitly as function of p = Z#E5 = £ d by & (0) = s
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1.5 Estimation of the Standard Deviation Curve

The main purpose of noise estimation algorithms is to estimate the standard deviation
curve. The most common framework first builds a scatterplot with mean values of
the signal on the abscissa, and corresponding standard deviations (variances) on
the ordinate (see the scatterplot in Fig. 1.5); then, it fits a parametric curve over
these points. When only a single image is used for estimation, it is common practice
to compute each scatterpoint from homogeneous samples, i.e., each element in a
sample shares a unique common expectation value (hence, they also share a common
unique variance value). This practice is based on the fact that the sample variance
of homogeneous samples is an unbiased estimator of the noise variance for that
particular expectation value. Consequently, each point in the scatterplot has a direct
relation to a point on the curve we want to estimate.

Regardless of the estimation algorithm, it is convenient to model each mean—
standard deviation pair estimate (3, 6;) with a bivariate PDF of the form

pdf [(3:,6:) |3: = y] = pdf [ 315 = 3] pdf [6:15: = 7], (1.47)

where the subscript i indicates the generic i-th estimated pair in the scatterplot.
Note that the joint probability is reduced to a product of univariate distributions
because one can assume that the estimates y; and o; are independent [18]. Given
the distributions of all the pairs { Vi, o,} 1 the posterior likelihood function L can

be calculated as the product of all the densities pdf [ (3, 6;) |3 = ¥] with the prior
density pdf [y] of y:

N
Lo =[] f pdf [(3:, ) 15 = 7] pdf [y]dy, (1.48)

where 6 is an m-dimensional vector composed by the model parameters to be esti-
mated. The likelihood function L expresses the joint probability function of the
whole collection { Vi, Oi } . The vector 6 determines univocally the standard devia-
tioncurveo (y),e.g.,0 = [a b], m = 2in case of the affine mean—variance relation
(1.27). The maximization of L leads to the estimation of the noise curve parame-
ters 6. Note that although clipped data is bound to the [0, 1] interval, assuming that
pdf [y] is a uniform density supported over [0, 1] is incorrect, since this prior prob-
ability refers to the signal before clipping and this signal can naturally exceed the
boundaries of the unit interval, e.g., an overexposed signal y is typically larger than
1. Therefore, one may assume either a noninformative prior for which all y € R are
equiprobable or most commonly a nonnegative signal prior for which all y > 0 are
equiprobable and y < 0 is impossible, which simplifies (1.48) to

N 00
L(6) = 1_[/0 pdf [(3:, 6:) 15 = 3] dy. (1.49)
i=1
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The joint PDF can be, for example, a product of two univariate Gaussian PDFs (see,
e.g., [13]), a product of Gaussian-Cauchy mixtures [2], or other PDFs depending on
the data and on the method adopted.

Figure 1.16 shows an example of scatterplot fitting through maximization of
the likelihood function (1.49): the scatterpoints, drawn as red dots, are the pairs

(EE(?)}, Stm)}) estimated in (1.8) and (1.9) using our dataset (see the same

scatterplotin Fig. 1.5); the estimated lines are drawn in black and have been estimated
maximizing (1.49) using the PDFs introduced in (1.10)—(1.11), where the index i
takes the place of the index x. Note how the estimate of the clipped standard deviation
(dashed line) diverges from the non-clipped one (continuous line) when approaching
the boundaries [0, 1], which follows the divergence between the basic heteroskedastic
Gaussian distribution and the proper heteroskedastic singly censored Gaussian (e.g.,
as illustrated in Fig. 1.12).

Most algorithms in the literature for estimating the variance function o2 are
designed for an affine function of the signal mean, because it provides a reasonably
accurate description of the output (without clipping) of imaging sensors commonly
found in digital cameras. Nonetheless, some algorithms such as [2, 30], inherently
support models of arbitrary order (e.g., a variance function defined as a quadratic or
higher-order polynomial of the signal mean) and can be used in scenarios where a
higher-order of approximation of the noise variance function is needed, such as the
case considered in Sect. 1.7.

In the remainder of this section, we describe relevant approaches for the estimation
of the noise standard deviation curve (or equivalently the variance curve) under the
assumption of white noise. While the problem of estimating the correlation (power
spectral density) of colored noise is investigated in Sect. 1.6.3.2, the majority of the
methods below can be extended, with due modifications, to the more generic case
of the estimation of the standard deviation curve of signal-dependent colored noise.
Note that our overview is without any pretension of completeness, with the only
goal of briefly introducing the fundamentals behind the most popular approaches for
noise estimation.

0.08 = _

(EG@)std{z(2)})
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Fig. 1.16 Scatterplot of the pairs (E {z (x)}, std {z (x)}) drawn as red dots, and estimated clipped

(black dashed line) and non-clipped (black continuous line) noise standard deviation curves. The
small black triangles A indicate points (¥, & (y)) which correspondto y =0 and y = 1
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1.5.1 Patch-Based Methods

A prominent patch-based algorithm is introduced by Lee and Hoppel [20]. The
algorithm divides the image into small patches and computes their mean and variance
to build the scatterplot of mean—variance pairs. Since image blocks might contain
heterogeneous elements that would mislead the estimation of the local variances, the
authors estimate the noise parameters by finding the curve that intersects most of the
scatterpoints. In this way, they reduce the effect of outliers that usually appear far from
the majority of the scatterpoints. In a similar work, Amer and Dubois [1] evaluate,
using directional derivative filters, the uniformity of each patch that generated a data
point. Comparing the uniformity against a threshold, the algorithm decides whether to
use the scatterpoint (if the patch elements are homogeneous) or to discard it. Finally,
since the outliers have been already excluded, a simple least square (LS) fitting is
adopted. In [30], the authors divide the image into nonoverlapping blocks; based on
the Kendall’s t coefficients, adopted to find the correlation between elements from
the same block, the blocks are then classified as homogeneous or heterogeneous.
The heterogeneous blocks are discarded, while the homogeneous ones are used to
compute the local statistics for the fitting of the noise variance curve. An important
aspect of the algorithm is that a robust fitting is performed by minimizing the ¢; error
of the residuals. Similar works can be found in [19, 24, 25]; however, we decide not
to go into further details.

An interesting variant has been proposed by Boulanger et al. [8]. They divide the
image into adaptive blocks whose size depends on the variance of their elements
(homogeneity). If the variance of a block matches the variance model (Fisher test is
used to compare the two), then the block is considered homogeneous, otherwise the
block is further split into four parts and each subblock is then analyzed as before.
Finally, the authors perform noise parameters estimation via robust linear regression
of the local estimates.

1.5.2 Segmentation-Based Methods

‘We now describe the most relevant segmentation-based approaches for noise estima-
tion. Gravel et al. [14] segment the observed noisy image into homogeneous samples
that are each used to compute a scatterpoint. The segmentation is performed by first
smoothing the observed image, and then by grouping pixels with similar intensity.
This leverages the fact that a smoothing operator suppresses the noise and facilitates
the segmentation process. Pixels from edges and texture are excluded from the esti-
mation, since the segmentation is inaccurate in those regions. The noise parameters
are finally estimated using a weighted regression of the scatterplot points.

Another type of segmentation is proposed in [21], where the authors do not filter
the image, but they bin the image elements using a K-means clustering method. A
robust fitting algorithm is then adopted to cope with possible inaccuracies of the



1 Modeling and Estimation of Signal-Dependent and Correlated Noise 25

0.08 T T N . L
(@i, 03) - I ’
—o(y)
=== ()

e,
0.04 y
- A

S

A
0.02 A
1

!
1

0 } L 1 L 1

0 0.2 0.4 0.6 0.8 1

Fig. 1.17 Noise standard deviation (black curve) o (y) estimated from one image from the dataset.
We show also the estimate of the clipped standard deviation (dashed curve) & (§) and the scatterplot
used for the fitting. For the estimation, we used the algorithm [2], and the estimated parameters are
a=4315x10"%and b = 5.814 x 1073

K-means clustering: the noise parameters are estimated by fitting a lower envelope
of the scatterplot, computed by maximizing a likelihood function (see (1.49)) that
takes into consideration the possible overestimation of the scatterpoints variances.
Similarly, Foi et al. [13] filter the observed image, segment it, and then maximize
a likelihood function to estimate the noise parameters. A major novelty introduced
by this work is that it takes under consideration the clipping of the data. Figure 1.17
shows the estimation results of the algorithm [13] applied to an image of our dataset.
Note how, although the number of scatterpoints used for the likelihood maximization
is much smaller compared to the scatterpoints in Fig. 1.16, the estimated curves are
quite accurate. The algorithm deals with clipped data using the mappings (1.45),
(1.44), and (1.46), and estimates a parametric model of the noise affecting the non-
clipped signal from the clipped noisy observation, simultaneously providing the
standard deviation functions ¢ for the clipped noise and o for the underlying data
before clipping.

1.5.3 Alternative Approaches

In [3], it is shown that the use of homogeneous samples is not a requirement to
estimate the affine-variance model (1.27), and thus the noise parameters may be
estimated without any image segmentation and by leveraging instead robust filters.

The algorithm described in [22] estimates the noise by exploiting the variance sta-
bilization achieved by the generalized Anscombe transformation (GAT). The GAT
is a nonlinear univariate transformation that converts signal-dependent Poisson—
Gaussian noise into approximately additive and signal-independent noise with
unitary variance. The GAT is defined based on the same parameters a and b adopted
to describe the Poisson—Gaussian noise. This approach for noise estimation is based
on the observation that the variance stabilization is not accurate when the GAT
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parameters do not match the ones from the noise model. Hence, the noise parameters
are obtained by finding the GAT parameters that yield the most accurate variance
stabilization.

Finally, the algorithm in [28] estimates the noise parameters by analyzing the last
eigenvalues of the singular value decomposition (SVD) of homogeneous patches
from a noisy image. These eigenvalues capture noise and virtually no signal, and are
therefore used to estimate accurately the noise parameters.

1.6 Correlated Noise

So far we have described noise models characterized by a flat power spectral density,
i.e., various types of white noise. According to those models, the noise affecting
different pixels is uncorrelated. However, in many practical applications, there could
be correlation in the errors: this correlation might be due to the physics of the acqui-
sition system, to the sensor’s readout process, to cross-talk between neighboring
pixels, or due to processing performed on the raw image after the acquisition. These
types of acquisition errors can be modeled by the so-called colored noise models,
which assume a stationary spatial correlation among noise realizations, as illustrated
by the examples in Fig. 1.18, and that can be characterized by a nonconstant power
spectral density of the noise. In this section, we discuss models for correlated noise,
starting from the simpler case of signal-independent stationary colored noise and
then introducing two forms of signal-dependent colored noise.

White noise Red noise Blue noise Horizontal noise

Fig. 1.18 White noise versus three examples of colored noise
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1.6.1 Stationary Correlated Noise

The generic model for a noisy image z corrupted by a zero-mean stationary additive
correlated noise 7 is

() =y) +nx), 1) =@@®g) (), (1.50)

where x € 2 CZ2, y is a deterministic noise-free image, v is zero-mean independent
noise with unit variance, and g is a convolution kernel that determines the variance
and the spatial correlation of the noise n. Specifically, the variance and the power
spectrum (PSD) (1.4) of n are

var{n()}=llgll3, ¥ =var{F [n]} = |Flg]* 12|, (1.51)
and by Parseval’s isometry we have
var{n(x)} = 217" 1.7 [g]l5 = 12> I1¥], . (1.52)

For the sake of simplicity, we assume a circulant convolution in order to leverage the
convolution theorem. Model (1.50) reduces to the AWGN model (1.2) when g is a
scaled Dirac impulse with mass o and v is Gaussian.

We say that the noise is colored when the noise power spectrum is markedly not
flat. Whenever there is a dominant spectral band characterized by a significantly
larger noise variance, the spectral position of this band determines the “color” of
the noise; thus, noise predominately affecting the low frequencies is often called
“red noise”, as opposed to a “blue noise” which is mostly localized on the high fre-
quencies. Figure 1.18 compares white noise with three examples of correlated noise.
Different types of spatial correlation can be appreciated, with the noise affecting a
pixel influenced by the surrounding noise realizations.

1.6.2 Correlated Signal-Dependent Noise model

Depending on the physics and hardware of the acquisition process, noise can feature
both correlation and signal-dependent characteristics. However, a PSD and a variance
function cannot be defined exactly within the same model, because their underlying
generative processes are incompatible with each other. The two models presented in
the next subsections show two extremes of a compromise: the first model ignores the
means of neighboring pixels and thus the variance is defined exactly at the expense
of the PSD model, which is only approximate; in the second model the PSD is
expressed exactly while the variance function is approximate. In intermediate cases,
neither the PSD nor the variance function may be defined exactly. Although formally
quite different, the model discrepancies are shown to be typically small in smooth
areas of the image, making these approximate models useful and constructive [5, 7].
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1.6.2.1 Noise Scaling Post Correlation

The first model assumes that the signal-dependent part of the noise acts as a deter-
ministic scaling term to a stationary correlated noise:

2(x) = y(x) + o (y(x) nx),

1.53
n=v®g v~ NO1), o:y—RT (1.53)

where o is a generic standard deviation function. The expectation and variance of z
are, respectively,

E{z} =y, (1.54)
var {z} =var{o(y)v® g} = o (y) var{v ® g} =
() llgl; = a*E{zD lIgl3 - (1.55)

With regard to the PSD, it can be approximated as
var {7 [2]} ~ |.Z [g]I* |o* )], - (1.56)

Roughly speaking, (1.53) describes a physical process where the correlating process
takes place before the signal-dependent amplification of errors.

1.6.2.2 Noise Scaling Prior to Correlation

The second model considers instead a case where the correlating process operates
on a ready signal-dependent white noise model:

Z(x) = y(x) +o(y(0) vx), (1.57)
2x) = (Z ®g) ). (1.58)

The expected value and variance of z are, respectively,

E{z} ~E{}lIgll, = yligll; . (1.59)
var {z} ~ var {Z'} lIg]3 = o> (y(x)) lIgll3 . (1.60)

where the approximations become accurate in large smooth areas of the image where
the intensity changes gradually. Combining (1.59) and (1.60), we obtain

var {z} ~ 02<%) lgll3. (1.61)
gl
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o (E2)
gl /1y

Thus, both Model 1 and Model 2 express the variance of z as a function of its
expectation, where the main differences consist merely in a scaling of the variables,
and this scaling is determined by the ¢; and ¢, norms of the convolution kernel g.
Therefore, macroscopically, the two models are comparable.

Before we proceed, let us observe that the degree of approximation in (1.59)—
(1.60) can be quantified by expanding the expression of z (x() at the generic coordi-
nate xg:

The PSD for (1.58) is

var {7 [z]} = |.Z [g]1* |0 )|, = |7 [g])? (1.62)

2 =[Z®glx) =) 7 (xo—x)g). (1.63)

xes

The expected value and variance of the generic pixel z (xg) can be thus calculated,
respectively, as

E{t}xo) =Y E{d (o—0)}g) =) yxo—x)gx) =

xes o
8y (xo) x* — 9y (x0) k
=2 1.64

;,; ST ,;(—nkk!);f g, (L6
var {z}(xo) —Zvar 7o —x)}gw) = ZU o — %) 5 (%) =

xes oo

+o00 8k o

ZZL@( (x)* =

xe2 k=0 ( 1) k!

+00 8k 2

2 % 2 x ), (1.65)
k=0 : xX€R

where the final expressions of (1.64)—(1.65) come from the Maclaurin expansions
of y (xo — x) and o2 (xo — x) at the generic coordinate xo € £, and 9* (62 o y)(x)
is the kth derivative of the composite function o?( y (x)), and it can be computed, for
example, with the formula of Faa Di Bruno [11].

For approximation of order zero, i.e., when k = 0, (1.64)—(1.65) reduce to (1.59)—
(1.60). Thus, in regions where y is constant, the approximations are always valid.
If we assume g even symmetric, both 3 _, x¥g (x) and 3_ _, x* (g (x))* vanish
when & is odd since x* is odd symmetric. Therefore, for even symmetric kernels g,
the approximations (1.59)—(1.60) differ from (1.64)—(1.65) only for approximation
terms of y (xo — -) and o2 (xo — -) of even order 2 or greater.
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In case of affine noise variance (1.22), i.e. az(y(x)) = ay(x) + b, (1.65) becomes

var {z}(x0) = (ay(x0) +b) ) _ (g (x))* —

xef

a (3y)(xo) Y x* (g (1)) +

xef2

Z = 1),5):") >t ) (1.66)

k= xef2

1.6.3 Estimation

1.6.3.1 Estimation of the Noise Standard Deviation Function

The methods for estimating the standard deviation curve which were briefly reviewed
in Sect. 1.5 are formally designed for independently distributed noise, i.e., white
noise. If these methods are applied to correlated noise, they may fail to estimate
correctly the curve. In this regard, we note that many of these methods (e.g., [3, 13,
14, 22, 28]) employ some kind of high-pass filtering to reduce the impact of the
signal y on the estimation of noise variance. Whereas white noise affects in equal
manner different frequency bands, correlated noise is distributed unevenly over the
frequency spectrum: without prior knowledge of the noise power spectrum, there is
uncertainty about the proportion of noise that is effectively maintained after high-
pass filtering, hence a potential risk of significant overestimation or underestimation
of the curve. To understand this phenomenon, let us consider the observation model
(1.53) and assume that scatterpoints are obtained from estimating the variance of
the output of filtering z by a high-pass kernel /. Restricting the estimation over a
sufficiently large region where y is homogeneous, we can treat o (y) as a constant
and we have

var{o(Y)n @ h} = o’ (y)var{v® g ® h} =
o> g ®hl3 =0’ 217" [ F [g @]l =
o> 1217 1.7 (] Z [h]]; =
=a’( 217 |w |7 P, . (1.67)

var {z ® h|y}

Thus, even when ||&], =1, it may happen that var{z ® h|y} # var{z|y} =
az(y) |.Q|_2 |l¥ ||, with various outcomes depending on how .# [k] correlates with
the PSD ¥'. In particular,

var{z ® hly} = var {z]y} | |.Z [n])?[|,1¥ 1" (1.68)
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This means that if all scatterpoints are estimated using a unique filter 4, we can
estimate the noise variance function modulo a scaling factor that depends on the
PSD ¥. As we show next, the fact that this scaling factor is unknown does not
prevent estimating the PSD ¥, from which we can then resolve (1.68) and obtain an
estimate of the proper noise variance function.

1.6.3.2 PSD Estimation

The typical approach to estimating the noise PSD consists of processing the standard-
ized noise with a filter bank of band-pass filters, producing a collection of subband
images and by calculating the sample variance (or a robust estimate of the vari-
ance) of the noise in these subbands. Modulo a, possibly unknown, scaling factor A,
standardized noise can be represented in the form

n=Mn®g, (1.69)

where ¢ = g [lgll; ', v is zero-mean independent noise with unit variance, and hence
1 has zero-mean and variance A2.

The signal-independent colored noise model (1.50) already has the form (1.69)
with 7 = nand A = ||g||,. Signal-dependent colored noise of the forms (1.53) can be
reduced to (1.69) in several ways, e.g., by standardization of the samples with respect
to the noise model fitted to the mean, or by variance stabilizing transformations [22,
29]. If the standardization is obtained via a noise variance function estimated modulo
ascaling factor as in (1.68), then we arrive at (1.69) with A2 = | ¥ |.Z [h]|? | ;1 1l,.

Let us consider a set of band-pass filters 7" ={hy, ..., h;}. The generic output
from the jth filter is

N@®h;j=Qv®g) ®h;, (1.70)
and its variance
var{ij @ hj} = 22var {v @ g @ h;} = 2var (v} | @ hy [ = 22§ @ hy |-
By Parseval’s isometry and (1.51), this variance takes the form o
var (i ® h;} = A*[2|7 ”Iﬁ[h,]izli/”l, (1.72)

where |£2| = NN, denotes the cardinality of £2 and ¥ is a normalized PSD linked
to the normalization of the kernel g,

U=wigh' =I2Pw v and ¢ =12P. A7)
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Hence,

A2y H1 = A2 |£2|?, which shows that estimating A2¥ trivially yields also

separate A = 2|7 H)ﬂlj/ H and consequently v,
1

Therefore, the problem at hand amounts to estimating A2 from var {ﬁ ® h; },

j=1,...,J.Tothis end, it is convenient to rewrite (1.72) in matrix notation as
V=FP, (1.74)
where
var {2} ¥ (1)
V= : , P=22 : (1.75)
var {z,} ¥ (|12])
| ZI1 WP - [ ZTh] ()P
F= : : : (1.76)

T2 : . :
<! | Z 12D - 1 Z1hs] (2]

Typically, J < |£2|, making the system (1.74) under-determined. The unconstrained
minimum-norm estimate of the PSD A>¥ can be computed as

P=F (FTF)T v, (1.77)

where T denotes the pseudoinverse. A typical constraint that must be enforced onto P
is its nonnegativity, since this is not automatically guaranteed by the pseudoinverse.
An iterative system such as the following one can be used to this end:

R, =V —F'P,,
(1.78)

Py =|P+F (FTF>+ Ry

This system can be modified so to enforce further constraints or priors on $k+1,
such as its smoothness or sparsity with respect to some representation [10], or the
symmetries of the Fourier-domain PSDs.

As bank of filters, one can use the Fourier transform of a smaller size, block
transforms such as the discrete cosine transform, wavelets, etc. Figure 1.19 shows
two examples of the variances (1.71) with respect to the Fourier transform of size
35 x 35, one estimated for a Samsung SSK2L2 CMOS sensor from the dataset of
Sect. 1.3 and one for a Foveon X3 sensor at ISO 6400 of a Sigma DP1 Merrill camera.
While the latter PSD shows a nonuniformity representing colored noise, the former
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. E 0 b - 0
Fig. 1.19 35 x 35 Fourier-domain PSD estimated for a Samsung SSK2L.2 CMOS sensor from the
dataset of Sect. 1.3 (left) and for a Foveon X3 sensor (right). The former is practically flat (thus

representing white noise), whereas the latter shows a mild nonuniformity characteristic of either
row or column striping noise

Fig. 1.20 Estimates of the 255 x 255 Fourier-domain PSDs computed through the iterative system
(1.78) from the 35 x 35 measurements shown in Fig. 1.19

is virtually flat (i.e., white noise), with random fluctuations merely due to finite
sample set. Larger size PSDs, estimated via the recursive method (1.78), are shown
in Fig. 1.20. Both in Fig. 1.19 and in Fig. 1.20, we indicate the power level of an ideal
flat spectrum of i.i.d. standard white noise (i.e., 352 =1225 and 2552 = 65,025 for
a 35 x 35 and 255 x 255 Fourier transform, respectively, as can be computed from
(1.7) or (1.51)). The PSDs estimated from the Samsung sensor accurately match this
level, since they are approximately flat and were estimated from standardized errors
with A = 1 (1.69); the match is very good also for the Foveon X3 PSDs, since the
nonuniformity is anyway quite mild and localized along one line.

1.7 Photo-Response Nonuniformity

When a pixel array is exposed to a uniform light source, every pixel element is
expected to yield the same underlying signal. However, physical imperfections of
the detector elements, such as slight discrepancies in the pixel size and substrate
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material, cause a deviation from the expected true signal output. This deviation is
defined as the photo-response nonuniformity (PRNU).

In some cases, the PRNU represents a relevant portion of the image degradation,
and thus the image degradation model presented in (1.26) is no longer adequate. The
variable y previously defined as the true signal becomes a random variable dependent
on the detector element. Let us define this new variable as u. Then,

z@) =u(x)+o@x)§x),
u@x) =N (y@x),cy* @). (1.79)

Above we model the physical discrepancies of the detector elements as a Gaussian
distribution, with variance depending on the underlying signal y and on a scaling
factor c¢. Although (1.79) describes the nonuniformity as a random process, u is a
systematic error which is identically realized at every acquisition (i.e., at each frame),
as opposed to £ which changes randomly at every pixel and at every new capture.

Note that the errors caused by the PRNU are multiplicative, following the same
model as described in (1.30). The univariate standard deviation function described
by (1.27) becomes

std{z | y} = Vey? +ay +b, (1.80)

which is a consequence of treating z as a mixture variate and of o2 being affine. Here,
a, b, and c can be estimated using the methods detailed in Sects. 1.5.1 and 1.5.2 of
this chapter, but considering a second-order polynomial for the noise variance curve
estimation.

In general, the PRNU is more evident in images with low gain a or with large
exposure time, i.e., large y(x).

1.8 Conclusions

All acquisition systems are affected to some degree by noise. To successfully analyze
and process any acquired noisy data, it is necessary to adopt an adequate noise model.
This chapter presented several basic noise models that can be used within various
imaging applications. First, we introduced white noise models characterized by a flat
noise power spectrum. White noise models include the classic signal-independent
AWGN noise, as well as various signal-dependent noise models, which are formal-
ized by means of one-parameter families of distributions. Then, we introduced col-
ored noise models, in which the noise power spectral density is not flat, implying that
the noise affecting a pixel is correlated with the noise affecting neighboring pixels.
An overview of the leading approaches for estimating the noise parameters sufficient
to characterize the model was also provided. Overall, these models and methods are
suitable for processing imagery from a wide range of acquisition devices, such as
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digital consumer cameras, X-ray systems, microscopes, telescopes, etc. They espe-
cially play a fundamental role in processing pipelines for image restoration (see, e.g.,
[4-7, 12]).
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Chapter 2 )
Sparsity-Based Denoising st
of Photographic Images: From

Model-Based to Data-Driven

Xin Li, Weisheng Dong and Guangming Shi

Abstract What makes photographic images different from random noise? It has
been hypothesized that sparsity is a key factor separating the class of photographic
images from noise observations. Accordingly, sparse representations have been
widely studied in the literature of image denoising in the past decades. In this
chapter, we present a critical review of the most important ideas/insights behind
sparsity-based image denoising algorithms. In the first-generation (model-based)
approaches, we will highlight the evolution from local wavelet-based image denois-
ing in 1990s-2000s to nonlocal and patch-based image denoising from 2006 to 2015.
In the second-generation (data-driven) approaches, we have opted to review several
latest advances in the field of image denoising since 2016 such as learning para-
metric sparse models (for heavy noise removal) and deep learning-based approaches
(including deep residue learning). The overarching theme of our review is to provide
a unified conceptual understanding of why and how sparsity-based image denoising
works—in particular, the evolving role played by models and data. Based on our
critical review, we will discuss a few open issues and promising directions for future
research.

X. Li (X)

Lane Department of Computer Science and Electrical Engineering,
West Virginia University, Morgantown, WV, USA

e-mail: xin.li@ieee.org

W. Dong - G. Shi
School of Electronic Engineering, Xidian University, Xi’an, China
e-mail: wsdong@mail.xidian.edu.cn

G. Shi
e-mail: gmshi @mail.xidian.edu.cn

© Springer International Publishing AG, part of Springer Nature 2018 37
M. Bertalmio (ed.), Denoising of Photographic Images and Video,

Advances in Computer Vision and Pattern Recognition,
https://doi.org/10.1007/978-3-319-96029-6_2


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-96029-6_2&domain=pdf

38 X. Lietal.

2.1 Introduction

The collection of photographic images only occupy a small fraction characterized
by a manifold in the high-dimensional space. To see this, one can think of two
images of the same size (say H x W) as two points in the high-dimensional space
R>W and observe that any point lying along the line segment connecting these
two points does not belong to the collection of photographic images. Such manifold
constraint arises from the fundamental laws in quantum physics (Pauli exclusion
principle)—namely, two objects cannot occupy the same space at the same time. By
contrast, additive white Gaussian noise (AWGN) violates such manifold constraint
because it is well known that any linear combination of two Gaussian processes is
still Gaussian. When a photographic image is contaminated by AWGN, it is often
desirable to remove the unwanted noise from the degraded image, which has become
so-called image denoising problem. How to efficiently exploit the manifold constraint
of photographic images to facilitate the task of image denoising has remained an open
problem despite decades’ research.

Sparsity-based denoising—one of the earliest attacks in the literature—is still
influential as of today. The basic idea behind sparse representations is to formalize
the abovementioned manifold constraint rigorously using well-established mathe-
matical tools. Intuitively, there are two ways of formalizing this idea: deterministic
and probabilistic. In a deterministic setting, photographic images are modeled by
abstractions such as Besov-space functions whose regularity properties well match
the characteristics of photographic images (e.g., images are mostly smooth except
singularities such as edges and corners); in a probabilistic setting, photographic
images are characterized by heavy-tail distributions in a transformed space (after
sparsifying transforms) where the sparsity is specifically connected with the class
of nonzero/significant coefficients (tail). Regardless of the formulation, the task of
image denoising can be implemented by a simple thresholding operation—namely, if
one can find an appropriate sparse representation transforming important image struc-
tures to a few exceptions(significant coefficients), thresholding becomes an effective
strategy of separating them from noise (note that AWGN is unlikely to produce
exceptions because of Gaussian distributions do not have heavy tails).

In the past two decades, various sparse representations have been developed
reflecting the evolving thoughts of modeling important structures in photographic
images. In 1990s—2000s, local sparse representations (e.g., DCT-based and wavelet-
based) are constructed aiming at characterizing transient events such as edges, lines,
and corners. It has been well documented in the literature that heavy-tailed distri-
bution such as generalized Gaussian is a good fit for the probability distribution of
local image structures in the wavelet domain, thanks to the good localization prop-
erty of wavelet bases in both space and frequency. We note that similar observation
with transient events has also led to the class of variational image models (e.g.,
total-variation-based [1] and Perona—Malik diffusion [2]), which have been shown
to be equivalent to wavelet thresholding under certain conditions [3]. The relation-
ship between soft/hard thresholding and Wiener filtering has also been studied in
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[4], which shows that soft thresholding can be interpreted as an approximation of
optimal Wiener filtering when image coefficients are modeled by Gaussian.

An important new insight—i.e., modeling nonlocal self-repeating patterns (e.g.,
textures) in photographic images—was introduced in 2006 [5]. Since then, a flurry
of nonlocal sparse representations have been developed for various image restora-
tion tasks including denoising. The unifying theme is to formulate a simultaneous
sparse coding (SSC) problem [6] with a collection of similar patches in photographic
images. Such SSC formulation can be implemented either by a 3D sparsifying trans-
form such as in [5] (2D patches form a 3D array) or a 2D singular value decom-
position transform [7] (each image patch is reshaped into a row vector of a data
matrix). Since textures represent a significant portion in photographic images, non-
local sparse representations—when applied to image denoising—have led to con-
vincingly improved subjective quality for texture-abundant images (e.g., Barbara)
over local models. Further optimization is possible by introducing a weighted nuclear
norm minimization [8] to achieve better tradeoff between local adaptation and non-
local invariance.

Most recently, the new wave of learning-based or data-driven approaches toward
Al has swept through many applications in computer vision and pattern recognition
[9]. With training data available, we suggest that there are two new opportunities
to explore under the context of image denoising. First, when a small collection of
correlated images are available, it is possible to learn the parametric sparse models
from the training data and noisy observation together. Our recent work [10] has shown
that such a hybrid (sparsity + learning) approach can lead to much more accurate
estimation of image details especially in the presence of heavy noise. Second, when
a large number of training images are available, it is feasible to learn a nonlinear
mapping (implemented by deep convolutional neural networks) from the space of
noisy observations to that of clean images via deep residue learning [11]. Such deep
learning-based approach toward image denoising has rich connections with previous
works (e.g., trainable nonlinear reaction-diffusion [12]) and can be combined with
sparse representation as well (e.g., [13]).

The rest of this chapter is organized as follows. We have structured our review
into three parts roughly following the timeline of image denoising literature: local
sparsity (before 2006), nonlocal sparsity (2006-2016) and deep learning (2016—
present). In Sect. 2.2, we start from early works on wavelet-based image denoising
and focus on the paradigm shift from construction of (prefixed) basis functions to
adaptively learning them from noisy observation data. In Sect. 2.3, we highlight
the key ideas behind patch-based image denoising including finding similar patches
and exploiting nonlocal sparsity. In Sect. 2.4, we reformulate image denoising as a
discriminative learning problem, which leads to the latest advance via feedforward
convolutional neural networks [11]. Experimental results are selectively reported in
Sec. 2.4 to demonstrate the latest advances in the field. We make some concluding
remarks in Sect. 2.5.
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2.2 Image Denoising via Local Sparsity Models: From
Sparsifying Transform to Dictionary Learning

In this section, we briefly review the class of image denoising algorithms built
upon local sparsity models. The key unifying theme will be basis functions (a.k.a.
dictionary)—early attempts directly construct data-independent basis functions such
as wavelets and their extensions; more recent approaches obtain data-dependent basis
functions via dictionary learning.

2.2.1 Transform-Based Image Denoising

The basic idea behind sparse representation is to decompose a signal X € R" with
respect to a group of n-dimensional basis vectors/functions in the Hilbert space (also
called dictionary) ® € R™ ™ —namely X,x| = ®,xm®nx1. The sparsity constraint
of & dictates that it only contains few nonzero coefficients (and therefore sparse). It
is relatively easy to understand sparsity from a compression point of view because
fewer nonzero coefficients imply higher coding efficiency. The relevance of sparsity
to image denoising requires a bit more reasoning—e.g., since linear combination of
Gaussian noise remains Gaussian, it is unlikely that AWGN can produce nonzero
coefficients after sparse decomposition.

For photographic images, the pursuit of sparse representations has led to a rich
literature of so-called sparsifying transforms including discrete cosine transform
(DCT) [14] and their shape-adaptive extension SA-DCT [15], wavelet transforms
[16, 17] and X-lets (e.g., ridgelets [18], curvelet [19] and contourlets [20]). Retro-
spectively, geometry has been the most decisive factor pushing the field of sparse
representations forward. Early constructions such as DCT and wavelet transforms
are separable, which makes it difficult to exploit the geometric constraint of edges
[21]. Non-separable transforms such as shape-adaptive DCT (SA-DCT) [15] and
contourlet filter banks [20] directly pursue an anisotropic or directional image rep-
resentation across different scales. Such directional multi-resolution representations
of images have been proven theoretically more compact than their separable coun-
terparts and demonstrated convincing improved performance for image denoising
applications (e.g., [15, 19, 20]).

Despite those progress, the fundamental issue of an ideal sparse representation
has remained open. On one hand, when several competing constructed dictionaries
are available, one often faces the problem of selection—i.e., which subset of basis
functions could lead to an “optimal” choice (e.g., basis pursuit [22])? It turns out that
such problem is often ill-posed because of the difficulty with defining optimality. For
instance, it is well known that /y-based optimization is nonconvex and does not admit
computationally efficient solutions; consequently, its /;-based counterpart [23] is
often preferred in practice. On the other hand, one can pursue a sparser representation
by adding more and more atoms into the dictionary but at the risk of over-fitting (not to
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mention the price of prohibitive computational complexity). In view of the diversity
of image structures in photos, it seems unrealistic to manually construct a prefixed
dictionary with all required dictionary elements. A more plausible solution is to learn
(instead of construct) the set of dictionary elements from training data.

2.2.2 Image Denoising via Dictionary Learning

The idea of learning a dictionary from training data dated back to the classical prin-
ciple component analysis (PCA) [24] (a.k.a. Karhunen—Loeve transform). However,
the optimality of Karhunen-Loeve transform (KLT) for stationary Gaussian pro-
cesses is not applicable to the source of photographic images. Nonstationarity of
image source calls for the segmentation or clustering technique such as K-means
method [25]. The basic idea behind K-means clustering is to overcome the chicken-
and-egg dilemma by iteratively updating the centroids (representative codewords)
and class labels (clustering outcome). An important milestone in dictionary learn-
ing is the development of K-SVD algorithm [26] which connects the concept of
K-means clustering with sparse coding. Similar to K-means, K-SVD also alternates
between sparse coding and dictionary updating; but unlike K-means, K-SVD puts
data clustering on a solid theoretic foundation of optimal data representation (note
that it works with any pursuit method).

When applied to photographic images, K-SVD has led to so-called sparseland
model [27], which we will briefly review here. Let x; denote a patch cropped from
image X at the spatial location i; then, we have

X, = EiX, (21)
where E; is an operator of sliding window. Since patch overlapping is allowed, the

above representation is redundant and the reconstruction of image from cropped
patches {x;} is overdetermined, which admits the following Least-Square solution

X=0Q_EE)"'O_E/x). (2.2)

For a given dictionary ®, each patch can be represented by its sparse coefficients
{@;}—namely

Combining Eqs. (2.3) and (2.2), we have

X=Ra= () EE)'Q E o). 24)

where R is the reconstruction operator dual to E.
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Under the context of image denoising, one can formulate the following variational
problem

_ 1 _ _
6; = argmin||Y — D& I3 + All6i] 11, (2.5)

where Y = X 4 N is the noisy image, A is matrix containing vectors of sparse coef-
ficients, and A is the Lagrangian multiplier. The basic idea behind K-SVD denoising
[27] is to learn the dictionary D from noisy observation image Y by solving the
following joint optimization problem

argmin ) |ID&; — RiX|[3 + D yill ]l +A1Y = X]], (2.6)
X.D.& ;

The solution to the above optimization problem consists of iterative updating of sparse
coefficients & and dictionary elements D. The step of updating D can be implemented
by singular value decomposition (SVD), which gives the name K-SVD.

2.3 Image Denoising via Nonlocal Sparsity Models: Beyond
BM3D

The year of 2006 was fruitful for the field of image denoising. In addition to K-SVD,
the conference version of block-matching 3D (BM3D) denoising [5] was also pub-
lished in 2016 [28]. At the beginning, the community was baffled by the outstanding
experimental results reported in the paper—why did it work so well? It took the
whole community several years to develop and optimize the class of nonlocal sparse
representations.

2.3.1 Image Denoising via Clustering-Based Sparse
Representation (CSR)

To see why K-SVD falls behind BM3D, we can conduct an experiment with a toy
example of regular texture. It can be observed that the sparse (nonzero) coefficients
a are NOT randomly distributed as shown in Fig. 2.1. The striking pattern of sparse
coefficients in the spatial domain arises from the self-repeating pattern in texture
image itself. Such nonlocal similarity is beyond the reach of dictionary learning
such as K-SVD because the regularization terms in Eq. 2.6 cannot exploit the high-
order correlation among sparse coefficients @;’s. So instead of extending K-means,
one can combine K-means with sparse coding to obtain a nonlocal clustering-based
sparse representation (CSR) as follows.
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(b)

Fig. 2.1 Limitation of K-SVD: a an image of regular texture; b spatial distribution of sparse
coefficients corresponding to the sixth basis vector (note that their locations are NOT random)

The key new insight is to view the centroids of k-means clustering as peer hidden
variables to unknown sparse coefficients. Referring to Fig. 2.1, one can envision
re-encoding of similar sparse coefficients could render a more compact represen-
tation promoting sparsity (by exploiting self-repeating patterns). Along this line
of reasoning, we propose the following cost function as a nonlocal extension of
Eq. (2.6)

o 1 _ _
(@ /i) = argmin~||Y — D[} + ][]

@, jlg

K
+ a2 )Y l@a; — jiclh, @.7)

k=1 ieCy

where ji; denotes the centroid of the k-th cluster C; of coefficients o:. When com-
pared against Eq. (2.6), we note that the new clustering-based regularization term
is introduced to exploit nonlocal similarity in photographic images. To gain deeper
insight about the new regularization term, one can rewrite Eq. (2.7)

. 1 ﬁ q
@, B) = argmin||Y — D&|13 + a1,

o [k
K
DI CEX T (2.8)
k=1 ieCy

where iy = ® ,Bk (i.e.,to represent all centroids by the same dictionary ® as x; ). Since
& is unitary, we have || ®a; — <I>/3k||2 =|lo; — ;3k||2 Therefore, Eq. (2.7) boils down
to the following joint optimization problem



44 X. Lietal.

. 2 1 _ _
@, B) = argmin||Y — Dall5 + ill@l]

&, [k

K
+ a2y Y ld = Bl (2.9)

k=1 ieCy

Using the technique of conjugate function, we can solve the above double-header
l;-minimization problem and obtain the following iterative thresholding solution

(@)
ail-}—l) — ST],Iz(vj ) o ﬁj 2 0 (2'10)
’ _Srl,rz(_vj ) ﬂj <0
where 1
v = 1pTx — Da®) 1 00 Q2.11)
C

and 1 = %, = % (c is an auxiliary parameter guaranteeing the convexity of
surrogate function), superscript (i) denotes iteration number and subscript j denotes
the j-th entry in a vector. The detailed derivation of iterative thresholding solution

is referred to [29].

2.3.2 Simultaneous Sparse Coding with Low-Rank
Approximation

An alternative way of exploiting nonlocal similarity is the so-called simultaneous
sparse coding (SSC) [6]. The basic idea of SSC (a.k.a. group/structured sparsity [30])
is to reshape each patch into a row vector and group those similar patches into a 2D
matrix Y = [y1, y2, -+, Ym] € R™™. Then, the group sparsity can be defined by a
pseudo-matrix norm ||Al], 4:

(U, A) = argmin||Y — UA||% + T||Allp.q, (2.12)
A
where A = [a!; a?; ...; &"] is the matrix formulation of sparse coding strategy X =
UA and the pseudo-matrix norm || - ||, 4 is given by [31]
1Allp.g 2> e |12, 2.13)
i=1
where o = [@i 1, ..., & m] denotes the ith row of matrix A in R"*™. Note that the

above formulation does not treat the row and column spaces equally—namely, a
matrix A and its transpose A7 will be characterized by varying amount of group
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sparsity (though they have the same amount of sparsity). To restore the symmetry
between row and column spaces, we have proposed to introduce a right-multiplying
matrix V in [7]. Then, the matrix A can be rewritten as

A=3VT, (2.14)

where X = diag{A, A2, -+ , Ax} (K = min(m, n))is a diagonal matrix in R¥*X
and each column of V in R™*X consists of v; = - ()" . It is enlightening to observe
that the new sparsifying matrix V plays the dual role of the dictionary U, and therefore
Eq. (2.12) boils down to

(U, , V) = argmin|[Y — USV7 |2 + t]|A[] 5. (2.15)
U,z v

The key new insight behind our low-rank approximation approach is that when
p =1, q = 2, the group sparsity regularizer ||A||; , computes the sum of standard
deviations associated with sparse coefficient vector in each row—namely

K

K
A2 =) Jo? +ady+ - +o?, =) Jmo;, (2.16)
i=1

i=l

where o; is the standard deviation of sparse coefficients o' in the i-th row. Therefore,
we can write &' = ;] and obtain

2
0F = |13 = — |37 | = L, (2.17)
m m m

where the first identity comes from Eq. (2.16) and the last one is due to the unitary
property of V. Based on Eq. (2.17), one can conclude that any operation on sparse
coefficient vector a’s can be equivalently implemented with respect too; or A; (only
differs by a constant scalar). Substituting Eq. (2.17) into Eq. (2.15), we have the
following standard low-rank approximation problem [32]

K
(U. 2., V) = argmin|[Y —UEV |} + 7> A, (2.18)
U,x.v

i=l1

which admits the well-known singular value decomposition (SVD)-based solution
[32]
(U, X, V) = svd(Y);
A (2.19)
X =8:(%);
where S; is a soft thresholding operator with a threshold 7 (regularization parameter).
The reconstructed data matrix can be conveniently obtained by X = UX V7.
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2.3.3 Simultaneous Sparse Coding with Gaussian Scalar
Mixture (GSM)

The connection between sparse coding and Bayesian estimation has been well-
established in the literature (e.g., refer to [29]). If we rewrite Eq. (2.5) into

o = argmin||x — Da|[3 + A||e][1, (2.20)

the above /;-minimization is equivalent to the maximum a posterior (MAP) infer-
ence of « with an identically independent distributed (i.i.d) Laplacian prior P(¢;) =
217’6_%, wherein 6; denotes the standard derivation of ¢;. Such a fruitful connec-
tion can be exploited to shed new insight to SSC by leveraging advanced statistical
modeling technique. For instance, in the literature of wavelet-based image denois-
ing, it has been proposed in [4] to characterize sparse coefficients a by a Gaussian
scale mixture (GSM) [33] model. The original motivation behind GSM-based image
denoising is to more accurately characterize rapidly evolving local statistics (e.g.,
variance) of wavelet coefficients. As we have shown in [34], it is possible to combine
GSM with SSC and obtain a class of more powerful nonlocal sparsity-based image
denoising algorithms.

The basic idea behind GSM is to decompose sparse coefficient vector « into the
point-wise product of a Gaussian vector # of unitary variance and a hidden scalar
multiplier 0 («; = 6; B;). It follows from the Bayesian formula that the GSM prior of
a can be expressed by

P =[] P@). P)= /Oo P (;|6;) P (6;)d0;. (2.21)
i 0

In view of the difficulty with computing the MAP estimate of «; for most choices of
P(6;), wavelet-based GSM denoising [4] treated 6; as a hidden variable, which can
be canceled through integration; later work [35] explicitly uses the field of Gaussian
scalar multiplier (field-of-GSM) to characterize the variability and dependencies
among local variances while at the price of prohibitive computational complexity. A
computationally more tractable approach is to formulate a joint estimation of («;, 6;)
by exploiting nonlocal similarity of photographic images (same motivation as SSC)
as follows

(e, ) = argmax log P(x|e, 0) P (e, 6)

(2.22)
= argmax log P (x|a) + log P(a|@) + log P(9).
To gain deeper understanding toward the above formulation, we note that the first
term P (x|a) is characterized by a Gaussian function with variance anz, the second
term P (a|0) is given by
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1 (@ — i)
Pef) =] Pelt) =] [ —m=er-—77—). @2

and the third term is so-called noninformative prior [36] P (6;) ~ é (ak.a. Jeffrey’s
prior [4]). Putting things together, we can rewrite Eq. (2.22) into

(0, 0) = argm1n—||x — Doz||2 + Zlog(@ V2r)

+Z (o — 202 +Zlog91,

(2.24)

where we have used P(f) = ), P(6;). To improve numerical stability, one can
replace log 6; by log(6; + €) (¢ > 0) and obtain

(e, ) = argmin||x — Doc||§ + 40"2 log(@ + €)
o0

2
Z o — i
+an ( Qzﬂ),

where log(f +¢) = ), log(6; + €).

In the matrix form of original GSM model, we have « = Af and p = Ay where
A =diag(6;) € R¥*X is a diagonal matrix characterizing the variance field for the
chosen image patch. Such connections allow us to translate the optimization problem
in Eq. (2.24) from (o, p) domain to (8, y) domain—i.e.,

(2.25)

(B.6) = argmin||x — DAB|[3 + 40, log(® + €) + o |18 —¥I3.  (2.26)
B.0

Since the above equations are the sparse coding formulation for a single image patch,
itis natural to formulate a simultaneous sparse coding (SSC) problem by generalizing
the optimization problem in Eq. (2.26) from vector form to matrix form

(B, 6) = argmin||X — DAB||% + 407 log(8 + €)
B.6 2.27)
+07|IB—T||3.

where X = [x, ..., X;,] is a 2D matrix formed by m similar patches and A = AB is
the matrix representation of @ = A . The first-order and second-order statistics of
A are characterized by T' = [p1, ..., yu]l € R and B =[B1, ..., B.] € RE*™
respectively, wherein y; =y, j =1,2, ..., m. Given m similar patches, we have
adopted the following strategy for estimating u
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;L:ijaj, (2.28)
j=1

where w; ~ exp(—|lx — x| |§ / h)) is the weighting coefficient based on patch sim-
ilarity. It follows from u = Ay that

y:ijA_lotj=ijﬂj, (229)
j=1 j=1

The above new formulation in Eq. (2.27) has been called Simultaneous Sparse Coding

Sfor Gaussian Scalar Mixture (SSC-GSM) and computationally efficient solution has
been derived in [34]. When applied to image denoising, SSC-GSM has achieved the
current state-of-the-art performance.

2.4 Learning-Based Image Denoising: Heavy Noise
and Deep Learning

In previous sections, we have focused on estimating a clean image from its contami-
nated version without any help from training data. When training data are available, it
is possible to further optimize image denoising by learning a more powerful prior. In
this section, we present two latest advances in learning-based image denoising: one
deals with parametric sparse models and the other with deep convolutional neural
networks.

2.4.1 Learning Parametric Sparse Models for Heavy Noise
Removal

In the literature of image denoising, one of under-researched topic is the removal
of heavy noise. As the power of noise increases, it becomes more challenging to
estimate the unknown image characteristics (e.g., mean and variance) from the noisy
observation. One way of alleviating this difficulty is to assume that some training
data are available as reference images—e.g., images of the same scene but acquired
at different time or from varying viewpoints. The key new insight brought by the
availability of additional training data is that they could facilitate the estimation of
sparse model parameters (e.g., the biased mean vector in Eq. 2.29) by providing
noise-free similar patches. Figure 2.2 describes the proposed framework of learning
parametric sparse models from training data, which consists of four steps (image
retrieval, global registration, patch matching, and expectation estimation). We will
elaborate each step, respectively, next.
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Fig. 2.2 Framework of learning parametric sparse model from a set of training data
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Fig. 2.3 Framework of generating global descriptor for image retrieval by the method of [40]
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Fig. 2.4 An example result of image retrieval. a The query image. b The retrieved images

Image retrieval The first step is to retrieve images that contain similar content to
a query image from the training data. Image retrieval has been extensively studied in
the literature (e.g., [37—40]); here we have adopted an image retrieval method of [40].
In [40], a global descriptor is generated for both the query image and the candidates,
as shown in Fig. 2.3. To create such a global descriptor, a Convolutional Neural
Network (CNN) is first applied to the given image; then, a pretrained Region Proposal
Network (RPN) is activated to pool regions of interest (ROI) together; and finally,
a global descriptor is produced by integrating ROI-pooled features. With generated
global descriptors, the similarity between two images can simply be measured by the
dot product of two corresponding global descriptors. To address the issue of noise
interference, we can obtain a pre-denoised image by any conventional approach
(without the use of training data) and apply image retrieval to the pre-denoised
image while searching for correlated images. Figure 2.4 shows an example of image
retrieval results.
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1

Fig. 2.5 The retrieved images after global registration

Global registration The retrieved images cannot be directly used to find similar
patches because of the difference in scale, illumination, and viewpoint. The next step
is to align the retrieved image with the pre-denoised image, which has been known as
global registration. In the literature of image registration, aligning two images using
local features such as SIFT [41] and local binary pattern [42] is among the most
popular approaches. Similar to [43, 44], we have extracted the SIFT [41] descriptors
from the input image pair. Then, the eight-parameter homography matrix is estimated
from matched SIFT descriptor pairs by the Random Sample Consensus (RANSAC)
algorithm [45]. The retrieved correlated images can finally be aligned to the query
image after the geometric transformation with the estimated homography matrix.
Figure 2.5 presents an example of global registration. We denote the transformed
images by {z,}X |, which are used for patch matching next.

Patch matching Given an exemplar patch x; extracted from the noisy image x,
we search for similar patches from the aligned reference images (i.e., {z,} 5:1 ). Asthe
size of exemplar patch x; is usually small (e.g., 7 x 7), direct patch matching with
x; is not accurate especially in the presence of heavy noise. Instead, we have used
an enlarged anchor patch containing x; at the center to facilitate patch matching to
ensure its accuracy. Denote x; € R” of size V' x /n’ (' > n) as the query patch
extracted from x at the position i. We first search for similar patches to x; within a
local window centered at the position i in reference images; then group the found
similar patches into a data matrix. To achieve illumination invariance, we remove
the DC component of each patch before calculating the /, distance among patches.

Estimation of expectations u; Given an exemplar patch x; and its similar patches
found from reference images {Z; ;}--_,, we assemble the exemplar patch and reference
patches into a data matrix, each column of which corresponds to a patch (including
the x;). Similar to [46], we first apply a median filtering to the data matrix along each
row to remove the noise. Then, the expectation of x; from reference patches can be
estimated as

X/ = median(%;, %1, %10, . Zi0), (2.30)

L

where superscript refindicates that x; “/ is learned from the reference images. Mean-
while, we note that expectations from nonlocal similar patches—i.e., Eq. 2.29 can
be rewritten into
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m
x" =) wiki, (2.31)
k=1

where w; x = (1/¢) exp(—||%; x — X;||/ h), c is the normalization parameter and # is
a predefined constant. The superscript int indicates the intrinsic estimation from the
noisy image itself. With p = DTx/* and /" = DT x/" denote the sparse codes
ref

i g
expectation of a; can be achieved by combining u,:ef and pu

int
i

of x;” and x!"" with respect to the dictionary D, a more accurate estimation of the

int
i

as follows
pi= A+ X— A", (2.32)

where A = diag(§;) € R¥*X is the weights between ;Lfef and " Similar to [44],
d; is computed according to the energy ratio of /Lfef (j) and uf"’ (j)-1ie.,

2

5 = m ri=w D/ G, (2.33)
Experimental Results

We take 16 images from the Oxford5SK' and Paris6K” datasets as test images (please
refer to Fig. 2.6). In the proposed method, similar images are retrieved from the
remaining images of the dataset. We have compared the proposed image denoising
method against several well-known denoising methods—i.e., BM3D [5], NCSR [47],
maximizing expected patch log likelihood (EPLL) [48], SSC-GSM [34] and DnCNN
[11]. Note that DnCNN [11] is state-of-the-art denoising method, and BM3D [5],
NCSR [47], SSC-GSM [34] are state-of-the-art single image denoising methods. For
DnCNN [11], we use the same training data as that in [11]. The default parameter
settings are applied in our experiments. The Gaussian noise deviation 6, is set to
be 50, 70, and 90. The larger patch size—i.e., n’ for patch matching from reference
images are setas 17, 19, and 21, respectively. We retrieve four reference images from
the dataset (i.e., R = 4).

Besides, the method of DnCNN [11], which is implemented using a deep con-
volutional network, has the best performance among all benchmark methods. When
compared against DnCNN [11], PSNR improvement of the proposed method is more
than 1 dB on the average (up to 1.47 dB); the average SSIM improvement is around
0.0948. Parts of the reconstructed images by different denoising methods are shown
in Fig. 2.7 for noise level of 50, Fig. 2.8 for noise level of 70, Fig. 2.9 for noise level
of 90. From Figs. 2.7, 2.8 and 2.9, it can be seen that the restored image by previous
methods such as BM3D[5], NCSR [47] and SSC-GSM [34] are often over-smoothed
and the results by the proposed method contain much more faithfully restored details
than previous methods.

Uhttp://www.robots.ox.ac.uk/~vgg/data/oxbuildings/.
Zhttp://www.robots.ox.ac.uk/~vgg/data/parisbuildings/.
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Fig. 2.6 16 test images. From left to right and from up to bottom, the images are named as “img1”
to “imgl6”

(a) Original (b) Noisy (c) [5] (PSNR=29.53dB) (d) [47] (PSNR=29.53dB)

(e) [48] (PSNR=29.05dB) (f) [34] (PSNR=29.59dB) (2) [49] (PSNR=30.05dB)  (h) Proposed (PSNR=31.50dB)

Fig. 2.7 Denoising results of cropped image ‘img3’ (o,, = 50)

The denoising method of [46] (denoted as CID), which is based on a combination
of the BM3D method and retrieved correlated images, has outstanding performance
over BM3D and EPLL as shown in [46]. As the implementation codes for [46] is not
available, we make a comparison with the results given in [46], where the test images
are exactly the images of “imgl”—“img7”. The comparison of the PSNR and results
with [46] is shown in Table 2.1, from which it can be seen that the proposed method
has comparable SSIM performance to CID and the average PSNR improvement over
CID can be up to 0.64 dB.
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(a) Original (b) Noisy (c) [5] (PSNR=25.52dB) (d) [47] (PSNR=25.25dB)

(e) [48] (PSNR=25.22dB) (f) [34] (PSNR=25.48dB) (2) [49] (PSNR=25.81dB)  (h) Proposed (PSNR=27.23dB)

Fig. 2.8 Denoising results of cropped image ‘img4’ (o, = 70)

4k

(a) Original (b) Noisy (c) [5] (PSNR=25.91dB) (d) [47] (PSNR=25.80dB)
3 5 e R bl . A

(e) [48] (PSNR=25.52dB) (f) [34] (PSNR=26.15dB) (2) [49] (PSNR=26.40dB)  (h) Proposed (PSNR=28.03dB)

Fig. 2.9 Denoising results of cropped image ‘img6’ (o, = 90)

2.4.2 Learning Denoising Prior in Deep Convolutional
Neural Network

Instead of learning a sparse model from training data, one can reformulate image
denoising as a discriminative learning problem—i.e., can we directly learn a nonlin-
ear mapping from the space of noisy images to that of clean images? Early attempts



54 X.Lietal.

Table 2.1 PSNR and SSIM results compared with CID [46]

Noise |imgl |img2 |img3 |imgd4 |img5 |img6 |img7 |Avg.
CID [46] 50 30.05 [28.56 [30.64 [26.80 [29.50 |28.50 |28.90 |28.99
0.882 |0.861 |0.855 |0.766 |0.909 |0.799 |0.837 |0.844
70 29.00 |[27.63 |29.44 |26.03 |28.53 |27.75 |27.98 |28.05
0.860 |0.837 |0.816 |0.734 |0.885 |0.777 |0.819 |0.818
90 27.70 |26.83 [28.63 |[25.25 |27.15 |2691 |27.02 |27.07
0.845 |0.822 |0.809 |0.706 |0.873 |0.753 |0.803 |0.802
Proposed 50 3043 2891 |[31.50 |[28.08 [28.86 [29.80 |29.84 |29.63
0.8734 |0.8408 | 0.8527 | 0.7820 | 0.8488 | 0.8242 | 0.8463 | 0.8383
70 29.09 |[28.15 |30.16 |27.23 |28.01 |28.92 |28.47 |28.56
0.8515 | 0.8202 | 0.8203 | 0.7535 | 0.8318 | 0.8045 | 0.8177 | 0.8142
90 27.74 |27.76 |29.38 |26.33 |27.19 [28.03 |27.51 |27.71
0.8343 | 0.8157 | 0.8111 |0.7220 | 0.8137 |0.7881 |0.7977 | 0.7975

such as multilayer perceptron [49] have shown plain neural networks can deliver
comparable denoising performance to BM3D. However, as the layer of neural net-
works gets larger, the training of such a deep convolutional neural network faces the
notorious problem called vanishing moment [50]. One of the key new insights intro-
duced to the field of deep learning in recent years is the concept of residue learning
[51]—instead of learning a mapping from the space of noisy images to that of clean
images directly, it is better to learn a mapping from the space of noisy images to the
residue (the difference between the target and degraded image). Although the frame-
work of deep residue learning was originally introduced for image classification, its
potential in low-level vision tasks such as image super-resolution and denoising has
been quickly explored since 2016. In the past few years, many learning-based image
super-resolution methods [52-54] have been proposed, where mapping functions
from the low-resolution (LR) patches to high-resolution (HR) patches are learned.
Inspired by the great successes of the deep convolution neural network (DCNN) for
image classification [51, 55], DCNN models have also been successfully applied
to image restoration tasks—e.g., SRCNN [54], FSRCNN [56] and VDSR [57] for
image super-resolution, and TNRD [12] and DnCNN [11] for image denoising.
The other important novel insight brought to the field of deep learning is to allow
multiple networks to interact with each other in order to optimize the system per-
formance in an end-to-end manner. Examples of such network interaction involves
DeepMind’s AlphaGo Zero [58] in which a Monte Carlo Tree Search (MCTS) net-
work improves by playing against itself; generative adversarial network (GAN) [59]
in which a generator and a discriminator works together by playing a minimax game;
Facebook’s SharpMask algorithm [60] in which the feedforward network gets aug-
mented by for a novel top-down refinement for object segmentation purpose. Inspired
by those recent advances, we propose a novel architecture of the denoising network
as illustrated in Fig. 2.10. Similar to the U-net [61] and the SharpMask net [60],
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Fig. 2.10 The architecture of the plugged DCNN-based denoiser

the proposed network contains two parts: the feature encoding and the decoding
parts. In the feature encoding part, there are a series of convolutional layers followed
by pooling layers to reduce the spatial resolution of the feature maps. The pooling
layer helps increase the receipt field of the neurons. In the feature encoding stage,
all the convolutional layers are grouped into L feature extraction blocks (L = 4 in
our implementation), as shown by the blue blocks in Fig. 2.10b. Each block contains
four convolutional layers with ReLU nonlinearity and 3 x 3 kernels. The first three
layers generate 64-channel feature maps, while the last layer doubles the number of
channels followed by a pooling layer to reduce the spatial resolution of the feature
maps with scaling factor 0.5. In the pooling layers, the feature maps are first convo-
luted with 2 x 2 kernels, and then subsampled by a scaling factor of 2 along both
dimensions.

The feature decoding part also contains a series of convolutional layers, which
are also grouped into four blocks followed by an upsampling layer to increase the
spatial resolution of the feature maps. As the finally extracted feature maps lose a
lot of spatial information, directly reconstructing images from the finally extracted
features cannot recover fine image details. To address this issue, the feature maps of
the same spatial resolution generated in the encoding stage are fused with the upsam-
pled feature maps generated in the decoding stage, for obtaining newly upsampled
feature maps. Each reconstruction block also consists of four convolutional layers
with ReLU nonlinearity and 3 x 3 kernels. In each reconstruction block, the first
three layers produce 128-channels feature maps and the fourth layer generate 512-
channels feature maps, whose spatial resolutions are upsampled with a scaling factor
of 2 by a deconvolution layer. The upsampled feature maps are then fused with the
feature maps of the same spatial resolution from the encoding part. Specifically, the
fusion is conducted by concatenating the feature maps. The last feature decoding
block reconstructed the output image. A skip connection from the input image to
the reconstructed image is added to enforce the denoising network to predict the
residuals, which has be verified to be more robust [11].

Note that the DCNN denoisers do not have to be pretrained. Instead, the overall
deep network shown in Fig. 2.10a is trained by end-to-end training. To reduce the
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number of parameters and thus avoid over-fitting, we enforce each DCNN denoiser
to share the same parameters. Mean square error (MSE) based loss function is adopt
to train the proposed deep network, which can be expressed as

N
© = argmin ) _ || F(yi; ©) — xi13, (2.34)
(S]

i=1

where y; and x; denote the i-th pair of degraded and original image patches, respec-
tively, and F(y;; ®) denotes the reconstructed image patch by the network with
parameter set @. It is also possible to train the network with other the perceptual
based loss functions, which may lead to better visual quality. We remain this as future
work. The ADAM optimizer [62] is used to train the network with setting g; = 0.9,
B> = 0.999 and € = 1078, The learning rate is initialize as 10~* and halved at every
2 x 10° minibatch updates. The proposed network is implemented with framework
and trained using 4 Nvidia Titan X GPUs and takes about one day to converge.

Experimental Results

For image denoising, A = I and Algorithm 1 reduce to the iterative denoising pro-
cess, i.e., the weighted noise image is added back to the denoised image for the
next denoising process. Such iterative denoising has shown improvements over con-
ventional denoising methods that only denoise once [29]. Here, we also found that
implementing multiple denoising iterations in the proposed network improves the
denoising results. To train the network, we extracted image patches of size 40 x 40
from the training images and added additive Gaussian noise to the extracted patches
to generate the noisy patches. Totally, N = 450,000 patches were extracted for train-
ing. Note that none of the test images was included into the training image set. The
training patches were also augmented by flip and rotations. We compared the pro-
posed network with several leading denoising methods, including three model-based
denoising methods, i.e., BM3D method [5], the EPLL method [48], and the low-rank
based method WNNM method [8], and two deep learning-based methods, i.e., the
TNRD method [12] and the DnCNN-S method [11].

Table 2.2 shows the PSNR results of the competing methods on a set of commonly
used test images shown in Fig. 2.11. It can be seen that both the DnCNN-S and the
proposed network outperform other methods. For most of the test images and noise
levels, the proposed network outperforms the DnCNN-S method, which is the current
state-of-the-art denoising method. On average, the PSNR gain over DnCNN-S can
be up to 0.32 dB. To further verify the effectiveness of the proposed method, we also
employ the Berkeley segmentation dataset (BSD68) that contains 68 natural images

#0510 IR = Q4 == B

(a) 01 (b) 02 (c) 03 (d) 04 (e) 05 (f) 06 (g) 07 (h) 08 (i) 09 G) 10 (k) 11 12

o

Fig. 2.11 The test images used for image denoising
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y

(a) Original (b) BM3D (c) WNNM

(d) TNRD (¢) DnCNN-S (f) Ours

Fig. 2.12 Denoising results for House image with noise level 50. The PSNR results: b BM3D [5]
(29.69 dB); ¢ WNNM [8] (30.33 dB); d TNRD [12] (29.48 dB); e DnCNN-S [11] (30.02 dB); f
Ours (31.04 dB)

for comparison study. Table 2.3 shows the average PSNR and SSIM results of the
test methods on BSD68. One can seen that the PSNR gains over the other test meth-
ods become even larger for higher noise levels. The proposed method outperforms
the DnCNN-S method by up to 0.78 dB on average on the BSD68, demonstrating
the effectiveness of the proposed method. Parts of the denoised images by the test
methods are shown in Figs. 2.12 and 2.13. One can see that the image edges and
textures recovered by model-based methods, i.e., BM3D, WNNM and EPLL are
over-smoothed. The deep learning-based methods, TNRD, DnCNN-S, and the pro-
posed method produce much more visually pleasant image structures. Moreover, the
proposed method generates even better results in recovering more details than TNRD
and DnCNN-S.

2.5 Conclusions

In this chapter, we have reviewed advances in the field of image denoising in the
past decades—from model-based including sparse coding and simultaneous sparse
coding to learning-based including the most recently developed deep neural net-
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Table 2.3 The PSNR (dB) results of the competing methods on BSD68 image set.

Dataset | o BM3D EPLL TNRD DnCNN-S Ours
PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
BSD68 | 15 31.08 |0.872 |31.19 |0.883 |31.42 |0.883 |31.74 | 0.891 | 32.29 |0.888
25 28.57 10.802 |28.68 | 0.812 |28.91 |0.816 |29.23 |0.828 |29.88 |0.827
30 25.62 | 0.687 |25.68 |0.688 |25.96 |0.702 |26.24 |0.719 |27.02 | 0.726

(c) WNNM

(d) TNRD (e) DnCNN-S (f) Ours

Fig. 2.13 Denoising results for Lena image with noise level 50. The PSNR results: b BM3D [5]
(29.05 dB); ¢ WNNM [8] (29.25 dB); d TNRD [12] (28.93 dB); e DnCNN-S [11] (29.37 dB); f
Ours (29.85 dB)

works. During our critical review, we have paid special attention to the new insights
that have reshaped our thinking toward the image denoising problem (e.g., from
local to nonlocal sparsity, from plain neural networks to deep residue learning). In
particular, we have reported state-of-the-art experimental results for learning-based
image denoising in two scenarios: one is to learn a sparse parametric model for heavy
noise removal and the other is to learn a denoising prior in deep convolutional neural
network.

One of the latest advances in the field of deep learning is the development of gen-
erative adversarial networks (GAN) [59]. The basic idea behind GAN is to introduce
a discriminator to interact with the generator (e.g., denoising can be viewed as gen-



60

X. Lietal.

erating a clean image from a noisy observation). When discriminator and generator
are jointly trained by a two-player minimax game, GAN makes a step toward unsu-
pervised learning and has demonstrated impressive performance in several applica-
tions such as photo-realistic super-resolution [63], low-dose computer-tomography
denoising [64], and image-to-image translation [65]. Exploring the potential of GAN
for perceptual optimization of image denoising algorithms seems a natural next step
along this line of research.
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Chapter 3 ®)
Image Denoising—OIld and New e

Michael Moeller and Daniel Cremers

Abstract Image Denoising is among the most fundamental problems in image
processing, not only for the sake of improving the image quality, but also as the
first proof-of-concept for the development of virtually any new regularization term
for inverse problems in imaging. While variational methods have represented the
state of the art for several decades, they are recently being challenged by (deep)
learning-based approaches. In this chapter, we review some of the most successful
variational approaches for image reconstruction and discuss their structural advan-
tages and disadvantages in comparison to learning-based approaches. Furthermore,
we present a framework to incorporate deep learning approaches in inverse prob-
lem formulations, so as to leverage the descriptive power of deep learning with the
flexibility of inverse problems’ solvers. Different algorithmic schemes are derived
from replacing the regularizing subproblem of common optimization algorithms by
neural networks trained on image denoising. We conclude from several experiments
that such techniques are very promising but further studies are needed to understand
to what extent and in which settings the power of the data-driven network transfers
to a better overall performance.

3.1 Introduction

Fired by the continuously growing popularity of social media and communication
applications, the number of digital photos that is taken everyday is rapidly increasing.
While the hardware and with it the quality of the photographs is improving constantly,

M. Moeller ()
University of Siegen, Siegen, Germany
e-mail: michael.moeller @uni-siegen.de

D. Cremers
Technical University of Munich, Munich, Germany
e-mail: daniel.cremers @in.tum.de

© Springer International Publishing AG, part of Springer Nature 2018 63
M. Bertalmio (ed.), Denoising of Photographic Images and Video,

Advances in Computer Vision and Pattern Recognition,
https://doi.org/10.1007/978-3-319-96029-6_3


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-96029-6_3&domain=pdf

64 M. Moeller and D. Cremers

the demand for small imaging devices such as smartphones makes it challenging to
acquire high-quality images in low- light conditions. Thus, there is an urgent need to
digitally remove the noise from such images while keeping the main characteristics
of a realistic photograph.

Among the most powerful and well-studied methods for image denoising are
energy minimization methods. One defines an energy or cost function E that depends
on the noisy image f, and maps from a suitable space of candidate images to the
real numbers in such a way, that a low number corresponds to an image with desir-
able properties, i.e., to a realistic and (ideally) noise-free image. Subsequently, one
determines a denoised image # as the argument that minimizes E, i.e.,

i € argmin E(u). (3.D

In Sect. 3.2, we will provide a more systematic derivation of such variational
approaches from the perspective of Bayesian inference. In Sect. 3.3, we will then
summarize some of the most influential variational denoising methods, along with
their underlying assumptions, advantages, and drawbacks.

An entirely different line of research that has become hugely popular and that
has shown impressive performance over the past 5 years are data-driven learning-
based methods: Whenever a sufficient amount of training data pairs of noisy and
noise-free images (f', u’) are available or can be simulated faithfully, one designs
a parameterized function G(f; 6) and learns the parameters 6 that lead to the best
coincidence of G(f'; 8) with 1’ with respect to some predefined loss .. To prevent
overfitting, one often defines a regularization R on the weights 6 and solves the energy
minimization problem

6 ~ arg min Zz(c(f"; 6), u') +a R(9). (3.2)

Once the above (generally nonconvex) problem has been solved approximately
(either by finding a critical point or by stopping early as an additional “regulariza-
tion”), the inference simply passes new incoming noisy images f through the network,
i.e., computes G(f; 6). We summarize some influential learning-based approaches
to image denoising in Sect. 3.4.

Learning-based strategies are a strong trend in the current literature and they have
also been shown to compare favorably in several denoising works. Nevertheless, we
are convinced that learning-based strategies alone are not addressing the problem
of image denoisinglmsgr denoising exhaustively: First, recent studies question the
generalizability of learning-based approaches to realistic types of noise [52]. More
importantly, networks can be difficult to train. Solving (3.2) for a highly nested
function G (often consisting of more than 20 layers) requires huge amounts of training
data, sophisticated engineering, and good initializations of the parameters 6 as well
as a considerable amount of manual fine-tuning. Since the network architecture and
weights may remain fixed during inference, it typically only works in the specific
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setting that it has been trained for. Finally, networks do not provide much control
and guarantees about the output of the network. Although the training often leads
to good results during inference, test images with characteristics different from the
training data can easily lead to unpredictable behavior.

In Sect. 3.5, we will analyze these drawbacks in more detail. Moreover, we will
analyze whether there is some potential in fusing concepts from energy minimization
approaches with concepts from data-driven methods so as to combine the best of
both worlds. To this end, we will present a framework for combining learning-
based approaches with variational methods. Indeed, preliminary numerical results
indicate that the latter holds great promise in addressing some of the aforementioned
challenges.

3.2 Denoising as Statistical Inference and MAP Estimation

A frequent motivation for energy-based denoising methods of the form (3.1) are
maximum a-posteriori probability (MAP) estimates: One aims at maximizing the
conditional probability p(ul|f) of u being the true noise-free image, if one observed
the noisy version f. According to the Bayesian formula, the posterior probability
density can be written as
PP

p()

Instead of looking for the argument u that maximizes the above expression, by con-
vention one equivalently minimizes its negative logarithm to obtain

pulf) =

i € arg rnuln —log(p(f|u)) — log(p(u)). 3.3)

The first term contains the probability of observing f given a true noise-free image
u, and is referred to as the data fidelity term. For example, under the assumption of
independent zero-mean Gaussian noise with standard deviation o a spatially discrete
formulation gives rise to

AV
p(flu) = Hpixeli - (Wi —J2) ) ,

1
v2nozexp< 202

leading to the most commonly used ¢2-squared term for measuring data fidelity.'
Many works have investigated the data fidelity terms arising from different distribu-
tions of the noise, see [2] for an example considering Poisson noise.

The quest for the right type of data fidelity term for denoising real photographs is,
however, quite difficult and camera dependent: The raw sensor data undergoes several
processing steps, such as white balancing, demosaicking, color correction/color space

IFor a more detailed spatially continuous formulation, we refer to [22].
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transformation, tone mapping, and possibly even compression. Depending on where
in this processing chain the denoising is applied, different noise distributions have to
be expected. In particular, color space transformations couple the noise over the color
channels and demosaicking introduces a spatial correlation [51, 60]. The raw sensor
data itself seems to follow a Poisson distribution and (for a reasonably high photon
count) is well approximated by a Gaussian distribution with intensity dependent
standard deviation—see e.g., [60].

3.3 Variational Image Denoising Methods

As suggested by the MAP estimate (3.3), typical energy minimization-based tech-
niques can be written as

Ew) = Hr(u) + R(u). 34
Here, the data fidelity term Hy = —log(p(f|u)) measures how well the current esti-
mate u fits to its noisy version f, while the regularization R = —log(p(u)) imposes

consistency with the prior and typically penalizes oscillatory behavior of the noise.
While the data fidelity term H; can be motivated from the expected distribution of
the noise in the data and can often be precalibrated by studying the sensor noise
characteristics, the quest for a reasonable prior probability distribution p of natural
images is significantly more challenging. In fact, the modeling of prior probabilities
can be expected to benefit tremendously from suitable learning-based approaches
such as deep neural networks—see Sect. 3.5.

3.3.1 Total Variation (TV)-Based Image Regularization

Even apart from the interpretation of MAP estimates, researchers have studied the
properties of penalty functions R and their respective influence on the properties of the
solution—often in a setting of ill-posed inverse problems in function spaces. Starting
with penalties based on Tikhonov regularization, the advantageous properties of non-
quadratic regularizations and nonlinear filtering techniques in imaging have been
studied from the 1980s on, see the references in [57] for some examples. The total
variation (TV) regularization [56, 61] arguably is the most influential work in the
field. For images u : £2 C R? — R, it is defined as [30]

lulry = sup / div(g) (x) u(x) dx. 3.5)
2

qeCq,lq)|<1
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It has had an immense success in image denoising, because the functional is
convex (enabling the efficient computation of optimal solutions), and because it
applies to discontinuous functions u (enabling the preservation of sharp edges). For
continuously differentiable functions u, the total variation reduces to the integral over
[Vu(x)|.

In parallel to the development of TV-based regularization methods, a tremendous
amount of research has been conducted on image smoothing using (nonlinear) par-
tial differential equations (PDEs) many of which arise as gradient flows of suitable
regularization energies. For the sake of brevity, we will, however, not discuss these
methods here.

3.3.2 Generalizations: Vectorial TV, Total Generalized
Variation

A particularly interesting question for TV-based methods are suitable extensions to
color images
u:2 cR*— R

with d color channels. Note that (assuming u to be differentiable) the Jacobian Ju is a
2 x d matrix at each point x, which raises the question in which norm Ju(x) should be
penalized for a suitable extension of the TV to color images. For non-differentiable
functions u the analogue question is the quest for the most natural norm used to bound
q(x) in (3.5). Studies along these directions include the seminal work of Saprio and
Ringach in [58], Blomgren and Chan [7], and a systematic study of different penalties
of the Jacobian, e.g., [27]. Instead of using a penalty that strongly couples the color
channels, some other lines of research consider

/ IVC @) )]l dx
2

for a suitable norm || - || and a linear operator C that changes the color space, e.g.,
[21], and possibly maps from three to more than three color-related channels, e.g.,
[3]. All studies agree that the alignment of edges of the RGB channels is of utmost
importance to avoid visually disturbing color artifacts.

The success of total variation as a convex regularizer, which can preserve the
discontinuities that induced a quest for suitable higher order variants of the TV. To
avoid the staircasing effect inherent to TV-based models, a second-order derivative
of the input image has to be considered in such a way, that the ability to reconstruct
sharp edges is not lost. Higher order TV models include the infimal-convolution
regulariation [12] as well as the total generalized variation (TGV) [8]. The latter
generalizes the total variation in (3.5) as follows:

=o,,L=9,...,

TGV (u) = sup {/udivkq dx (v e k@, sym* ®?)), [|divigllco < . 1=0 k—l} ,
2
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where Sym* (R?) denotes the space of symmetric tensors of order k with arguments
in RY. Clearly through integration by parts, the higher powers of the divergence
operator correspond to higher order derivatives of the function u being penalized.
Whereas the kernel of total variation merely contains the constant functions, the
kernel of total generalized variation contains more interesting functions. Second-
order TGV, for example, contains the set of affine functions. Combined with the
applicability to non-differentiable and discontinuous functions, this makes it well
suited for denoising piecewise affine signals.

Similar to the extension of the total variation to color images, extensions of the
total generalized variation to color images have been investigated, e.g., in [47]. Note
that in its discrete form, the second-order TGV of a color image u € Raxmyxd can
be written as

TGV = inf Dy () — wll. + [1D2(w) ]+,

where D; and D, are linear operators approximating suitable derivatives such that
Di(u) € R®>*mxd>2 and D, (w) € R™**4x2x2 Thys, the TGV offers even more
freedom in choosing different types of (tensor-based) norms | - ||, and || - ||+ for
different extensions to color images.

3.3.3 Nonconvex Regularizers

Given the success of total variation type regularizers in preserving sharp disconti-
nuities, one may wonder if respective nonconvex generalizations may be even more
suitable in preserving or even enhancing discontinuities.

More specifically, for a one-dimensional function which transitions monotonously
between two values a < b, its total variation is exactly b — a, independent of how
sharp this transition is. Discontinuities are hence associated with a finite penalty
corresponding to the size of the step. An often undesired side effect of this property
is the tendency of total variation to induce contrast loss.

In order to reduce this contrast loss, iterative techniques such as the Bregman
iteration [50] can be considered. Similar ideas have also been investigated in [5], in
which it was shown that an image’s curvature is easier to reconstruct than the image
itself, thus suggesting to use a two-step reconstruction procedure.

A different class of approaches, which can not only preserve but also possibly
even enhance discontinuities, penalize the gradient in a sublinear and, therefore,
nonconvex manner. In the literature, there exist numerous variants of this idea. Some
of the most popular choices can be summarized in a regularization of the form

R(u) =f91/f(|Vu(X)|)dx, (3.6)
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Fig. 3.1 Unified representation of various regularizers in the form (3.6) including the convex total
variation (left) and the nonconvex truncated quadratic and (as its limiting case) the Potts model. The
latter two regularizers essentially correspond to the weak membrane [6] or Mumford—Shah model
[48]

Noisy image TV denoised Mumford-Shah denoised

Fig. 3.2 While total variation regularization (center) induces a contrast loss, truncated regularizers
like the Mumford—Shah model (right) better preserve discontinuities and contrast. The right image
was computed using a convex relaxation of the vectorial Mumford—Shah model proposed in [64]

where typical choices of v include the linear one (absolute norm, i.e., total varia-
tion), the truncated linear, the truncated quadratic, and (as the limiting case of the
previous two) the Potts model (which penalizes any nonzero gradient with a constant
value). See Fig. 3.1 for a visualization. The truncated quadratic regularizer essen-
tially corresponds to the Mumford—Shah model [48]. Such truncated regularizers are
likely to preserve contrast because discontinuities are penalized with a constant cost
v independent of their size. This is indeed confirmed in the example in Fig. 3.2.

The Mumford—-Shah model has been studied intensively in the applied math-
ematics literature, because it is an interesting hybrid between a denoising and a
segmentation approach. It is defined as follows:

E(u) = f (f (x) — u(x))zdx + ,\/ [Vul|*dx + v (S,). (3.7)
2 2

\Su

The aim is to approximate the input image f : 2 C R*> — R in terms of a piece-
wise smooth function u : £ — R. The functional contains a data fidelity term and
two regularity terms imposing smoothness of u in areas separated by the disconti-
nuity set S, and regularity of S, in terms of its one-dimensional Hausdorff measure
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1(S,). Related approaches were proposed in a spatially discrete setting by Geman
and Geman [28] and by Blake and Zisserman [6]. The two regularizers in (3.7) clearly
correspond to the truncated quadratic penalty above in the sense that energetically
image locations, where A|Vu|?> > v will be associated with the discontinuity set S,
and hence, are assigned a cost v.

Sublinear penalties of the gradient norm are also more consistent with the statis-
tics of natural images. Based on the observation that the regularizer is nothing but
the negative logarithm of the prior—see Sect. 3.2—one can study the statistics of
gradient filter responses on natural images [35]. These statistics show heavy-tailed
distributions, which correspond to sublinear regularizers. An alternative representa-
tion of sublinear regularizers are the so-called TV-q models defined as

TV, (u) == fg IVu(x)|? dx, (3.8)

where for g < 1 the gradient is penalized sublinearly.

A challenging problem for the actual implementation of the aforementioned non-
convex variants of the total variation regularization is their optimization, in which one
can only hope to determine local minimizers. While provably convergent methods
typically have to rely on smoothing the non-differentiable, nonconvex part, sev-
eral works have shown very promising behavior of splitting techniques such as the
alternating directions method of multipliers (ADMM), e.g., [16, 17, 73], or primal
versions of primal-dual algorithms, e.g., [46, 65, 66]. We refer the interested reader to
[70] to arecent summary on the convergence of the ADMM algorithm in a nonconvex
setting.

3.3.4 Non-local Regularization

The most notable improvement—particularly for the problem of image denoising—
was the development of non-local smoothing methods, starting with the non-local
means (NLM) algorithm [4, 10]: Based on the idea that natural images are often self-
similar, one denoises images by first computing the similarity of pixels in a robust
way, e.g. by comparing image patches, and subsequently determines the value of
each denoised pixel by a weighted average based on pixel similarities. By con-
sidering the first step, i.e., the estimation of pixel similarities, as the formation of
an image-dependent graph, regularization methods based on (different variants of)
graph Laplacians were developed, see e.g., [39] for details. The extension of non-
local methods to TV regularization was proposed in [29].

One of the most popular and powerful denoising algorithms is the block matching
3D (BM3D) algorithm [23], which is based on very similar assumptions as the above
self-similarity methods, but sacrifices the interpretability in terms of a regularization
function for a more sophisticated filtering strategy of patches that are considered
to be similar. In particular, it estimates a first denoised version of an image to then
recompute the similarity between pixels/patches, and denoises again. An interpreta-
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tion in terms of a frame-based regularization in a variational framework was given
later in [25]. Further prominent extensions and improvements are based on learning
the likelihood of natural image patches [76], and exploiting the low-rank structure
of similar image patches using weighted nuclear norm minimization [31].

While the above methods are based on the assumption that every patch in an
image has multiple similarly looking variants, the idea of sparse representations and
dictionary learning relaxes this constraint. It merely demands that each patch can be
represented as a linear combination of a few suitable patches from an overcomplete
dictionary. The latter can not only be learned from a representative dataset, but also
even on the image to be reconstructed itself, with the K-SVD algorithm [1] being
one of the most popular and powerful numerical methods for tackling the underly-
ing nonconvex energy minimization problem. Hybrid self-similarity and dictionary
learning techniques have been developed in [43], and a focus on dictionary learning
for color image reconstruction has been set in [44].

3.3.5 A Discussion Within Classical Denoising Methods

Before we discuss the extension of the partially data-driven model of dictionary
learning to the mostly data-driven methods, let us compare the denoising methods
we have recalled so far.

TV-type regularization methods are based on rather weak regularity assumptions
and can, therefore, be applied to a wide range of different applications and types of
images. Second- order extensions such as TGV often improve upon TV, while still
depending on (weak) regularity assumptions only. The price for such improvements is
an additional hyperparameter as well as a more complex minimization problem. Non-
local methods such as NLM and BM3D rely on the reconstructed images to be self-
similar. While they often improve the results of local methods significantly, a faithful
estimate of pixel/patch similarity is required. In settings of inverse problems where
such an estimate is difficult to obtain, or in cases of strong noise in which similarity
estimates become unreliable, such methods come at the risk of hallucinating self-
similar structures as illustrated in Fig. 3.3—also see [9, Fig. 6].

(a) True image (b) Noisy image (c) NLM denoising (d) TV denoising

Fig. 3.3 Illustrating a failure of the self-similarity-based NLM algorithm in a case, where a faithful
estimate of pixel correspondences is impossible: the NLM- denoised image (c) contains strong
artificial structures. While TV denoising is also unable to reconstruct the grass, it erases all high
frequencies instead of hallucinating structures
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Nonconvex variants of the above, e.g., TV? or TGV? models, can improve the
results of their convex relatives—particularly in the presence of strong edges—but
do come with the usual drawbacks of nonconvex optimization: No algorithm can
guarantee not to get stuck in a bad local minimum. Similiarly, dictionary learning
approaches such as the K-SVD algorithm are based on nonconvex optimization
problems and exploit a particular structure of the data, i.e., the ability to represent
each patch as a sparse linear combination of a few (learned) dictionary atoms.

In general, the regularizing quality of the above approaches greatly improves
with the strength of the assumptions that are made. This leads to self-similarity
and dictionary-based techniques clearly being the more powerful choice in usual
practical settings of small or moderate noise and natural images. Strong assumptions
can, however, influence the result in a very undesirable way if they do not hold, as
we have illustrated in Fig. 3.3. This makes the simpler (local) models possibly more
attractive in applications where a structurally systematic error in the reconstruction
can have dramatic consequences, e.g., in the field of medical imaging.

3.4 Learning-Based Denoising Methods

In recent years researchers have had great success in replacing the implicit char-
acterization of solutions as arguments that minimize a suitable energy function by
explicit functions that directly map the input data to the desired solution. In the case
of image denoising, such functions typically take the form

G - RPmxc o Rk —s Rxmxc
(f.0) — G(f,0) (3.9)

where f € R™"*¢ is the noisy input image, G(f, 0) is the denoising result and
6 € R¥ are weights that parametrize the function G. The latter are determined during
training, which is the approximate solution of problem (3.2) for a suitable loss
function .Z, e.g., the £>-squared loss, when optimizing for high peak signal-to-noise
ratios (PSNRs). The pairs (f', u') of noisy and clean images used during training
have to be representative for the setting the network is used in during inference, i.e.,
the types of images and the type of noise used for the training should originate from
the same distribution as the test images.
The typical architecture of a network G is a nested function

G(f,0) = gL(gr—1(...g(gi1(f, 0", 0% ...,0% 1), 0", (3.10)

where each function g; is referred to as a layer. The most common layers in basic
architectures are parameterized affine transfer functions followed by a nonlinearity
called activation function.

The specific architecture of G and its individual layers has evolved over the
past years. The first networks to challenge the previous dominance of BM3D and
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K-SVD-type algorithms were fully connected using tangens hyperbolici as activation
functions [11], e.g.,

gi(x,0") = tanh(0'[x; 1]), Vie{l,...,L—1)},
gr(x, 0% = 0"[x; 1].

Small vectorized image patches of a noisy image are fed into the network. In each
layer, a 1 is attached to the input vector to allow for an offset, typically called
bias. A crucial aspect of these powerful learning-based denoising approaches was a
comparably large number of layers, relating to the overall trend of developing deep
neural networks.

The work [72] proposed a sparse autoencoder architecture, also using fully con-
nected layers and sigmoid activation functions. While [11] and [72] performed on
par with BM3D and K-SVD on removing Gaussian noise, respectively, architectures
based on convolutions, e.g., [37], or more recently convolutions with rectified linear
units as activations, i.e.,

gi(x,0") =max(6] *x+6},0), Vie{l,...,L—1)},

have shown promising results, e.g., in [42, 74]. Moreover, [74] proposed the idea of
deep residual learning to the field of image denoising, i.e., the strategy of learning
to output the estimated noise instead of the noise-free image itself.

Recent learning techniques such as [20, 41, 69] furthermore exploit the idea to
filter image patches in (non-local) groups to mimic and improve upon the behavior
of their designed relatives such as BM3D.

Besides a focus on more realistic types of noise (as pointed outin [52]), a promising
direction for future denoising networks is to move from the (PSNR-optimizing) £2-
squared loss function to perceptual [38], or GAN-based [40] loss functions that are
able to reflect the subjective quality perception of the human visual system much
more accurately.

Beyond the specific architecture and training of networks, further improvements
can be made by tailoring denoising networks to specific classes of images determined
by a prior classification network, see [53].

A drawback of most learning-based approaches is that they are trained on a spe-
cific type of data, as well as a specific type and strength of noise. Thus, whenever one
of these quantities changes, an expensive retraining is required. Although promising
approaches for a more generic use of neural networks for varying strengths of Gaus-
sian noise exist, see, e.g., [71, 74], retaining a high-quality solution over varying
types of noise remains challenging.

In the next section, we will discuss hybrid learning and energy minimization-
based approaches which represent a promising class of methods to not only adapt
to different types of noise but also even to different types of restoration problems
easily.
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3.5 Combining Learning and Variational Methods

3.5.1 Lacking Flexibility

Deep neural networks have proven to be extraordinarily effective for a wide range of
high- and low-level computer vision problems. Their effectiveness does, however,
come at the costs of a complicated and expensive training procedure in which aspects
such as different training algorithms, hyperparameters, initializations (e.g., [32]),
dropout [63], dropconnect [68], batch-normalization [36], or the introduction of
shortcuts such as in ResNet [33], have to be considered to achieve good results.
Moreover, networks often do not generalize well beyond the specific type of data
they have been trained on. In the case of image denoising, for example, the authors
of [52] showed that the classical BM3D algorithm yields better denoising results on
real photograph than state-of-the-art deep learning techniques that were all trained
on Gaussian noise.

While one might argue that the dominance of learning-based approaches can be
reestablished by training on more realistic datasets, several drawbacks remain:

1. Neural networks often do not generalize well beyond the specific setting they
have been trained on. While approaches for training on a variety of different
noise levels exist (e.g., in [71, 74]), networks typically cannot address arbitrary
image restoration problem of reconstructing an image u from noisy data f ~ Ku
for a linear operator K, if the operator K was not already known during training
time. Typically, every time the type of noise, the strength of noise, or the linear
operator K changes, neural networks require additional training.

2. The separability of the data formation process from the regularization, and hence
the negative log- likelihood of the distribution of “natural images”, is lost in usual
deep learning strategies despite the fact that learning-from-data seems to be the
only way to realistically give a meaning to the term “natural images” in the first
place.

3. Even though a network might be trained on returning u’ for a given measurement
f' = Ku' + n' for noise n’ drawn from a suitable distribution, there is no guarantee
for the networks output G (f, 6) to follow the data formation K G ', 6) ~ f during
inference, i.e., there is no guarantee for the output to be a reasonable explanation
of the data.

On the other hand, one can constitute that

1. Variational methods have a plug-and-play nature in which one merely needs to
adapt the data fidelity term Hy as the strength or type of noise or the linear operator
K changes.

2. They clearly separate the data fidelity term from the regularization with each of
the two being exchangeable.

3. The proximity to a given forward model can easily be guaranteed in variational
methods by using suitable indicator functions for Hy.
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4. Despite the above advantages, the expressive power of regularizations terms to
measure how “natural” or “realistic” a given image is, is very limited. In particular,
local (e.g., total variation based) or non-local smoothness properties do not capture
the full complexity of textures and structures present in natural images. In fact,
exploiting large databases seems to be the most promising way for even defining
what “natural images” are.

The complementary advantages of both methods indicate that strategies for com-
bining variational- and learning-based techniques constitute an attractive field of
research. But how can we systematically derive methods which combine the best of
both worlds?

Considering the derivation of energy minimization methods from MAP estimates
in Sect. 3.2, it seems natural to estimate p(«) in (3.3) from training images. This,
however, means estimating a probability distribution of natural images in a number-
of-pixel dimensional space, which seems to be extremely ambitious even for mod-
erately sized images. In fact, the knowledge of such a distribution would allow to
sample natural images—a task researchers currently try to tackle with generative
adversarial networks (GANs), but still face many difficulties, e.g., for generating
high-resolution images. We refer the reader to [26, 49] for recent approaches that
tackle inverse problems by estimating the distribution of natural images.

3.5.2 Learning the Regularizer

Researchers have already considered the general idea to learn the probabilty dis-
tribution of natural images more than a decade ago by settling for the probability
distribution of separate patches, assuming a particular form of the underlying prob-
ability distribution, see the field of experts model by Roth and Black [55] for an
example. While the latter actually tries to approximate the probability distribution
of training data by combining a gradient ascent on the log-likelihood with a Monte
Carlo simulation, the work [18] by Chen et al. proposes a different strategy: They
show that an analysis-based sparsity regularization of the form

R(u,A) = Z Z D(A; * up) (3.11)

patches u, filters A;

is equivalent to the negative log-likelihood in the field of experts model. In the
above, @ denotes a robust penalty function such as log(1 + z?) and A; u, are the
convolution of a filter A; with the image patch u,. For finding suitable filters A the
authors, however, propose a bilevel optimization framework, which—in the case of
image denoising—takes the form
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. j _ 2
min > WA -#i3), (3.12)
training examples (&# ,f7)

subject to 2/ (A) € argmin A |lu — /|3 + R(u, A),

for pairs (¥, f/) of noise-free and noisy training images ¥’ and f/, respectively.

Although the problem (3.12) is difficult to solve, the results in [18] are promising,
the approach retains the interpretation of an energy minimization method, and the
regularization can potentially generalize to arbitrary image restoration problems. Its
limitation is, however, given by the manual choice and specific parametrization of R
in (3.11).

3.5.3 Developing Network Architectures from Optimization
Methods

For the sake of more freedom, the authors of [19] considered the minimization of
energies like (3.4) for a parameterized regularization R with learnable weights. By
using a gradient descent iteration, a discretization of a reaction—diffusion type of
equation is obtained in which the authors, however, allow the parameterized regu-
larization to change at each iteration of their scheme. Note that although this does
not allow the interpretation as an energy minimization method anymore, it led to
improved denoising performances.
Similarly, in [59] Schmidt and Roth construct a method based on minimizing

1
SIKe—=fI3+ 30 > pilAixw),

filters A; patches u,

where p; are suitable penalty functions to be learned. By considering a half-quadratic
splitting that minimizes

1
E2)=sIKu—fl+ 20 pi<zi,1)>+g(zi,p—Af*up)Z, (3.13)

filters A; patches u,

for u and z in an alternating fashion, the update for u becomes a simple linear equation.
The update for z reduces to what the authors call shrinkage function in [59], and which
is called proximal operators in the optimization community. The proximal operator
of a (typically proper, closed, convex) function R : R" — R U {oo} is defined as

1
proxg(h) = arg min z||v —h> + RO). (3.14)
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In the case of minimizing for z in (3.13), all p; are functions from R to R, and so are
prox,, . At this point, the idea of Schmidt and Roth is twofold:

1. They propose to parameterize and learn the proximal operators prox,, instead
of the functions p;, and even intentionally drop the constraint that the learned
operators r; must correspond to proximal operators. In fact, it is shown in [59]
that the final r; provably cannot be proximal operators anymore.

2. They allow the learned operators r; to change in each iteration of the half-

quadratic minimization.

By changing the operator in each step, the resulting algorithmic scheme does not
resemble the structure of a minimization algorithm anymore. By omitting the mono-
tonicity contraint which is necessary to even be able to identify an operator as the
proximal operator of a function, not even a single iteration of the respective scheme
can be interpreted as an energy minimization step. Nevertheless, as the training
basically ‘roles out’ the algorithm for a fixed number of iterations, the paper nat-
urally resembles a (deep) neural network, whose architecture is motivated by the
half-quadratic minimization method.

The methods from [19, 59] yield a nice motivation for the (otherwise somewhat
handcrafted) architecture of a neural network, and both allow the extension from
image denoising to more general linear inverse problems. Because both works, [59]
and [19], do, however, have changing operators in each iterations and ‘roll out’ the
iterations during training, they cannot be interpreted as an iteration yielding a (hope-
fully convergent) sequence of iterates as usual minimization algorithms. Moreover,
the end-to-end training of the resulting algorithmic schemes still tailors the parame-
ters to the specific setting (i.e., the specific operator K, type, and strength of noise)
they have been trained on.

3.5.4 Algorithmic Schemes Based on Learned Proximal
Operators

To avoid the aforementioned drawbacks recent research [15, 45, 54, 75] has con-
sidered fully decoupling the data formation process from learning a function that
introduces the required regularity. All these approaches develop algorithmic schemes
based on classical optimization methods and replace the proximal operator of the
regularization by a neural network. The general idea originates from previous pub-
lications [24, 34, 67, 76] in which general algorithmic schemes were developed by
replacing the proximal operator of the regularization by denoising algorithms such as
BM3D or NLM. The premise that learning-based approaches have the power to learn
even more complex smoothness properties than the non-local similarities captured
by NLM and BM3D subsequently motivated the introduction of neural networks.
Let us review some of these ideas in more detail.
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3.54.1 Deriving Different Schemes
As a motivation consider the problem of minimizing (3.4), i.e.,

min Hy (u) + R(u), (3.15)

where the data term shall remain flexible as in usual variational methods, but the
regularization shall be replaced by a data-driven approach in order to benefit from
the power of learning-based strategies.

Following the idea of half-quadratic splitting, we have already seen in (3.13), we
could replace (3.15) by

nMﬁZan(u) + R(z) + gllz —ull?, (3.16)

which—under mild conditions—yields a minimizer of (3.15) for § — oo.
By applying alternating minimization to (3.16), one has to solve
uk = ProX 1 ", (3.17)

1 = prox 1 p(u
5

k+1 ) .

As such an algorithm decouples the regularization from the data fidelity term, it
is natural to replace the proximal operator of the regularization by a neural network.
Based on the fact that the proximal operator of a regularization represents a denoising
proceedure, or—in the extreme case—the projection onto a natural feasible set of
natural images, researchers have trained respective networks to perform exactly these
tasks, see [15, 45, 75]. In the above example of half-quadratic splitting, the resulting
algorithmic scheme becomes

S PrOX%HX(Zk), (3.18)

2 = GWt0),

for a network G that has been trained on denoising or, more generally, on “making
the image more realistic”.

To illustrate the flexibility and possible advantages of such a scheme, consider Fig.
3.4. Shown in (a) is an image contaminated with salt-and-pepper noise. If one applies
a network that has been trained on removing Gaussian noise, one obtains the middle
image (b) in Fig. 3.4. While some of the texture of the fur of the giraffe is smoothed
out, almost no noise is removed. While the typical learning-based approach is to
retrain the network on example images with simulated salt-and-pepper noise, it is well
known that energy minimization methods can handle such a type of noise efficiently
by using a robust data fidelity term such as the ¢! norm. Figure 3.4c shows that
applying iteration (3.18) with the very same network as in (b) and Hy (u) = |lu — f ||
is able to remove the noise almost perfectly while preserving the underlying texture.
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(a) Noisy image with salt-and-  (b) Applying a denoising net- (c) Iteration (18) with H f(u) =
pepper noise work trained on Gaussian |lu— fll; and the same net-
noise work as in b)

Fig. 3.4 A network that has been trained on removing Gaussian noise, often does not generalize
well to other types of noise. Feeding the image (a) with salt-and-pepper noise into such a network
results in image (b). Instead of retraining the network on salt-and-pepper noise, one can exploit the
idea of (3.18) with a robust data fidelity term to obtain significantly better results using the very
same network as in (b)—see (c)

The above idea and derivation of the algorithmic scheme is of course not limited to
the method of half-quadratic splitting, but actually applies to almost any minimization
method for (3.16). Due to its flexibility in handling multiple terms, the alternating
direction method of multipliers (ADMM) and preconditioned variants thereof have
mostly been used in this context, see [15, 24, 34, 45, 54, 67, 75, 76]. Since ADMM
is known to not necessarily converge on nonconvex problems, this choice does not
seem to be natural considering that approaches that replace a proximal operator by
an arbitrary function are even beyond the setting of nonconvex minimization.

In Table 3.1 we provide an overview of a wide variety of different optimization
methods and their corresponding algorithmic schemes that could be used in the very
same fashion. Note that we not only considered replacing the proximal operator of the
regularization with a neural network, but also its explicit counterpart—the explicit
gradient descent step on R,

u—1tVRw) — G(u,0).
This, for instance, leads to the algorithmic schemes of proximal gradient 2 and

HQ splitting to coincide despite originating from different optimization algorithms,
which do not even converge to the same minimizer in a suitable convex setting.
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Table 3.1 Different algorithms for minimizing Hy (1) + R(u) and the corresponding algorithmic
schemes that replace explicit or implicit (proximal) gradient steps on the regularization by a neural
network G. For the Primal-dual 2 algorithm we assumed that Hy = Ty o K for a linear operator K.
Note that—even in a convex setting with some additional assumptions—the HQ splitting algorithm
does not converge to a minimizer of Hy () + R(u) but rather replaces R or Hy by the (smoother)
Moreau envelope. The choice  — oo can usually reestablish the convergence

Method

Iteration

Algorithmic scheme

Gradient descent

' =uk —20VH b,
22 =uF — 2tVR@F),

1
W = E(Zl +22)

D =uk - ZTVHf(Mk),
2 =Gk 6),

1
WK = E(Zl +72)

Proximal gradient 1

F=uk— tVHf(uk),

F =ub —tVH b,

w1 = prox, 5 (z¥) W = Gk )
& =uk — TVRW),
Proximal gradient 2 i1 ‘
w = proxXep, (z°) * =Gwk; ),
k+1 _ k
s = prox. . W = prox,y, (")
HQ splitting
= me%R(ukH)
k1 _ k_ ok k+1 k_ ok
u"T = prox Z , = -
p %Hf( ) u prox%Hf(z P,
ADMM Zk+1 — prOX%R(uk-Fl +pk)’ Zk+l — G(uk+1 +pk7 é)’
k+1 koo k+l _ k+l
kL pk ] _ ket Pt =ph bt A
P =k 4 ik P = pk gk
k

Primal-dual 1

I)k k
_ﬂprox%R F +u

u = proXyp, (uk — p*t!

AL Ry

)

)

—ﬁG(% + ik ),

k+1

k k1
W' = prox y, (' —p +h,

LSS B S S B 5

Primal-dual 2

Zk+1 — Zk + ﬂKﬁk

* _
_ﬂprox%Tf E + Ku

pk+1 :pk +13[¢k,

I k
— p— + U
,Bprox%R u
k+1

u =uf — KT = p
B kL R

)

k+1

)

N

Zk —k
_ﬁprox%Tf E +Ku" |,

pk+l :pk +ﬁﬁk,

p* A
—ﬂG(E +ik; 6),
L Sy S s ,[pk+l’

AL = T Rk

While the HQ splitting algorithm is unconditionally stable it converges to a mini-
mizer of a smoothed version of the original energy (replacing R, respectively, Hy, by
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its Moreau envelope). The proximal gradient 2 algorithm on the other hand requires
astepsize 0 <t < % with L being the Lipschitz constant of VR to converge to a
minimizer of Hy + R. This along with the long list of possible algorithmic schemes
in Table 3.1, which could further be extended by the corresponding methods with
inertia/momentum, raises the question which method should be used in practice. An
exhaustive answer to this question (if it can be provided at all) requires a tremen-
dous number of experiments involving different problems, different networks, data
terms, parameters, and initializations, and goes beyond the scope of this paper. We

do, however, provide some first experiments involving all algorithms in Sect. 3.6.

3.5.4.2 Hyperparameters of the Algorithmic Schemes

When comparing algorithmic schemes like Proximal gradient 1 with their optimiza-
tion algorithm counterpart, one observes that replacing the proximity operator with
a neural network eliminates the step size parameter t. The missing dependence of
the “regularization-step” on t in the Proximal gradient 1 scheme means that the step
size T merely rescales the data fidelity term: The resulting algorithmic scheme may
always pick T = 1, i.e., eliminate the step size completely, and interpret any T # 1 as
a part of Hy, see [45] for details. Interestingly, even simple choices like the function
G being the identity may lead to divergent algorithmic schemes for large data fidelity
parameters. This may motivate training a network function G on a rather small noise
level such that even moderate data fidelity parameters can lead to a large emphasis
on data fidelity over the course of the iteration. Note that—at least in the context of
optimization—the aforementioned difficulties can be avoided by an implicit treat-
ment of the data fidelity term as arising in the Proximal Gradient 2 or HQ splitting
algorithms.

The elimination of hyperparameters in the algorithmic schemes becomes even
more interesting for the more sophisticated primal-dual and ADMM-based schemes.
Note that the parameter 1/8 in the ADMM scheme also merely rescales the data
fidelity term. As shown in [45], in the primal-dual 1 scheme, we can define p = p/f
to arive at the update equations

P =pF + i — GEF + ik 0), (3.19)
W = prox y (ut — TP, (3.20)
L_lk+1 — l/lk+l + (I/tk+l _ uk). (321)

In this case, the parameter 7 scales the data fidelity term, but the product of T and g
remains a factor for p**! in the update of u**!. In the world of convex optimization,
the product 78 has to remain smaller than the operator norm of the linear operator
used in the primal-dual splitting, which—in our specific case of primal-dual 1—is
the identity. Due to the equivalence of ADMM and the primal-dual algorithm in a
convex setting, the largest value of the product St for which convergence can still be
guaranteed is 1, which is also the choice we make in all our numerical experiments
below. This allows to again eliminate T completely as it merely rescales the data

fidelity term Hy.
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A similar computation allows to reduce the primal-dual 2 scheme to a rescaling
of T; by 1/8 and the product of 7. Since this splitting involves the linear operator
of two stacked identities, the step size restriction in the convex setting would be
78 < 1/+/2. We chose 8 = 0.5 in all our experiments.

3.5.4.3 Algorithm Equivalence

A particularly interesting aspect in the above discussion is the equivalence of ADMM
and primal-dual in the convex setting. Considering the ADMM scheme from Table
3.1, we notice that

2 = uk — pk 4 !

such that the update in #**! can equivalently be written as
k+1 k kK k=1
W = proxyy (ut — (2p" —p*).

By entirely eliminating the variable z from the update equations, we arrive at the
equivalent form

By ProX s Wk — (2pF — p*1y), (3.22)
P = pk kT Gk Wk ). (3.23)

In the convex setting, i.e., if G is the proximity operator of a proper, closed, convex
function, Moreau’s identity yields the commonly used form of the primal-dual algo-
rithm as presented in [13]. Note that the Egs. (3.19)—(3.21) match
those of (3.22) and (3.23) up to the extrapolation: While 2u**! — u* appears in
(3.19)—(3.21), the scheme (3.22)—(3.23) uses 2p**! — p*. In this sense, the primal-
dual schemes of Table 3.1 represent algorithms arising from applying the convex
ADMM optimization method to the dual optimization problem

H})in(Hf)*(P) + R*(=p),

writing the algorithm in a primal-dual form, using Moreau’s identity to obtain pri-
mal proximity operators only, and finally replacing one of the proximity operators
by a neural network. While an algorithmic scheme motivated from a purely dual
(and therefore inherently convex) point of view does not seem to have a clear intu-
ition, our numerical experiments indicate that the two variants (3.19)—(3.21) and
(3.22)—(3.23) perform quite similarly.
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3.6 Numerical Experiments: Denoising by Denoising?

3.6.1 Different Noise Types and Algorithmic Schemes

So far, the literature on replacing proximal operators by neural networks
[15, 45, 54, 75], has focused on the linear inverse problems with a quadratic 02
norm as a data fidelity term, i.e.,

o 2
Hy () = 5| Ku = £,

and ADMM or primal-dual type of algorithmic schemes. Interestingly, the behavior
of such methods for image denoising with different types of noise, i.e., K being the
identity and H; being a penalty function different from the squared ¢ norm, has
received little attention despite the fact that adapting the type of penalty is known to
be extremely important, particularly in the presence of outliers.

To investigate the behavior of the different algorithmic schemes presented in Table
3.1, we consider images with Gaussian and Salt-and-Pepper noise and use a Huber
Loss

L2 ifx <v,
HY () =Yk (i — f;), Wm=kv -
ij

|x| otherwise,

as a data fideltiy term. The Huber loss has the advantage that it is differentiable with
a L-Lipschitz continuous derivative for L = % and, at the same time, also allows an
efficient computation of its proximal operator, which is given by

{wa+£> ity < vt
prox.,(y) = 1. ! .
sign(y)(ly] — ) otherwise.

In our experiments, we evaluate the gradient descent (GD), proximal gradient 1
called forward-backward (FB) here, the half-quadratic splitting (HQ), the ADMM,
the primal-dual 1 (PD1), and primal-dual 2 (PD2) (with K being the identity) schemes
from Table 3.1 for denoising grayscale images using MATLAB’s built-in implemen-
tation of the DnCNN denoising network [74] as a proximal operator. For the sake of
comparability, we also include the plain application of this denoising network (Net),
and a total variation-based denoising (TV) in our comparison. To each clean image,
we add white Gaussian noise of standard deviation ¢ = 0.05 (for images with values
in [0, 1]), and additionally destroy 1% of the pixels using Salt-and-Pepper noise.
While we are aware of the fact that this does not necessarily reflect a realistic data
formation process for camera images, our goal here is to study to what extent each
of the algorithmic schemes from Table 3.1 is able to adapt to different settings by
changing the data fidelity term.
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We fixed the smoothing parameter v = 0.025 for the Huber loss and then tuned
the hyperparameters of TV and the algorithmic schemes on a validation image, where
we found a data fidelity weight of 0.02 to be a good choice for all network-based
algorithmic schemes. Note that this means that the factor in front of the Huber loss
is smaller than 2/L, where L is the Lipschitz constant of VHf“ . Clearly, the latter is
important as the schemes that descent on Hf” in an explicit fashion typically require
this condition even in a convex setting. Furthermore, we also met the requirements
for “convex convergence” in the primal-dual schemes by choosing S = 1 in the
“primal-dual 1” scheme, and Bt = 0.5 for “primal-dual 2”.

We keep all parameters fixed over a run on 7 different test images and show the
resulting PSNR values for all algorithmic schemes in Table 3.2.

Table 3.2 PSNR values for denoising images with Gaussian and Salt-and-Pepper noise obtained
by applying a neural network trained on Gaussian noise (Net), total variation denoising (TV),
and different algorithmic schemes with a neural network replacing the proximal operator of the
regularization, and a Huber loss being used as a measure for data fidelity

Cats Xmax Food Ball Car Monkey |Pretzel |Avg.
8% 27.53 24.12 29.46 24.89 27.27 28.00 30.57 27.41
Net 26.76 24.87 27.78 25.25 26.90 26.39 28.41 26.62
HQ 28.97 26.94 29.97 26.97 28.90 29.42 30.32 28.79
FB 28.86 26.73 29.84 26.81 28.97 29.29 30.79 28.76
GD 28.33 26.96 28.89 26.76 28.05 28.72 28.76 28.07
ADMM | 28.86 26.73 29.84 26.81 28.97 29.29 30.79 28.76
PD1 28.86 26.73 29.84 26.81 28.97 29.29 30.79 28.76
PD2 28.85 26.76 29.83 26.81 28.99 29.30 30.79 28.76

Bold indicates largest number(s)

As we can see, algorithmic schemes are able to improve the results of plainly
applying the network by more than 2db on average. Interestingly, the results among
different algorithmic schemes vary very little with the gradient descent-based algo-
rithmic scheme being the only one that yields some deviation in terms of PSNR. While
similar behavior of different algorithms is to be expected for convex optimization
methods, it is quite remarkable that the algorithmic schemes behave similarly.

To investigate the robustness of the algorithmic schemes, we investigate their
sensitivity with respect to the starting point. While we used a constant image whose
mean coincides with the mean of the noisy image as a starting point for the results
in Table 3.2, Table 3.3 shows the average PSNR values over the same test images
when initializing with different images. As we can see, the results remain remarkably
stable with respect to different initializations.

In the above test, we ran all algorithmic schemes for a fixed number of 100 itera-
tions. An interesting question is, whether the algorithmic schemes actually converge
or if they just behave somewhat nicely for a while, but do not yield any fixed points.
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Table 3.3 Average PSNR values each method achieved on the test set of 7 images used in Table 3.2
when initializing each method with a constant image (constant), with random numbers uniformly
sampled in [0, 1] (random), with the noisy input image (noisy), or with MATLAB’s cameraman
image, i.e., a different image (different). The final results of the algorithmic schemes remain remark-
ably stable and do not vary significantly more than the TV result (whose variations are merely due
to different realizations of the noise)

TV Net HQ FB GD ADMM | PD1 PD2

Constant | 27.41 26.62 28.79 28.76 28.07 28.76 28.76 28.76
Random |27.40 26.65 28.81 28.77 28.10 28.77 28.77 28.80
Noisy 27.41 26.64 28.79 28.76 28.06 28.76 28.76 28.77
Different | 27.40 26.68 28.79 28.75 27.98 28.76 28.76 28.70

3.6.1.1 Numerical Convergence of Algorithmic Schemes
Several works in the literature investigate the question whether algorithmic schemes
arising from the ADMM algorithm converge:

e The work [62] gives sufficient conditions under which a general denoiser, e.g.,
a neural network G, represents the proximal operator of some implicitly defined
function. As G is assumed to be continuously differentiable and VG (1) has to be
doubly stochastic for any u, the assumptions are, however, quite restrictive.

e The authors of [ 14] state a converge result of an ADMM-based algorithmic scheme
with adaptive penalty parameter under the assumption of a bounded denoiser. The
adaptive scheme, however, possibly allows an exponential growth of the penalty
parameter. While the latter safeguards the convergence the point it converges to
might not be a fixed-point of the algorithmic scheme anymore.

e The work by Romano et al. in [54] proposes a flexible way to incorporate denoiser
G (such as neural networks) into different algorithmic frameworks by providing
quite general conditions under which the function

1
R(w) = 5 {u, u = Gu))

has a gradient VR(u#) = u — G(u), such that it can easily be incorporated into
existing optimization algorithms. While the assumption G (au) = oG (u) for all
o > 0 made in their work does hold for several denoisers, neural networks often
have a bias in each layer which prevents the above homogeneity. We, therefore,
investigate the question if the algorithmic schemes converge numerically for a
state-of-the art denoising network which did not adapt its design to any particular
convergence criteria.

Figure 3.5a shows the decay of the root mean square error (RMSE) of successive
iterates

1

RMSE(W*, uf*!) = | ————— ub — ukrhy?
( ) number of pixels ;( i)
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Fig.3.5 Numerical convergence test of different algorithmic schemes. The schemes seem to behave
similar to convex minimization techniques in the sense that they converge numerically if the convex
stability criteria are satisfied

for each of the algorithmic schemes from Table 3.2. As we can see, all algorithmic
schemes converge to a reasonably small level (considering that all computations are
done on a GPU in single precision).

We rerun the same test as above after multiplying the data fidelity term by a factor
of 10 and illustrate the results in Fig. 3.5b. As we discussed in Sect. 3.5.4.2, the data
fidelity weight is directly connected to a step size of the algorithmic schemes. As
expected based on the respective behavior in a convex optimization setting, methods
that take explicit steps on the data fidelity term do not exhibit convergence anymore.
Interestingly, the methods that evaluate the proximity operator of the data fidelity
term still converge and seem to be quite independent of the magnitude of the data
fidelity parameter.

While the numerical convergence behavior in our denoising test is closely related
to the convergence behavior of the respective methods in the case of convex opti-
mization, an analysis with sufficient conditions on the network to yield a provably
convergent algorithm remains an interesting question of future research.

3.6.2 Handling Constraints

Besides the lack of versatility of learning-based approaches, a significant drawback
is the lacking control over their output: For instance, once a network has been trained
there is no parameter that allows to tune the amount of denoising. Moreover, although
many types of constraints can be encouraged during training, there is no guarantee
for the networks output to meet such constraints during testing. This is of utmost
importance in any application, where critical decisions depend on the networks out-
put.

Interestingly, the framework of algorithmic schemes based on optimization algo-
rithms allows to guarantee certain constraints by choosing the data fidelity term Hy
to be the indicator function of the desired (convex) constrained set. As an example,
consider the case where want to denoise an image under the constraint that each pixel
may at most be altered by §, i.e., we want our reconstruction u to meet |[u — f||oc < §
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Table 3.4 Average PSNR values each method achieved on the test set of 7 images with uniform
noise and a suitable bound on ||# — f || o

TV Net HQ ADMM PD1 PD2
PSNR 32.77 32.66 31.99 32.54 32.67 32.80

for f being the noisy input image. Note that such constraints can easily be extended
to a setting of inverse problem, e.g., requiring ||[Ku — f ||, < §. The fact that indicator
functions are not differentiable excludes the gradient descent, as well as the proximal
gradient 1 algorithms. Moreover, the primal-dual 2 scheme does not guarantee the
output u*» to meet the constraint exactly unless it converged. We, therefore, return

proy, (2= + i)

which satisfies the constrain and is supposed to coincide with ™ upon convergence.

We simulate images with uniform noise and set our data fidelity term to be the indi-
cator function of ||u — f||c < 8, which has an easy-to-evaluate proximity operator.
We run the algorithmic schemes HQ splitting, ADMM, primal-dual 1, and primal-
dual 2, as well as TV denoising (as a baseline), and compare to the plain application
of the denoising network.

The average PSNR values are shown in Table 3.4. Interestingly, the PSNR values
do not differ significantly, and the algorithmic schemes may perform worse (HQ), or
slightly better (PD2) than the plain application of the network. While these results
would not justify the additional computational effort of the algorithmic schemes,
note that the Net result violated the ||u — f||cc < § bound at about 25% of the pix-
els on average. Although the simple projection of the network’s result would yield
satisfactory results in this simple application, the constraint violation illustrates the
lacking control of neural networks.

Finally, comparing the results of the network and the algorithmic schemes to plain
TV denoising, we can see that TV denoising is (at least) on par with the other methods.
This yields the interesting conclusions that the advantages certain methods have as
a denoiser do not necessarily carry over to other applications via the algorithmic
schemes we presented in Table 3.1. In particular, an important question for future
research is how networks (or general denoisers) can be designed in such a way that
they work well in various different setting, in particular in such a way that they
perform well with additional constraints on the output.

3.7 Conclusions

We have summarized some classical denoising methods including self-similarity-
based filtering and variational methods, and discussed various learning-based meth-
ods that profit from a dataset of natural images. The framework of replacing proxi-
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mal operators within optimization algorithms for energy minimization methods with
denoising networks holds great promise in tackling various imaging tasks, using dif-
ferent data fidelities, and being able to adjust the amount of regularity without having
to retrain the underlying neural network. Interestingly, the particular choice of algo-
rithmic scheme had little influence on the final result in our numerical experiments
and the convergence behavior of all algorithms was similar. Changing the algorithmic
scheme from a penalty formulation to a constrained formulation changed the results
quite significantly in the sense that the advantages of the neural network over TV
regularization for image denoising did not transfer to the corresponding algorithmic
scheme. Hence, an understanding of desirable properties of denoising algorithms for
optimal results in the setting of algorithmic schemes remains an important question
for future research.
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Chapter 4 ®)
Convolutional Neural Networks Gzt
for Image Denoising and Restoration

Wangmeng Zuo, Kai Zhang and Lei Zhang

Abstract With the tremendous progress of convolutional neural networks (CNNGs),
recent years have witnessed a dramatic upsurge of exploiting CNN toward solving
image denoising. Compared to traditional model-based methods, CNN enjoys the
principal merits of fast inference and good performance. In this chapter, brief survey
and discussions are also given to CNN-based denoising methods from the aspects
of effectiveness, interpretability, modeling ability, efficiency, flexibility, and applica-
bility. Then, we provide a gentle introduction of CNN-based denoising methods by
presenting and answering the following three questions: (i) can we learn a deep CNN
for effective image denoising, (ii) can we learn a single CNN for fast and flexible
non-blind image denoising, and (iii) can we leverage CNN denoiser prior to versa-
tile image restoration tasks. Finally, we point out that image denoising remains far
from solved. The real image noise is much more sophisticated than additive white
Gaussian noise, making the existing CNN denoisers generally perform poorly on real
noisy images. As a result, it is still very challenging and valuable to study the issues
such as noise modeling, acquisition of noisy-clean image pairs and unsupervised
CNN learning for real image denoising.
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4.1 Introduction

During past decade, driven by the easy access to large-scale dataset, efficient train-
ing implementation on modern powerful GPUs and the advances in deep learning
methods such as Rectified Linear Unit (ReLU) [22], network initialization [14],
stochastic gradient-based optimization [20], batch normalization [17] and residual
learning [15], the convolutional neural networks have shown great success in han-
dling various low-level vision tasks. Concurrently, several attempts have been made
to exploit CNN for image denoising due to the following reasons. First, the infer-
ence can be very efficient due to the parallel computation ability of GPU. Second,
deep CNN exhibits powerful modeling capacity and can be trained without knowing
the explicit degradation model when abundant noisy/clean image pairs are provided.
Thus, the denoising performance can be easily boosted. Third, CNN exploits the
external prior which is complementary to the internal prior of many existing denois-
ers such as nonlocal similarity (NSS). In other words, its combination with NSS is
expected to further improve the performance. Fourth, great progress in designing
CNN can facilitate the flexibility and practicability in real applications.

The goal of image denoising is to recover a latent clean image x from its noisy
observation y which follows the image degradation model y = x + v. One common
assumption is that v is the additive white Gaussian noise (AWGN) with known noise
level o. Due to the ill-posed nature of denoising, regularization needs to be imposed
to constrain the solution. From a Bayesian perspective, the solution X can be obtained
by solving the Maximum A Posteriori (MAP) model,

X = argmax x log p(y|x) + log p(x) 4.1

where log p(y|x) represents the log-likelihood term, and log p(x) models the prior
of x which is independent of y. More formally, Eq. (4.1) can be reformulated as

X = argmin x Ix —y|I? + AP (x) “4.2)

202 |
where 2(172 [[x — y||? is the data fidelity term, ®(x) is the regularization term (or prior
term) and X is the trade-off parameter. It is worth noting that in practice A governs the
compromise between noise reduction and detail preservation. When it is too small,
some noise will be retained in the denoising result; in contrast, when A is too large,
small-scale details will also be smoothed out along with the suppression of noise.
Generally, the methods to solve Eq. (4.2) can be divided into two main categories,
model-based optimization methods and discriminative learning methods. Model-
based optimization directly solves Eq. (4.2) with some optimization algorithms which
usually involve a time-consuming iterative inference. On the contrary, discriminative
learning methods try to learn a compact inference through an optimization of a loss
function on a training set containing degraded-clean image pairs [4, 8, 38, 43]. The
CNN-based denoising methods belong to this category. Specifically, CNN-based
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denoising methods can be further divided into MAP-CNN based and generic CNN-
based denoising methods.

MAP-CNN based denoising methods refer in particular to the MAP inference
based approaches which involve a series of convolution operations. Instead of first
learning the prior (e.g., high-order MRF priors) and then performing the inference,
this category of methods aims to learn the prior parameters along with a compact
unrolled inference through solving a bi-level optimization problem [4]. With a slight
abuse of notation, the objective can be given by

1
n}%nﬁ(f{(@), X) s.t. X(®) = argminy Flly —x||> + A D (x) 4.3)
& (o}

where ® denotes the trainable parameters in the inference, £(X, X) measures the sim-
ilarity between estimated clean image X and ground-truth clean image x. While such
kind of approaches are not directly connected with CNN, their unrolled inferences
actually can be viewed as CNN variants with stagewise architecture. Following the
pioneer work of fields of experts [34], Barbu [4] trained a discriminative Markov
random field (MRF) model together with a gradient descent inference for image
denoising. Samuel and Tappen [36] independently proposed a compact gradient
descend inference learning framework, and discussed the advantages of discrimina-
tive learning over model-based optimization. Sun and Tappen [42] proposed a novel
nonlocal range MRF (NLR-MRF) framework, and employed the gradient-based dis-
criminative learning method to train the model. Chen and Pock [8] further proposed a
trainable nonlinear reaction—diffusion (TNRD) model through discriminative learn-
ing of a compact gradient descent inference. Lefkimmiatis [25] adopted a proximal
gradient-based denoising inference from a variational model to incorporate the NSS
prior.

Discriminative inference learning methods enjoy some merits. First, they are effi-
cient due to much fewer inference steps. Second, they have better interpretability
because the discriminative architecture is derived from optimization algorithms such
as half quadratic splitting and gradient descent [4, 8, 36, 38, 42]. However, the
interpretability may come at the expense of performance since the learned priors and
inference procedure are limited by the form of the MAP model [50]. In addition, the
unrolled inference actually can be viewed as a network with stagewise architecture,
which restricts the dataflow in each immediate output layer [S51].

Instead of modeling image priors explicitly, the generic CNN-based denoising
methods learn a predefined nonlinear function consisting of various CNN building
blocks to model image prior implicitly and can be modeled by

ngnﬁ(f(,x) s.it. X=F(y, o;0). 4.4)

The use of CNN for image denoising can be traced back to [18], where a five-
layer network with sigmoid nonlinearity was developed. During the past few years,
various generic CNN-based denoising methods have been proposed and the denoising
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performance has been greatly boosted in comparison to [ 18]. In this chapter, we focus
on this type of denoising methods, and assume that the noise type is AWGN with the
known noise level 0.

4.1.1 Recent Advances

In addition to DnCNN and FFDNet described in this chapter, there have been several
other attempts to design CNN for image denoising. Some works propose to improve
convolutional filters or nonlinearities for better trade-off between effectiveness and
efficiency. Wang et al. [47] developed a dilated residual CNN for fast Gaussian
denoising. The main idea is to enlarge receptive field by dilated filter with different
dilation factors. They showed that the expansion of receptive field can boost the
denoising performance. In another denoising work by Wang et al. [46], they proposed
a denoising network which uses exponential linear unit (ELU) as the nonlinearity.
To better accommodate ELU and batch normalization layer, they further designed
a novel structure by incorporating 1 x 1 convolutional layer. Kligvasser et al. [21]
proposed a learnable nonlinear function with spatial connections as activation unit
to replace the widespread per-pixel activation units such as ReLUs and sigmoids.
They showed that the activation unit can enable CNN to capture much more complex
features, thus leading to better denoising results.

While CNN-based denoising methods are effective, they lack the explicit abil-
ity to handle images with regular and repetitive patterns. Some researchers resort
to incorporate the nonlocal self-similarity prior into CNN. Ahn and Cho [1] pro-
posed a block matching convolutional neural network which combines nonlocal
self-similarity prior and CNN for image denoising. The main idea is to group similar
local patches into a tensor and then feed it to CNN for denoising. Bae et al. [2] pro-
posed a new denoising network motivated from a novel persistent homology analysis
on residual learning for image processing tasks. Specifically, they showed that the
residual manifold is topologically simpler than the original image manifold and the
wavelet transform can provide topologically simpler manifold structures. Yang and
Sun [48] proposed a BM3D-inspired convolutional neural network (BM3D-Net) for
image denoising. BM3D-Net directly builds the convolutional neural network by
faithfully implementing the transform domain collaborative filtering in the BM3D
framework. Lefkimmiatis [26] proposed a novel network architecture which involves
convolutional layers as a core component and nonlocal filtering layers to exploit the
inherent nonlocal self-similarity property of natural images. By training the denoiser
with a wide range of different noise levels, the networks do not need to know the
noise level of the noisy image and are very robust when the noise model does not
match the statistics of the one used during training.

To design a principled network architecture, an interesting line of denoising meth-
ods has focused on incorporating CNN building blocks into MAP-based unrolled
inference. Kim et al. [19] proposed a deeply aggregated alternating minimization
(DeepAM) based on two of the steps in the conventional AM algorithm: proximal
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mapping and B-continuation. The DeepAM framework enables the convolutional
neural networks to operate as a regularizer in the AM algorithm for image denois-
ing. Vogel and Pock [45] proposed a primal-dual network for image denoising that
leverages the algorithmic structure provided by energy optimization techniques into
learning a generalized optimization algorithm.

There also exist some works that focus on class-aware image denoising, generic
image denoising and boosting-based image denoising. Remez et al. [31] pointed out
a denoiser is aware of the type of image content and proposed a new fully convolu-
tional deep neural network architecture for image denoising. They further showed
that the performance can be significantly improved by fine-tuning the denoiser for
images belonging to a specific semantic class. Santhanam et al. [37] developed a
recursively branched deconvolutional network (RBDN) for image denoising as well
as generic image-to-image regression. To integrate multiple weak denoisers with dif-
ferent capabilities to denoise complex scenes, Choi et al. [9] proposed a consensus
neural network (ConsensusNet) which comprises a weighting stage to weigh the rel-
evance of the individual denoisers and a boosting neural network to recover the lost
features as well as improve contrast. They studied ConsensusNet on various scenar-
i0s, including the integration of denoisers with different noise levels, different image
classes, and different denoiser types. Experimental results show that ConsensusNet
can consistently improve denoising performance for both deterministic denoisers
and neural network denoisers.

Apart from single image denoising, multi-image denoising has also attracted con-
siderable interest. Godard et al. [12] proposed a recurrent fully CNN to handle an
arbitrary number of noisy input frames for burst denoising. Instead of directly pre-
dicting the final denoised pixel values [3], Mildenhall et al. [29] proposed a CNN
architecture to predict spatially varying weighting kernels of different frames. They
further proposed a synthetic data generation approach based on signal-dependent
Gaussian noise model, and an optimization guided by an annealed loss function to
avoid undesirable local minima.

The rest of this chapter is organized as follows. We first introduce a simple denois-
ing CNN which embraces the progress in learning and designing CNN in Sect. 4.2.
We show that residual learning and batch normalization are particularly beneficial
to Gaussian denoising. We also analyze the rationale of residual learning and the
modeling capacity of CNN. In Sect. 4.3, we provide a fast and flexible denoising
CNN with a tunable noise level map as input and thus can handle a wide range of
noise levels as well as spatially variant AWGN via a single model. To demonstrate the
wide applications of CNN denoisers, in Sect. 4.4, we show that the CNN denoisers
can be plugged into model-based optimization methods as a modular part to solve
other image restoration tasks such as image deblurring, singe image super-resolution
(SISR), and image inpainting. We provide a short review of recent advances, and
discuss the challenges and some possible solutions in Sect. 4.5.
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4.2 Learning Deep CNN for Image Denoising

Discriminative model learning for image denoising has been recently attracting con-
siderable attention due to its favorable denoising performance. In this section, we take
one step forward by investigating the construction of feed-forward denoising con-
volutional neural networks (DnCNN) to embrace the progress in deep architecture,
learning algorithm, and regularization method into image denoising.

4.2.1 Architecture Design: DnCNN

The architecture of DnCNN is shown in Fig. 4.1. The input of DnCNN is a noisy
observation y = x + v. Discriminative denoising models such as MLP [5] and
CSF [38] aim to directly learn the original mapping function F(y) = x to predict the
latent clean image. For DnCNN, the residual learning formulation is instead to train
a residual mapping R(y) = v, and then x can be obtained by x =y — R(y).

Following the principle in [40], the size of convolutional filters is set to 3 x 3.
Therefore, the receptive field of DnCNN with depth of d should be (2d 4 1) x
(2d + 1). Increasing the network depth can make use of the context information in
larger image region at the cost of computational burden. For better trade-off between
performance and efficiency, one important issue in architecture design is to set a
proper depth for DnCNN. The receptive field size of DnCNN for Gaussian denoising
with a certain noise level is set to 35 x 35 with the corresponding depth of 17.

Given the DnCNN with depth D, there are three types of layers (shown in Fig. 4.1)
with three different colors. (i) Conv + ReLU: for the first layer, 64 filters of size
3 x 3 x ¢ are used to generate 64 feature maps, and rectified linear units (ReLU,
max (0, -)) are then utilized for nonlinearity. Here, ¢ represents the number of image
channels, i.e., ¢ = 1 for grayscale image and ¢ = 3 for color image. (ii) Conv + BN
+ ReLU: for layers 2 ~ (D — 1), 64 filters of size 3 x 3 x 64 are used, and batch
normalization [17] is added between convolution and ReLLU. (iii) Conv: for the last
layer, c filters of size 3 x 3 x 64 are used to reconstruct the denoising result.

To sum up, DnCNN has two main features: the residual learning formulation is
adopted to learn R(y), and batch normalization is incorporated to speed up training
as well as boost the denoising performance. In particular, it turns out that residual

Noisy Image Residual Image

Conv + RelLU
Conv + BN + ReLU
Conv + BN + RelLU
Conv + BN + ReLU

Conv

Fig. 4.1 The architecture of the DnCNN network



4 Convolutional Neural Networks for Image Denoising and Restoration 99

learning and batch normalization can benefit from each other, and their integration
is effective in speeding up the training and boosting the denoising performance.

4.2.2 Residual Learning and Batch Normalization

To start with, it is useful to briefly review residual learning and batch normaliza-
tion. The main idea of residual learning [15] is that the residual mapping is much
easier to be learned than the original mapping. Typically, residual network stacks a
number of residual units to alleviate the degradation of training accuracy. Benefited
from residual network, deep CNN can be easily trained and improved accuracy has
been achieved for image classification and object detection [15]. Different from the
residual network [15] that uses many residual units (i.e., identity shortcuts), DnCNN
employs a single residual unit to predict the residual image. It should be noted that,
prior to the residual network [15], the strategy of predicting the residual image has
already been adopted in some low-level vision problems such as SISR and image
demosaicking. As for batch normalization [17], it was originally proposed to allevi-
ate the internal covariate shift by incorporating a Gaussian normalization step and a
scale and shift step. It enjoys several merits, such as fast training, better performance,
and low sensitivity to initialization. For further details on batch normalization, please
refer to [17].

The DnCNN network can be used to train either the original mapping y to predict
x or the residual mapping R(y) to predict v. According to [15], when the original
mapping is more like an identity mapping, the residual mapping will be much easier
to optimize. Since the noisy observation y is much more like the latent clean image
x than the residual image v (especially when the noise level is low), F(y) would be
more close to an identity mapping than R(y). Thus, the residual learning formulation
is more suitable for image denoising.

For Gaussian noise removal, residual learning is also helpful to stabilize the train-
ing with batch normalization. Under the residual learning setting, the noise output of a
specific noise level should be an ideal Gaussian distribution. Moreover, DnCNN with
residual learning implicitly removes the latent clean image with the operations in the
hidden layers. This makes that the inputs of each layer are Gaussian-like distributed,
less correlated, and less related with image content. As a result, residual learning and
batch normalization are particularly beneficial to each other for Gaussian denoising.

Figure 4.2 shows the average PSNR values obtained using these two learning for-
mulations with/without batch normalization under the same setting on gradient-based
optimization algorithms and network architecture. Two gradient-based optimization
algorithms are adopted: one is the stochastic gradient descent algorithm with momen-
tum (i.e., SGD) and the other one is the ADAM algorithm [20]. One can observe
that both the SGD and ADAM optimization algorithms can enable the network with
residual learning and batch normalization to have the best results. In other words,
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Fig. 4.2 The quantitative Gaussian denoising results of four specific models under two gradient-
based optimization algorithms, i.e., a SGD, b ADAM, with respect to epochs. The four specific
models are in different combinations of residual learning (RL) and batch normalization (BN) and
are trained with noise level 25. The results are evaluated on 68 natural images from Berkeley
segmentation dataset

it is the integration of residual learning formulation and batch normalization rather
than the optimization algorithms (SGD or ADAM) that lead to the best denoising
performance.

4.2.3 Connection with TNRD

To have a further understanding of residual learning for denoising, we analyze its
connection with TNRD [8] which is a MAP-CNN based denoising method. The main
idea of TNRD is to train a discriminative solution for the following problem:

K N
mxin \P(y—x)+kzz,0k((fk *X)p) 4.5

k=1 p=1

from an abundant set of degraded-clean training image pairs. Here, N denotes the
image size, A is the regularization parameter, f} * x stands for the convolution of the
image x with the k-th filter kernel £, and p(-) represents the k-th penalty function
which is adjustable in the TNRD model. For Gaussian denoising, we set W (z) =
Lzl

The diffusion iteration of the first stage can be interpreted as performing one
gradient descent inference step at starting point y, which is given by

W (2)

K
xp=y—aky (@ xdfexy) -« (4.6)
k=1

9z z=0
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where f; is the adjoint filter of f; (i.e., f, is obtained by rotating 180° the filter f;),
o corresponds to the stepsize and p,(-) = ¢ (-). For Gaussian denoising, we have

% = 0, and Eq. (4.6) is equivalent to the following expression,
K
vi=y-—xi=aky (@ gl xy) (4.7)
k=1

where v, is the estimated residual of x with respect to y.

Since the influence function ¢ (-) can be regarded as pointwise nonlinearity
applied to convolution feature maps, Eq. (4.7) actually is a two-layer feed-forward
CNN. DnCNN further generalizes one-stage TNRD from three aspects: (i) replacing
the influence function with ReLLU to ease CNN training; (ii) increasing the CNN
depth to improve the capacity in modeling image characteristics; (iii) incorporating
with batch normalization to boost the performance. The connection with one-stage
TNRD provides insights in explaining the use of residual learning for CNN-based
image restoration.

4.2.4 Understanding the CNN Modeling Capacity

The existing Gaussian denoising methods, such as MLP [5] and TNRD [8], all train
a specific model for a fixed noise level. It is interesting to investigate the modeling
capacity of CNN for different noise levels via a single model. According to Eq. (4.7),
one can see that most of the parameters are derived from the analysis prior term of
Eq. (4.5). In this sense, the parameters are mainly representing the image priors
which are task-independent. Therefore, CNN has the modeling capacity to deal with
multiple degradations via a single model. For example, even the noise is not Gaussian
distributed, one still can utilize Eq. (4.6) to obtain v if

v (z)
0z |,

—0. (4.8)

Note that Eq. (4.8) holds for many types of noise distributions, e.g., generalized
Gaussian distribution. It is natural to assume that it also holds for the noise caused
by image downsampling and JPEG compression. Thus, it is possible to train a sin-
gle CNN model for several general image denoising tasks, e.g., SISR and JPEG
deblocking.

To demonstrate the potential of DnCNN in general image denoising, DnCNN is
extended for learning a single model for three specific tasks, i.e., blind Gaussian
denoising for noise level range of [0, 55], SISR, and JPEG deblocking are consid-
ered. In the training stage, the images with AWGN from a wide range of noise
levels, downsampled images with multiple upscaling factors, and JPEG images with
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(a) Input Image (b) Output Residual Image (¢) Restored Image

Fig. 4.3 An example to show the capacity of DnCNN for three different tasks. The input image
is composed by noisy images with noise level 15 (upper left) and 25 (lower left), bicubically
interpolated low-resolution images with upscaling factor 2 (upper middle) and 3 (lower middle),
JPEG images with quality factor 10 (upper right) and 30 (lower right). Note that the white lines in
the input image are just used for distinguishing the six regions, and the residual image is normalized
into the range of [0, 1] for visualization

different quality factors are utilized. Experimental results show that the learned sin-
gle DnCNN model is able to yield excellent results for any of the three general image
denoising tasks. Figure 4.3 shows an example of DnCNN for these tasks. As one can
see, even the input image is corrupted with different distortions in different regions,
the restored image looks natural and does not have obvious artifacts.

4.2.5 Implementation and Experiments

Following [8], 400 images of size 180 x 180 are used for training the Gaussian
denoiser with known noise level. It has been found that using a larger training dataset
can only bring negligible improvements, especially on BSDG68 test set. Three noise
levels, i.e., 0 = 15, 25 and 50, are considered and thus three models are trained. The
patch size is set as 40 x 40. 128 x 1,600 patches are used to train the model and the
mini-batch size is set to 128. The mean squared error between the desired residual
images and estimated ones from noisy input

1 N
£©) = 75 > IR ©) = (v = %)’ 4.9)
i=1

is adopted as the loss function to learn the trainable parameters ®. Here {(y;, x,-)}f.\': 1
represents N noisy-clean training image patch pairs. The learning rate was decayed
exponentially from 10~! to 10~* for 50 epochs. It takes about 6 hours to train a
DnCNN model.

To evaluate the model, a dataset containing 68 natural images from Berkeley
segmentation dataset (BSD68) [35] is adopted. The average PSNR results of different
methods are shown in Table 4.1. As one can see, compared to the benchmark BM3D,
the methods MLP and TNRD have a PSNR gain of about 0.35 dB. Notably, DnCNN
outperforms BM3D by 0.6 dB on all the three noise levels.
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Table 4.1 The average PSNR (dB) results of different methods on the BSD68 dataset. The best

results are highlighted in bold

Noise levels | BM3D [5] WNNM [13] |MLP [5] TNRD [8] DnCNN
o=15 31.07 31.37 - 31.42 31.73
o =25 28.57 28.83 28.96 28.92 29.23
o =50 25.62 25.87 26.03 25.97 26.23

(d) MLP (26.54dB)

Fig. 4.4 Denoising results of different methods on noise level 50

(e) TNRD (26.59dB)
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Figure 4.4 illustrates the visual results of different methods. It can be seen that
BM3D, WNNM and MLP tend to produce over-smooth edges and textures. While
preserving sharp edges and fine details, TNRD is likely to generate artifacts in the
smooth region. In contrast, DnCNN can not only recover sharp edges and fine details
but also yield visually pleasant results in the smooth region.

4.3 CNN for Fast and Flexible Image Denoising

In order to handle practical image denoising problems, a flexible image denoiser is
expected to have the following desirable properties: (i) it is able to perform denoising
using a single model; (ii) it is efficient, effective, and user-friendly; and (iii) it can
handle spatially variant noise. Such a denoiser can be directly deployed to recover
the clean image when the noise level is known or can be well estimated. When the
noise level is unknown or is difficult to estimate, the denoiser should allow the user
to adaptively control the trade-off between noise reduction and details preservation.
Furthermore, the noise can be spatially variant and the denoiser should be flexible
enough to handle spatially variant noise.

The FFDNet which is shown in Fig. 4.5 is proposed to meet with such desirable
properties. Specifically, one of the major differences of FFDNet is that it can be
formulated as x = F(y, M; ®), where M is a noise level map. Here, the noise level
map M is modeled as an input and the model parameters ® are invariant to noise
level. Hence, FFDNet provides a flexible way to handle various types of noise with a
single network. By introducing a noise level map as input, network design and train-
ing methods are required to be further studied for effective and efficient denoising.
Another main difference of FFDNet is that it works on downsampled subimages,
which largely accelerates the training and testing speed, and enlarges the receptive
field as well.

4.3.1 Network Architecture: FFDNet

As shown in Fig. 4.5, the first layer of FFDNet is a reversible downsampling operator
which reshapes an H x W noisy image y into four downsampled subimages. Then,

Mapping Residual Subimages
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Conv + BN + RelLU

Fig. 4.5 The architecture of the FFDNet network
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a tunable downsampled noise level map M with the downsampled subimages is
concatenated to form a tensor y of size % X % X (4c 4 1) as the inputs to CNN.
The following CNN consists of a series of 3 x 3 convolutional layers. Each layer is
composed of three types of operations: Convolution (Conv), Rectified Linear Units
(ReLU) [22], and Batch Normalization (BN) [17]. More specifically, “Conv+ReLU”
is adopted for the first convolutional layer, “Conv+BN+ReLU” for the middle layers,
and “Conv” for the last convolutional layer. Zero-padding is employed to keep the
size of feature maps unchanged after each convolution. After the last convolutional
layer, an upscaling operation is applied as the reverse operator of the downsampling
operator applied in the input stage to produce the residual noisy image v of size H x
W x c. The denoised image is then obtained by X = y — V. Since FFDNet operates
on downsampled subimages, itis not necessary to employ the dilated convolution [49]
to further increase the receptive field.

By considering the balance of complexity and performance, the number of con-
volutional layers are set to 15 for grayscale image and 12 for color image. As for the
number of feature maps, they are set to 64 for grayscale image and 96 for color image.
The reason of using different settings for grayscale and color images is twofold. First,
since there are high dependencies among the R, G, B channels, using a smaller num-
ber convolutional layers is good enough to exploit the interchannel dependency for
denoising. Second, color image has more channels as input, and hence more feature
(i.e., a larger number of feature maps) is required.

4.3.2 Taking Noise Level as CNN Input

Most of the deep learning based denoising methods such as the MLP [5] and convo-
lutional neural network (CNN) based methods [18, 50] are limited in flexibility, and
the learned model is usually tailored to a specific noise level. From the perspective
of regression, some CNN-based denoisers such as DnCNN aim to learn a mapping
function x = F(y; O, ) between the input noisy observation y and the desired output
x. The model parameters ©,, are trained for noisy images corrupted by AWGN with
a fixed noise level o, while the trained model with ®,, is hard to be directly deployed
to images with other noise levels.

From the viewpoint of MAP framework, the solution of Eq. (4.2) actually defines
an implicit function X = F(y, 0, A; ®) of the noisy image y, noise level o, and
parameter A. Since A can be absorbed into o, the solution X = F(y, 0, A; ®) can be
rewritten as X = F(y, o; ©). In this sense, setting noise level o also plays the role
of setting A to control the trade-off between noise reduction and detail preservation.

Since the inputs y and o have different dimensions, it is not easy to directly
feed them into CNN. To resolve this, a simple dimension stretching strategy can be
employed to stretch the noise level o into a noise level map M. In M, all the elements
are o. Then, the formulation is changed into X = F(y, M; ®). For color image, M
can have multiple channels to represent the noise level map of R, G, B channels
and can also be extended to degradation map which parameterizes the degradation
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process [52]. As such, a trained CNN model is expected to inherit the flexibility of
handling images with different noise levels, even spatially variant noises via a single
model.

4.3.3 Single Non-blind Model Versus Single Blind Model

So far, we have know that it is possible to learn a single model for blind and non-blind
Gaussian denoising, respectively, it is necessary to point out their differences. First,
the generalization ability is different. Although the blind model performs favorably
for synthetic AWGN removal without knowing the noise level, it does not generalize
well to real noisy images. In contrast, the non-blind model with noise level map has
the ability to control the trade-off between noise removal and detail preservation,
thus it can deal with real noise to some extent. In addition, the non-blind model can
handle the out-of-range noise levels, whereas the blind one lacks such an ability.
Second, the performance for AWGN removal is different. The non-blind model with
noise level map has better performance for AWGN removal than the blind one.
This phenomenon has also been recognized in the task of SISR [32]. Third, the
application range is different. The non-blind model can be plugged into model-
based optimization methods to solve various image restoration tasks, such as image
deblurring, SISR and image inpainting. However, the blind model does not have this
merit.

4.3.4 Denoising on Subimages

Efficiency is another crucial issue for practical CNN-based denoising. One straight-
forward idea is to reduce the depth and number of filters. However, such a strategy
will sacrifice much the modeling capacity and receptive field of CNN [50]. Shi
et al. [39] proposed to extract deep features directly from the low-resolution image
for super-resolution, and introduced a sub-pixel convolution layer to improve com-
putational efficiency. In the application of image denoising, we introduce a reversible
downsampling layer to reshape the input image into a set of small subimages. Here,
the downsampling factor is set to 2 since it can largely improve the speed by slightly
reducing modeling capacity. The CNN is deployed on the subimages, and finally a
sub-pixel convolution layer is adopted to reverse the downsampling process.
Denoising on downsampled subimages can also effectively expand the receptive
field which in turn leads to a moderate network depth. For example, the proposed
network with a depth of 15 and 3 x 3 convolution will have a large receptive field of
62 x 62. In contrast, a plain 15-layer CNN only has a receptive field size of 31 x 31.
We note that the receptive field of most state-of-the-art denoising methods ranges
from 35 x 35 to 61 x 61 [50]. Further increase of receptive field actually benefits
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little in improving denoising performance [27]. What is more, the introduction of
subsampling and sub-pixel convolution is also effective in reducing the memory
burden.

4.3.5 Dataset Generation and Network Training

To train the FFDNet model, we need to prepare a training dataset of patches (y, M; x).
Here, y is obtained by adding AWGN to latent image x, and M is the corresponding
noise level map. The reasons of using AWGN to generate the training dataset are
as follows. First, AWGN is a natural choice when there is no specific prior infor-
mation on noise source. Second, real-world noise can be locally approximated as
AWGN [24]. It is worth noting that FFDNet model is trained on the noisy images
y = x + v without quantization to 8-bit integer values. Though the real noisy images
are generally 8-bit quantized, we empirically found that the learned model still works
effectively on real noisy images. For the noise level of each noisy, it is uniformly
sampled from the range of [0, 75].

The ADAM algorithm [20] is adopted to optimize FFDNet by minimizing the
mean squared error loss. The learning rate starts from 10~ and reduces to 10~*
when the training error stops decreasing. When the training error keeps unchanged
in five sequential epochs, we merge the parameters of each batch normalization into
the adjacent convolution filters. Then, a smaller learning rate of 107 is adopted
for additional 20 epochs to fine-tune the FFDNet model. As for the other hyper-
parameters of ADAM, we use their default settings. The mini-batch size is set as 128,
and the rotation and flip based data augmentation is also adopted during training.
The FFDNet models are trained in Matlab (R2015b) environment with MatConvNet
package [44] and an Nvidia Titan X Pascal GPU. The training of a single model can
be done in about one day.

4.3.6 Experiments on Synthetic and Real Images

4.3.6.1 Experiments on AWGN Removal

The PSNR results of different methods on BSD68 dataset are reported in Table 4.2,
from which we have the following observations. First, FFDNet surpasses BM3D by a
large margin and outperforms WNNM, MLP, and TNRD by about 0.2 dB for a wide
range of noise levels. Second, FFDNet is slightly inferior to DnCNN when the noise
level is low (e.g., o < 25), but gradually outperforms DnCNN with the increase of
noise level (e.g., o > 25). This phenomenon may result from the trade-off between
receptive field size and modeling capacity. FFDNet has a larger receptive field than
DnCNN, thus favoring for removing strong noise, while DnCNN has better modeling
capacity which is beneficial for denoising images with lower noise level.
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Table 4.2 The average PSNR (dB) results of different methods on BSD68 with noise levels 15, 25
35, 50, and 75. The best results are highlighted in bold

Methods | BM3D [11] | WNNM [13] | MLP [5] TNRD [8] | DnCNN [50] | FFDNet
o=15 |31.07 31.37 - 31.42 31.72 31.62
o =25 |2857 28.83 28.96 28.92 29.23 29.19
o =35 |27.08 27.30 27.50 - 27.69 27.73
o =50 |2562 25.87 26.03 25.97 26.23 26.30
o=75 |2421 24.40 24.59 - 24.64 24.78

Table 4.3 The average PSNR (dB) results of CBM3D and FFDNet on CBSD68 dataset with noise
levels 15, 25 35, 50, and 75

Methods o=15 o=25 o =35 o =150 o=175
CBM3D 33.52 30.71 28.89 27.38 25.74
FFDNet 33.80 31.18 29.57 27.96 26.24

(a) Noisy (o = 35)

(b) CBM3D (29.90dB)

Fig. 4.6 Color image denoising results by CBM3D and FFDNet

(c) FFDNet (30.51dB)

Table 4.3 reports the performance of CBM3D and FFDNet on color version of
BSD68 datasets, and Fig. 4.6 presents the visual comparisons. It can be seen that
FFDNet consistently outperforms CBM3D on different noise levels in terms of both
quantitative and qualitative evaluation.
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Noise Level

Fig.4.7 Examples of FFDNet onremoving spatially variant AWGN. Left: noise level maps. Middle:
noisy images with PSNR 20.55 dB. Right: denoised images (PSNR: 29.97 dB) by FFDNet

4.3.6.2 Experiments on Spatially Variant AWGN Removal

We then test the flexibility of FFDNet to deal with spatially variant AWGN. To
synthesize spatially variant AWGN, we first generate an AWGN image v with the
standard deviation 1 and a noise level map M of the same size. Then, elementwise
multiplication is applied on v and M to produce the spatially variant AWGN, i.e.,
v © M. In the denoising stage, we take the bilinearly downsampled noise level map as
the input to FFDNet. Figure 4.7 shows the denoising result of FFDNet for a spatially
variant AWGN. One can see that FFDNet is flexible and powerful to remove spatially
variant AWGN.

4.3.6.3 Experiments on Noise Level Sensitivity

In practical applications, the noise level map may not be accurately estimated from the
noisy observation, and mismatch between the input and real noise levels is inevitable.
Ifthe input noise level is lower than the real noise level, the noise cannot be completely
removed. Therefore, users often prefer to set a higher noise level to guarantee the
removal of noise. However, this may also remove too much image details together
with noise. In this subsection, we evaluate FFDNet in comparison with benchmark
BM3D by varying different input noise levels for a given ground-truth noise level.
Figure 4.8 shows the visual comparisons between BM3D/CBM3D and FFDNet
by setting different input noise levels to denoise a noisy image. Four typical image
structures, including flat region, sharp edge, line with high contrast, and line with low
contrast, are selected for visual comparison to investigate the noise level sensitivity
of BM3D and FFDNet. The following observations can be obtained. The best visual
quality is obtained when the input noise level matches the ground-truth one. BM3D
and FFDNet produce similar visual results with lower input noise levels, while they
exhibit certain difference with higher input noise levels. Both of them will smooth
out noise in flat regions, and gradually smooth out image structures with the increase
in input noise levels. Particularly, FFDNet may wipe out some low contrast line
structure, whereas BM3D can still preserve the mean patch regardless of the input
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(b) _ (c)

Fig. 4.8 Visual comparisons between FFDNet and BM3D/CBM3D by setting different input noise
levels to denoise a noisy image. a From top to bottom: ground-truth image, four clean zoom-in
regions, and the corresponding noisy regions (AWGN, noise level 15). b From top to bottom:
denoising results by BM3D with input noise levels 5, 10, 15, 20, 50, and 75, respectively. ¢ Results
by FFDNet with the same settings as in (b). d From top to bottom: ground-truth image, four
clean zoom-in regions, and the corresponding noisy regions (AWGN, noise level 25). e From top to
bottom: denoising results by CBM3D with input noise levels 10, 20, 25, 30, 45, and 60, respectively.
f Results by FFDNet with the same settings as in (e)

noise levels due to its use of nonlocal information. Using a higher input noise level
can generally produce better visual results than using a lower one. In addition, there
is no much visual difference when the input noise level is a little higher than the
ground-truth one.
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4.3.6.4 Experiments on Real Noisy Images

In this subsection, real noisy images are used to further assess the practicability of
FFDNet. However, such an evaluation is difficult to conduct due to the following
reasons. (i) Both the ground-truth clean image and noise level are unknown for real
noisy image. (ii) The real noise comes from various sources such as camera imaging
pipeline (e.g., shot noise, amplifier noise and quantization noise), scanning, lossy
compression and image resizing [10, 28], and it is generally non-Gaussian, spatially
variant, and signal-dependent. As a result, the AWGN assumption in many denoising
algorithms does not hold, and the associated noise level estimation methods may not
work well for real noisy images.

Instead of adopting any noise level estimation methods, we adopt an interac-
tive strategy to handle real noisy images. First of all, we empirically found that the
assumption of spatially invariant noise usually works well for most real noisy images.
We then employ a set of typical input noise levels to produce multiple outputs, and
select the one which has best trade-off between noise reduction and details preser-
vation. Second, for spatially variant noise, we sample several typical image patches
which represent the distinct regions of different noise levels and apply different input
noise levels to them. By observing the denoising results, we then choose the proper
noise level for each typical patch. The noise levels at other locations are interpo-
lated from the noise levels of the typical patches. An approximation of nonuniform
noise level map can then be obtained. In our following experiments, unless otherwise
specified, we assume spatially invariant noise for the real noisy images.

Since there is no ground-truth image for a real noisy image, visual comparison is
employed to evaluate the performance of FFDNet. We choose BM3D for comparison
because it is widely accepted as a benchmark for denoising applications. Given a
noisy image, the same input noise level is used for BM3D and FFDNet.

Figure 4.9 compares the grayscale image denoising results on four noisy images.
As one can see, BM3D and FFDNet exhibit similar behaviors to those on denoising
grayscale images. In particular, for image “Building” which contains some structured
noises, BM3D fails to yield visually pleasant results because the structured noises fit
the nonlocal self-similarity prior. In contrast, FFDNet removes such noise without
losing underlying image textures. Figure 4.10 shows the denoising results of CBM3D
and FFDNet on four color noisy images. It can be seen that FFDNet can handle
various kinds of noises, including Gaussian-like noise (see image “Pattern”), JPEG
lossy compression noise (see image “Audrey Hepburn), and low-frequency noise
(see image “Boy”). Similarly, from the denoising results of “Boy”, one can see that
CBM3D remains the structured low-frequency noise unremoved whereas FFDNet
removes successfully such kind of noise. As a result, we can conclude that while the
nonlocal self-similarity prior helps to remove random noise, it hinders the removal
of structured noise. In comparison, the prior implicitly learned by CNN is able to
remove both random noise and structured noise.

Figure 4.11 shows a more challenging example to demonstrate the advantage of
FFDNet for denoising noisy images with spatially variant noise. As one can see,
while FFDNet with a small input noise level can recover the details of regions with
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Fig. 4.9 Grayscale image denoising results by different methods on real noisy images. From top
to bottom: noisy images, denoised images by BM3D, denoised images by FFDNet.a o0 = 15; b o
=10;c0=20;do =20

low noise level, it fails to remove strong noise. On the other hand, FFDNet with a
large input noise level can remove strong noise but it will also smooth out the details
in the region with low noise level. In comparison, the denoising result with a proper
nonuniform noise level map not only preserves image details but also removes the
strong noise.

4.3.7 Running Time

Table 4.4 lists the running time results of BM3D, DnCNN and FFDNet for denoising
grayscale level and color images with size 256 x 256,512 x 512, and 1,024 x 1,024.
The evaluation was performed in Matlab (R2015b) environment on a computer with
a six-core Intel(R) Core(TM) i7-5820K CPU @ 3.3 GHz, 32 GB of RAM and a
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Fig. 4.10 Color image denoising results by different methods on real noisy images. From top to
bottom: noisy images, denoised images by CBM3D, denoised images by FFDNet.ac =28; b o =
12;¢c0=10;d o =45

(b)

Fig. 4.11 An example of FFDNet on image “Glass” with spatially variant noise. a Noisy image;
b denoised image by FFDNet with o = 10; ¢ denoised image by FFDNet with o = 35; d denoised
image by FFDNet with nonuniform noise level map
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Table 4.4 Running time (in seconds) of different methods for denoising images with size 256 x
256,512 x 512, and 1,024 x 1,024

Methods | Device 256 x 256 512 x 512 1024 x 1024
Gray Color Gray Color Gray Color
BM3D CPU(ST) |0.59 0.98 2.52 3.57 10.77 20.15
DnCNN | CPU(ST) |2.14 2.44 8.63 9.85 32.82 38.11
CPUMT) | 0.74 0.98 341 4.10 12.10 15.48
GPU 0.011 0.014 0.033 0.040 0.124 0.167
FFDNet | CPU(ST) | 0.44 0.52 1.81 2.14 7.24 8.51
CPUMT) | 0.18 0.19 0.73 0.79 2.96 3.15
GPU 0.006 0.007 0.012 0.016 0.038 0.054

Nvidia Titan X Pascal GPU. For BM3D, we evaluate its running time by denoising
images with noise level 25. For DnCNN, the grayscale and color image denoising
models have 17 and 20 convolutional layers, respectively. The Nvidia cuDNN-v5.1
deep learning library is used to accelerate the computation of DnCNN and FFDNet.
The memory transfer time between CPU and GPU is also counted. Note that DnCNN
and FFDNet can be implemented with both single-threaded (ST) and multi-threaded
(MT) CPU computations.

From Table 4.4, we have the following observations. First, BM3D spends much
more time on denoising color images than grayscale images. The reason is that, com-
pared to gray-BM3D, CBM3D needs extra time to denoise the chrominance com-
ponents after luminance-chrominance color transformation. Second, while DnCNN
can benefit from GPU computation for fast implementation, it has comparable CPU
time to BM3D. Third, FFDNet spends almost the same time for processing grayscale
and color images. More specifically, FFDNet with multi-threaded implementation
is about three times faster than DnCNN and BM3D on CPU, and much faster than
DnCNN on GPU. Even with single-threaded implementation, FFDNet is also faster
than BM3D. Taking denoising performance and flexibility into consideration, FFD-
Net is very competitive for practical applications.

4.4 CNN Denoiser Prior Based Image Restoration

Motivated by the impressive achievement on image denoising, it is natural to ask
whether CNNs can be applied to more general image restoration tasks. Although
CNNs can be directly adopted with promising performance and fast testing speed,
their application range is greatly restricted by the specialized task. In contrast, model-
based optimization methods are flexible for handling different inverse problems but
are usually time-consuming with sophisticated priors for the purpose of good per-
formance. Fortunately, it has been revealed that, with the aid of variable splitting
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techniques such as alternating direction method of multipliers (ADMM) algorithm,
half quadratic splitting (HQS) algorithm, and the primal-dual algorithm [6], denoiser
prior can be plugged in as a modular part of model-based optimization methods to
solve other image restoration problems, and particularly, the regularization term only
corresponds to a denoising subproblem [7, 16, 33, 41, 53]. Consequently, such an
integration induces considerable advantage when the denoiser is based on CNN.

Very recently, various methods have been proposed to incorporate the CNN
denoiser prior into model-based optimization methods. In those methods, the CNN
denoiser can be either pretrained or jointly trained with data fidelity term for a
specific task. In other words, there exist two general CNN denoiser prior based
frameworks, i.e., model-based optimization and discriminative learning, for differ-
ent image restoration tasks. In this section, we focus on the former since once the
CNN denoiser is trained, no additional training is needed for other tasks. As for the
variable splitting algorithm, we choose half quadratic splitting (HQS) algorithm due
to its simplicity.

In the following, we first give a brief review of HQS algorithm and then show
how to plug CNN denoiser into the optimization procedure to solve other image
restoration problems, including image deblurring, single image super-resolution,
and image inpainting.

4.4.1 Half Quadratic Splitting Algorithm

In general, the purpose of image restoration is to recover the latent clean image
x from its degraded observation y = Hx + v, where H is a degradation matrix, v
is additive white Gaussian noise of standard deviation o. By specifying different
degradation matrices, one can correspondingly get different image restoration tasks.
Three classical IR tasks would be image denoising when H is an identity matrix,
image deblurring when H is a blurring operator, and image super-resolution when
H is a composite operator of blurring and downsampling.

Due to the ill-posed nature of general image restoration problems, regularization
needs to be imposed to constrain the solution. Mathematically, the latent clean image
of a degraded image y can be estimated by solving the following MAP problem:

1
X = argmin mlly — Hx|> + 1 (x) (4.10)

where the solution minimizes an energy function composed of a data fidelity term
# lly — Hx||?, a regularization term ®(x) and a trade-off parameter A.

In HQS, by introducing an auxiliary variable z, Eq. (4.10) can be reformulated as
a constrained optimization problem which is given by

1
ﬁ:argminxﬁny—Hxllz—}-MD(z) s.t. Z=X 4.11)
g
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Then, HQS tries to minimize the following cost function:
! 2 H 2
L,(x,z) = Flly—HXII +?»<I>(Z)+5||Z—XII (4.12)

where p is a penalty parameter which varies iteratively in a non-descending order.
Equation (4.12) can be solved via the following iterative scheme:

X1 = argmin|ly — Hx|)* + po?[x — z; > (4.13a)
201 = argmin, =2 — X |2 + A0 (2). (4.13b)

As one can see, the data fidelity term and regularization term are decoupled into
two individual subproblems. Specifically, the data fidelity term is associated with
a quadratic regularized least-squares problem (Eq. (4.13a)) which has various fast
solutions for different degradation matrices. A direct solution is given by

Xer1 = (H'H+ pno’ D' H'y + po’z) (4.14)

The regularization term is involved in Eq. (4.13b) which can be rewritten as

Ziy1 = argmin, —z|? + A0 (z) (4.15)

1
2T et

Equation (4.15) corresponds to denoising the image x;,; by a CNN-based Gaus-
sian denoiser with noise level /T/u. As a consequence, any CNN-based Gaussian
denoisers can be acted as a modular part to solve Eq. (4.10). To address this, Eq. (4.15)
can be rewritten as

Zip1 = FXiq1, v 1/10) (4.16)

We point out that the CNN denoiser from Eq. (4.15) should be designed for AWGN
removal and the noisy image in the training should not be quantized to 8-bit integer
values.

So far, we have obtained that the image prior ®(-) can be implicitly replaced
by a denoiser prior. Such a promising property actually offers several advantages.
First, it enables to use fast and effective CNN-based denoisers to solve a variety of
inverse problems. Second, the explicit image prior ®(-) can be unknown in solving
Eq. (4.10). Third, several complementary denoisers which exploit different image
priors can be jointly utilized to solve one specific problem.
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4.4.2 CNN Denoisers and Parameter Setting

For the architecture of the CNN denoiser, it consists of seven layers with three
different blocks, i.e., “Dilated Convolution+ReLLU” block in the first layer, five
“Dilated Convolution+Batch Normalization+ReLU” blocks in the middle layers,
and “Dilated Convolution” block in the last layer. The dilation factors of (3 x 3)
dilated convolutions from first layer to the last layer are set to 1, 2, 3, 4, 3, 2, and
1, respectively. The number of feature maps in each middle layer is set to 64. We
trained a set of denoisers on noise level range [0, 50] and divided it by a step size
of 2 for each model, resulting in a set of 25 denoisers for each grayscale and color
image prior modeling.

Once the denoisers are provided, the subsequent crucial issue would be parameter
setting. There involve two parameters, A and p, to tune. For the setting of A, since
it is implicitly optimized in the CNN denoiser and can be absorbed into o, one
can instead tune o to obtain the best results. In practice, this can be achieved by
multiplying o by a scalar around 1. For the setting of w, it is better to set the noise
level of denoiser in each iteration to implicitly determine w. Note that the noise level
of denoiser /1/u should be set from large to small. In the following experiments, it
is decayed exponentially from 49 to a value in [1, 15] for 30 iterations. Note that all
the experimental results are reproducible, and the source code can be downloaded
from https://github.com/cszn/IRCNN.

4.4.3 Image Deblurring

For image deblurring, by assuming the convolution is carried out with circular bound-
ary conditions, the fast implementation of Eq. (4.13a) is given by

T 2
T (f(k)f(y) + uo f(z@) 1)

FEK)FK) + po?

where the F(-) and F~!(-) denote the fast Fourier transform (FFT) and inverse FFT,
F(-) denotes complex conjugate of F(-) and k is a blurring kernel corresponding to
the degradation matrix H.

Figure 4.12 gives an example of IRCNN for image deblurring. It can be seen that
IRCNN can yield visually pleasant result with sharp edges and fine details.

4.4.4 Single Image Super-Resolution

There exist several degradation settings for single image super-resolution (SISR),
among which bicubic degradation (default setting of Matlab function imresize) and
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Fig. 4.12 An example of IRCNN for image deblurring. a Blurred image with estimated kernel by
Pan et al. [30]; b Deblurring result

Fig. 4.13 An example of IRCNN for single image super-resolution (the blur kernel is a motion
blur, the scale factor is 2). a LR image with motion blur kernel; b SISR result

Gaussian blurring followed by anti-aliasing downsampling are the two most widely
used ones. For these two degradations, we use the following back-projection iteration
to solve Eq. (4.13a),

X1 =2 — &Y = % bo) Mheuvic (4.18)

where | ¢ denotes the degradation operator with downscaling factor sf, stj;cu pic TED-
resents bicubic interpolation operator with upscaling factor sf, and « is the step size
which is fixed to 1.75.

It is worth noting that when the downsampler is the standard K-fold downsampler
(Matlab function downsample), Eq. (4.13a) has a fast closed-form solution by bene-
fiting FFT [7]. Furthermore, the blur kernel can go beyond Gaussian blur. Figure 4.13
shows an example of IRCNN for super-resolving LR image degraded by motion blur-
ring and standard K-fold downsampler. It can be seen that the super-resolved image
is much more visually pleasing than the LR image.
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(b)

Fig. 4.14 An example of IRCNN for image inpainting. a Original image with overlaid text; b
inpainting result

4.4.5 Image Inpainting

For image inpainting, Hx can be rewritten as M © x, where M is matrix with binary
elements indicating the missing pixels of y, and © denotes elementwise multiplica-
tion. A closed-form solution of Eq. (4.13a) is given by

Xip1 = MOY + puo’z) @ M+ po’) (4.19)

where @ denotes elementwise division.
Figure 4.14 shows an example of IRCNN for image inpainting. As one can see,
there is no visible artifacts in the inpainted image.

4.5 Challenges and Possible Solutions

While the image denoising for AWGN removal has been well-studied, little work
has been done on real image denoising. The main difficulty arises from the fact
that real noises are much more sophisticated than AWGN and it is not an easy
task to thoroughly evaluate the performance of a denoiser. Figure 4.15 shows four
typical noise types in real world. It can be seen that the characteristics of those
noises are very different and a single noise level may be not enough to parameterize
those noise types. In most cases, a denoiser can only work well under a certain
noise model. For example, a denoising model trained for AWGN removal is not
effective for mixed Gaussian and Poisson noise removal. This is intuitively reasonable
because the CNN-based methods can be treated as general cases of Eq. (4.3) and
the important data fidelity term corresponds to the degradation process. In spite of
this, the image denoising for AWGN removal is still valuable due to the following
reasons. First, it is an ideal test bed to evaluate the effectiveness of different CNN-
based denoising models and learning algorithms. Second, in the unrolled inference
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Fig. 4.15 Different noise types. a Additive white Gaussian noise; b interchannel correlated Gaus-
sian noise; ¢ JPEG compression noise; d low-frequency noise

via variable splitting techniques, many image restoration problems can be addressed
by sequentially solving a series of Gaussian denoising subproblems, which further
broadens the application fields.

To improve the practicability of a CNN denoiser, perhaps the most straightforward
way is to capture adequate amounts of real noisy-clean training pairs for training so
that the real degradation space can be covered. This solution has advantage that there
is no need to know the complex degradation process. However, deriving the corre-
sponding clean image of a noisy one is not a trivial task due to the need of careful
postprocessing steps, such as spatial alignment and illumination correction. Alter-
natively, one can simulate the real degradation process to synthesize noisy images
for a clean one. However, it is not easy to accurately model the complex degrada-
tion process. In particular, the noise model can be different across different cameras.
Nevertheless, it is practically preferable to roughly model a certain noise type for
training and then use the learned CNN model for type-specific denoising.

Besides the training data, the robust architecture and robust training also play vital
roles for the success of a CNN denoiser. For the robust architecture, designing a deep
multiscale CNN which involves a coarse-to-fine procedure is a promising direction.
Such a network is expected to inherit the merits of multiscale [23]: (i) the noise level
decreases at larger scales; (ii) the ubiquitous low-frequency noise can be alleviated
by multiscale procedure; and (iii) downsampling the image before denoising can
effectively enlarge the receptive field. For the robust training, the effectiveness of
the denoiser trained with generative adversarial networks (GAN) for real image
denoising still remains uninvestigated. The main idea of GAN-based denoising is to
introduce an adversarial loss to improve the perceptual quality of denoised image.
A distinctive advantage of GAN is that it can do unsupervised learning, and thus
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is expected to be helpful in training denoising CNNs without ground-truth clean
images.
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Chapter 5 ®)
Gaussian Priors for Image Denoising Guca i

Julie Delon and Antoine Houdard

Abstract This chapter is dedicated to the study of Gaussian priors for patch-based
image denoising. In the last 12 years, patch priors have been widely used for image
restoration. In a Bayesian framework, such priors on patches can be used for instance
to estimate a clean patch from its noisy version, via classical estimators such as the
conditional expectation or the maximum a posteriori. As we will recall, in the case of
Gaussian white noise, simply assuming Gaussian (or Mixture of Gaussians) priors on
patches leads to very simple closed-form expressions for some of these estimators.
Nevertheless, the convenience of such models should not prevail over their relevance.
For this reason, we also discuss how these models represent patches and what kind
of information they encode. The end of the chapter focuses on the different ways in
which these models can be learned on real data. This stage is particularly challeng-
ing because of the curse of dimensionality. Through these different questions, we
compare and connect several denoising methods using this framework.

5.1 Introduction

This chapter focuses on patch priors for image denoising. In the last decade, patch-
based models (also known as nonlocal models) have created a new paradigm in
image processing, leading to very significant improvements both for classical image
restoration problems (denoising, inpainting, interpolation) or for image synthesis and
editing. These models represent images by a set of local neighborhoods or patches,
and make them collaborate regardless of their spatial position in the image, relying
on the observation that most natural images present a remarkable redundancy at a
semi-local scale. A patch y;(v) is a piece (most of the time a square) of an image v
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centered at the pixel i. As pointed out by Mumford and Desolneux [1], patches are
“the analogs of the phonemes of speech”.

Patch-based models have been the subject of numerous works, especially in the
context of image denoising. Assuming that the noise is additive, image denoising
amounts to estimate an image u from its noisy version v € R™ (m is the image size)
such that

v=u-+e, 5.1

with € anoise with known statistics (not necessarily Gaussian). In digital cameras, the
two major sources of noise during the acquisition process are the thermal agitation,
which produces an almost white and Gaussian noise, and the discrete nature of
light, which is behind the photon shot noise, modeled as a Poisson variable (for a
complete description of the sources of noise in a digital camera, see [2]). Stabilizing
the noise variance by a generalized Anscombe transform [3] results in a noise model
well approximated by a white Gaussian noise ¢ ~ .4(0, 0*1,,). The vast majority of
works on image denoising focus on this simplified model and it is also our assumption
in this chapter.

In this framework, patch-based methods usually attempt at rewriting (5.1) into
a degradation model that can be expressed for each patch separately. All patches
{vi,i=1,...,m}of size p =s X s are first extracted from the image v and seen
as noisy vectors in a high dimensional space, as illustrated in Fig.5.1 (in the whole
chapter, when writing patches as vectors, we assume that the patches are read colum-
nwise). Then the noisy patches are restored sequentially, before reconstructing the
whole image. The degradation model on the patches becomes

yi=xi+e&, ie€f{l,...,m} (5.2)

Fig.5.1 Image patches can be seen as vectors in a high-dimensional space. Most of the patch-based
methods use the patch space of an image which is the set of all the sliding patches of size p =5 x s
extracted from the image
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where x; is the patch centered at pixel i in u, y; the same patch in v, and ¢; the
additive noise. In practice, it is almost always assumed that the {¢;,i =1, ..., m}
are independent samples from the Gaussian distribution .4 (0, 0°1,,), although this
hypothesis is obviously wrong since patches are overlapping. We will briefly discuss
this issue in Sect. 5.4, along with the aggregation of the restored patches to reconstruct
the whole image.

The first denoising methods relying on patches appear in 2004 [4-7]. Among
these methods, one of the most popular remains the Non-Local Means [7], which
sees similar patches as independent realizations of the same distribution and averages
these repeated structures to reduce noise variance. If numerous approaches have built
on the same core ideas since 2004, the recent and most convincing approaches in
patch-based denoising rely on a Bayesian reformulation of the denoising problem,
using local or global statistical priors for the distribution of each patch [8—13]. Under
the white Gaussian noise model (5.2), the conditional distribution of a noisy patch y
knowing its original version x (we omit the index i in the following) can be written

2
Ix=yl=

p(ylx) occe 7. (5.3)

The Bayesian model assumes that the original patch x is a realization of a random
vector X with a probability distribution p(x) called the prior distribution. Therefore,
the noisy patch y is a realization of the random vector

Y=X+N, (5.4)

with N ~ .40, 021 »). Under these hypotheses, and assuming that N and X are
independent, we can compute the posterior distribution

=yl

p(x]y) o p(ylx)p(x) o™ =7 p(x). (5.5

Ideally, in order to reconstruct the (unknown) original patch x from the degraded
version y, we would like to compute the conditional expectation E[X|Y] (i.e., the
mean of the posterior distribution), which minimizes the quadratic risk under the pre-
vious model. This estimator is also called the minimum mean square error (MMSE)
estimator. In practice, computing this conditional expectation is often complex, and
it is classical to compute instead the affine function (called linear MMSE) of ¥ min-
imizing the quadratic risk, i.e., the affine estimator DY + o« (with D a p x p real
matrix and « a vector in R”) minimizing the risk

E[|DY +«a — X|*].
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This affine estimator is called the Wiener estimator and will be denoted Eyy;oper [ X Y]
in the following. It can be easily shown by deriving the previous risk that (assuming
that the following quantities exist),

Ewiener[X|Y]=E[X]+ Zx.y Ty (Y — E[Y]), (5.6)

where Xy y := E[(X — E[X])(Y — E[Y])!]and Zy := E[(Y — E[Y])(Y — E[Y])]. This
affine estimator only relies on second-order moments of the signal and noise. Under
model (5.4) and assuming that N and X are independent, the Wiener estimator
becomes

Ewiener [X|Y] = E[X] + Zx(Zx +0°1,)"' (Y = E[Y]), (5.7)

with X'y the covariance matrix of the random vector X.
Another classical solution to reconstruct x is to compute the maximum (MAP) of
the a posteriori distribution p(y|x), which yields

X(y) = argmax p(x|y) = argmax p(y|x) p(x)
xeRp xeRP

= arg min — log p(y|x) — log p(x)
xelRP

-l =yl
= arg min ———

xeR? 202 log p(x).

From this point of view, restoring each patch is equivalent to solve a variational
problem, with a quadratic fidelity term and a smoothness term derived from the
prior.

The most convenient prior for computing the previous estimators is the Gaussian
distribution. Indeed, on the one hand, Gaussian priors are well suited to encode patch
structures with some kind of contrast invariance, as we will see in Sect.5.2. On the
other hand, under a Gaussian prior, the conditional expectation, Wiener estimator, and
MAP coincide, as we will see in Sect. 5.3. For these reasons, these priors are favored
in most recent works on patch-based image denoising [8, 12, 14]. A slightly more
involved prior used in the literature is the Gaussian Mixture Model (GMM) [9-11,
13, 15]. In this case, computing the conditional expectation remains simply tractable.
All these works differ among other things in the way they infer the parameters of
the Gaussian or GMM distributions. These distributions live in R” and estimation
in such high-dimensional spaces is complex. We will see in Sect.5.5 the different
possibilities to infer these parameters and how some of these works tackle the curse of
dimensionality. Figure 5.2 illustrates the main steps common to all these patch-based
denoising methods, and each of these steps is described in the following sections.
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_Ipput: noisy image

patch
extraction
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the log-likelihood
L(y:0) = =Y log (¢(y:;6))
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Fig. 5.2 The whole process of patch-based image denoising with Gaussian prior models. First,
patches are extracted from the noisy image. Next, these noisy patches are grouped and modeled
with local Gaussian models or Gaussian mixture models, whose parameters are inferred by maxi-
mum likelihood (Sect.5.5). Each patch is then denoised with an estimator derived from the model
(Sect.5.3). Finally, the clean patches are aggregated to recover the denoised image (Sect. 5.4)
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5.2 What Is Encoded in Gaussian and GMM Priors?

Before going into the details of estimation under Gaussian priors, we provide in
this section a few insights on the actual structures they encode. Assume a Gaussian
model A4 (u, X) for p =5 x s patches (u € R? and X' € .#,(R)). The diagonal
coefficients of the covariance matrix X' represent the variance of each pixel in the
patch, while the non-diagonal coefficients represent the covariances between pixels.
A positive covariance coefficient means that the two pixels tend to be either both
greater or smaller than their means, while a negative coefficient implies that they
tend to be on opposite sides of their means. Since we are dealing with Gaussian
vectors, a null covariance coefficient means that the two pixels are independent.
Clearly, if X' is purely diagonal, patches drawn from the model .4 (u, X) will only
be noisy versions of the mean patch . In this case, the only structure information is
contained in p. More interesting models contain geometric information directly in
the covariance matrix X

To illustrate this point, we propose to create models encoding different patch
structures. For instance, in order to model a vertical edge, we define a Gaussian
distribution with constant mean p = (0.5, ...,0.5) and a covariance matrix with
coefficient 1 in the second and third quarter of X, and coefficient O in the first and
fourth quarters of X (see Fig.5.3). In this simplistic example, the matrix X has rank
two, with (non trivial) eigenvectors (1,...,1,0,...,0)and (0,...,0,1,..., 1), s0
all the patches drawn from this distribution can be written 0.5 + (o, ..., a, 8, ..., B)
with o ~ A47(0, 1) and B ~ .47(0, 1). These patches all contain a vertical edge in
their middle, with gray levels « and B on both sides of the edge. In this example,
we see that the model encodes a structure and authorizes different contrasts on both
sides of the structure. With the same mechanic, we can create a covariance matrix
encoding any desired shape, see for instance Fig.5.4. Again, the samples from the

i
iINEl 1
Fig. 5.3 Left: a covariance matrix X with 1 (white) on the second and third quarters, and 0 (black)

on the first and fourth quarters. Right: patches drawn from the Gaussian distribution .4 (p, X') with
( a constant patch equal to 0.5
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Fig. 5.4 Left: a covariance matrix X~ composed of 1 (white) and 0 (black). Right: patches drawn
from the Gaussian distribution .4 (1, X') with u a constant patch equal to 0.5

Fig. 5.5 Left: a covariance matrix X' learned as the sample covariance matrix of a set of vertical
edges at different spatial positions, and with also different choices of gray levels on both sides of
the edge. Right: patches drawn from the corresponding Gaussian distribution .4 (i, X') with u a
constant patch equal to 0.5

corresponding distribution exhibit all possible gray levels in the different regions
defined by the covariance matrix, even if all these gray levels are not all equally
likely.

Now, although these models authorize contrast changes or contrast inversions, they
are not well suited to encode geometric invariances on patches. For instance, if we
try to learn a model encoding different vertical edges with invariance to translation,
we end up with an average model encoding a vertical gradient image (see Fig.5.5).
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5.3 How to Derive Estimators Under Gaussian and GMM
Priors

Now that we have seen more precisely what could be contained in Gaussian priors,
we will now see more precisely how they can be used to derive estimators under the
Bayesian model described in the introduction.

In the whole section, we assume that we work with the model (5.4)

Y=X+N,

with N ~ A4(0, 21 ») independent from X. We wish to estimate X knowing Y.

We first recall some classical results on the conditioning of Gaussian vectors, and
on the links between the conditional expectation, Wiener estimator and MAP for
Gaussian and GMM priors. These different estimators will serve in the rest of the
chapter as denoising strategies for image patches.

5.3.1 Estimation with Gaussian Priors

We first assume that X follows a Gaussian distribution 4 (uy, Xx) and that the
noise N is independent from X. The classical properties of Gaussian vectors make
it possible to show that in this case the estimator E[ X |Y] is an affine function of ¥
(thus equivalent in this case to the Wiener estimator). Indeed, recall that if (T, V)
is a Gaussian vector, then the conditional expectation E[T'|V] is the affine function
of V

E[T|V]=E[T]+ ET,VZ‘;l(V — E[V])), (5.8)

where X'y is the covariance matrix of V and X7y = E[(T — E[T])(V — E[V])] (if
X'y is not full rank, the result is still true by taking the Moore—Penrose pseudo-inverse
of X V)-

Now, if X and N are independent Gaussian random vectors, the concatenated
vector (X,Y) = (X, X 4+ N) is also Gaussian. We directly deduce the following
result.

Proposition 1 Assume that X and Y follow the model (5.4), with X ~ N (ux, Xx)
and N ~ (0, 021 ) independent, then the conditional expectation and Wiener
estimator of X knowing Y coincide and can be written

E[X|Y] = Ewione [X|1Y] = px + Zx(Zx +021,) (¥ — ux).

Proof Onthe one hand, since (X, Y) is a Gaussian vector, the conditional expectation
E[X]|Y] can be written
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E[X|Y] = E[X]+ Zx,y X, ' (Y —E[Y])
= E[X]+E[(X — E[X))(X + N — E[X + N)'I(Zx +021,)" (¥ — E[Y]).
= E[X]+ Zx(Zx +021,) " (¥ —Elr])
= pux + Zx(Zx + 02 1) " (Y — py).

Under the same hypothesis, if we try to maximize the a posteriori probability on
the patch X, we obtain

aIgm}z(lxlogIP’[X|Y] = arg m}e{lx (logP[Y|X]+ log P[X])

= argmin ((X —V (X —V)/0? + (X —E[X) Ty (X - JE[X])) .

We check easily that the solution of this minimization problem is also given by
Y(Y) = px + Zx(Zx +0°1,) 7 (¥ — puy).

Said otherwise, for a Gaussian prior, the MMSE, linear MMSE and MAP all
coincide and all these estimators only require linear operations. This property makes
Gaussian priors particularly convenient in practice and explains their success in the
restoration literature.

We can illustrate the interest of this estimator on the Gaussian model A4 (uyx, Xx)
presented in Fig. 5.3 and representing a vertical edge. If X is an (unknown) realization
of this model and ¥ = X + N with N ~ .4(0, 61 ») independent from X, then

E[X|Y]willalsobe apatch (o, ..., a, B, ..., B) withe = 0.5 + W Z,ffl(Yk —

0.5)and 8 =0.5+ W > i=pj2r1(Ye — 0.5)(assuming p is even for the sake of
simplicity). Said otherwise, the denoised patch E[ X |Y ] represents the same vertical
edge as X and its values « and B on both sides of the edge are (if 0> <« p/2) the
averages of Y on these two half patches.

Figure 5.6 represents three denoising experiments with the previous estimator. On
the first line, a vertical edge is denoised with the Gaussian model of Fig.5.3. On the
second line, a “duck” patch is denoised with the Gaussian model of Fig.5.4. In both
cases, using the conditional expectation works extremely well because the Gaussian
model used in the estimator fits perfectly the image to be denoised. On the third
line, the noisy edge is denoised with the Gaussian model of Fig.5.5. In this case, the
denoised patch is constant on each column (since the model is learned from a set of
translated vertical edges). Although the model imposes a strong correlation between
columns of the first half of the patch on the one hand, and between columns of the
second half of the patch on the other hand, this is not enough to restore the patch
perfectly.
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11
e
11

Fig. 5.6 For each line, from left to right, clean patch, noisy patch (o = 10%), denoised patch with
the Wiener estimator. First line, the edge Gaussian model of Fig.5.3 is used to denoise (PSNR =
37.17). Second line, the duck Gaussian model of Fig. 5.4 is used to denoise (PSNR = 34.29). Third
line, the gradient model of Fig.5.5 is used to denoise (PSNR = 29.68). In this last case, the image
to be denoised is not well represented by the model and the result is less convincing

5.3.2 Estimation with Gaussian Mixture Models

The case of Gaussian Mixture Models is a bit more involved but remains globally
simple. Assume that X follows a Gaussian Mixture Model

K
X~y e (s 2, (5.9)

k=1
with Zle 7, = 1. There exists a latent random variable Z on {1, ..., K} such

that P[Z = k] = my and such that X|Z = k ~ N (g, Xy). In the following, we note
Y (v) the Wiener estimator for the kth Gaussian, i.e.,

V() = i + S (Zk +021) (o — ).

Under this model, we have the following proposition.
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Proposition 2 Assume that X and Y follow the model (5.4), with
X ~ Zle N (g, Xi) and N ~ A (0, JZI,,) independent, then the conditional
expectation of X knowing Y can be written as

K
E[X|Y] =) yx(Y)P[Z = k|Y). (5.10)
k=1

Proof To compute the conditional expectation, we can start by noting that if Z = &,
(X, Y) is a Gaussian vector and the results of the previous section apply. We can now
compute the conditional expectation

K
EIX | Y, Z]=9z(Y) =Y ya(¥)ze.

k=1

It follows that
E[X|Y]=E[E[X |Y,Z]| Y] because o(Y) Co(Y, Z)

K
=E[yz(Y) | Y1=) E[Y(V)1z— | Y]

k=1

K
= Z Yr(Y)E[1z—¢ | Y] because ¥ (Y) is o(Y)-measurable.
k=1
‘We deduce that

K K
E[X|Y] =) yu(NElz— | Y1= ) yu(VPIZ =k |Y].

k=1 k=1

The conditional expectation E[ X |Y] can be seen as a linear combination of affine
functions of Y, with weight P[Z = k|Y] representing the probability that the patch
belongs to the class k. However, the weights P[Z = k | Y] are not linear functions
of Y.

The expression of the Wiener estimator Ey;e..-[X|Y] can be deduced directly
from Eq. (5.7), by replacing E[X] by le i and X'y by the complete covariance
of the GMM.

Finally, computing the MAP arg maxy logP[X|Y] under a GMM prior on X
is much less convenient and does not lead to a closed-form solution. Indeed, it
boils down to compute the maximum of the posterior distribution, which is another
Gaussian Mixture distribution.
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In other words, the linear MMSE, MMSE, and MAP do not coincide for Gaussian
Mixture priors. In practice, the conditional expectation is favored since it is much
simpler to compute than the MAP.

5.3.3 Other Estimation Strategies

Estimation under Gaussian or GMM models has several links with other estimation
strategies found in the literature. For a noisy patch y, and a Gaussian model A4 (u, X'),
we have seen that the conditional expectation strategy consists in computing the
denoised patch

M =p+ZEZ+0) " (y— .

Now, if we consider the eigendecomposition ¥ = QAQ" with A = diag(A4, ...,
Ap), this can be rewritten

o .
M+o? A, 4o

X(y) =p+ Qdiag< 2) o' (y — w. (5.11)

More generally, denoting Q1, ..., Q, the columns of Q representing the eigenvec-
tors, we can write
P
R0 =p+ Y m (i — w) Ok, (5.12)
k=1

with n;(z) = Mlkaz z. Although the previous Wiener estimator is used in numerous
recent patch-based denoising methods [8, 11, 15], other choices are obviously pos-
sible for 7, such as hard or soft thresholding [16], or all estimators classically used
in diagonal estimation.

Writing ¥ = Q'(x — 1), we can see that the conditional expectation X(y) is also
solution of the optimization problem

~. N

>—'|><1
<

P
argmin [| 0% — (y — w)|* + 0’ %' A7 % = argmin | OF — (y - W2 +0?y L
X k=1

This permits to see the link between the previous approach and the dictionary-based
approaches, the dictionary here being given by Q and the second term corresponding
to a regularization of the solution x. Figure 5.7 represents the denoising of a noisy
patch with the same Gaussian model and two different denoising strategies: the
conditional expectation (Wiener) and hard thresholding at 2.7¢ (as recommended

n [16]).
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Fig. 5.7 Clean patch, noisy patch (10% noise), denoised patch with gradient model (from Fig.5.5)
and Wiener estimator (PSNR = 29.68 dB), and denoised patch with gradient model and hard thresh-
olding (PSNR =31.12dB, th=2.70)

5.4 From Patches to Images: Aggregation Procedures

In the previous sections, we have seen how to derive Bayesian estimators to perform
denoising on each patch separately. In this framework, each observed patch y; from a
noisy image v is denoised into x;, which is an estimate of the unknown patch x;. Each
pixel of the image v is contained in p patches, which provide p denoised versions for
this pixel. Most aggregation procedures consist in defining a reprojection function
Y R™*P — R™ which reconstructs an image from the set of its denoised patches.
Observe that since denoised patches usually do not coincide on their overlap, this
operation is not invertible. Moreover, since the noise on overlapping patches is not
independent, the p denoised versions of the pixel carry this dependence under the
form of low-frequency noise. In the literature, we find three main strategies for this
reprojection step:

e Central pixel reprojection. The idea is to keep only the central pixel of each
denoised patch.

¢ Uniform reprojection. All the estimators coming from the different patches con-
taining the pixel are averaged with uniform weights. This strategy is the most
commonly used in practice, and this is the one we use in this chapter for the sake
of simplicity.

e Weighted reprojection. All the estimators coming from the different patches
containing the pixel are averaged with weights representing the precision of the
corresponding estimator. For some details, see [14, 17, 18].

A more involved strategy is explored in [9]. The authors propose to reconstruct
the denoised image u as the solution of

LA
argmin = [lu — vIj3 - ;log p(x).

where the {x;} are the patches extracted from the unknown image u and p is a
GMM prior on the image patches. This formulation includes both the denoising and
aggregation step into a single variational problem.
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5.5 Inference of Gaussian and GMM Priors

Gaussian models and GMMs appear to be well suited for patch-based denoising.
However, the quality of the restoration strongly depends on the relevance of the
model. Unfortunately, in real denoising problems, the perfect model is never known
and the most challenging step is to find a good prior for each patch. In the literature,
we find essentially two strategies to learn these models. The first one consists in
learning the model on some external set of patches that represent the diversity of
natural images [9]. The second one consists in learning the model directly on the
noisy patches [8, 13, 15]. In this section, we discuss different approaches adopting
the second strategy. Before going further, we recall some basics about statistical
inference.

Given a set of patches {yy, ..., y,} € RP extracted from an image, we consider
them as independent realizations of a random variable Y with density ¢ depending
on some parameters 6. The parameters 6 of the model are inferred by maximizing
the likelihood of the data w.r.t. 8, where the likelihood is defined as

0y 0) =[]0 0). (5.13)
i=1
Maximizing the likelihood is equivalent to minimize the negative log-likelihood

ZL(y;60) = —log ((y; 0)) = — Y _log (¢ (y:; 0)), (5.14)

i=1

which is usually more convenient for computation.

In the context of denoising, we put a prior model on the random vector X represent-
ing the clean patches. When X follows a Gaussian model of parameters (ny, Xx),
resp. a Gaussian mixture model of parameters {my, pr, X }i=1. x,thenY = X + N
also follows a Gaussian model of parameters {uyx, Xy + oI, resp. a GMM of
parameters (7y, tr, Xy + o2I). Since Xy (resp. Xy) is positive semi-definite and
o >0, Xy 4+ 02l (resp. X + o21) is always positive definite. Thus, the random
vector Y always has a probability density function ¢ and the likelihood is always
defined.

5.5.1 Gaussian Models

In the case of a Gaussian prior X ~ 4 (ux, Xx) on the clean patches, the set of
parameters on the noisy patches is given by 6 = {uy, Xy} where Ty = Xy + 021
and puy = py. The negative log-likelihood for a set of noisy data {yj, ..., y,}
becomes
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1 n
S0 — & _ Ty —lo
z(y,m—z;(y w2y = ). (5.15)
1=

The computation of the maximum likelihood estimators (MLE) of the parameters,
i.e. argmin, £ (x; 0), for py and Xy yields the sample mean

l n
w = - i 5.16
iy (n) =~ ; y (5.16)
and the sample covariance matrix

~ 1 &
Sy =~ (i =) (i = ). (5.17)
i=1

Theses estimators depend on the number n of samples and from the strong law of
large numbers

Rr(n) =5 py and Zy(n) = Sy. (5.18)

This gives us an estimator Sy =2y — o2l for Ty satisfying

Sin) L5 3y (5.19)
n—oQ
In summary, for a given set of noisy patches {y, ..., y,}, we can easily compute

the MLE of the parameters (ux, X'x) for the Gaussian model on the underlying clean
patches. Now, since we showed in Sect.5.2 that Gaussian models are representing
really precise structures, the most challenging part is to choose the set of noisy
patches from which the model can be derived.

5.5.2 How to Group Patches to Infer Gaussian Priors?

In this section, we discuss how patches can be grouped in order to learn the previous
Gaussian models directly from a noisy image.

5.5.2.1 Global Gaussian Prior

The first really basic idea is to model the set of all image patches with a unique
Gaussian prior. In this case, we are modeling the whole “patch space” by a unique
Gaussian model of mean [y and covariance 3. This model poorly represents the
complexity of the patch space but still encodes some proper image information.
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Fig. 5.8 Visualization of the first 16 eigenvectors of the sample covariance matrix of the whole
patch space for two different images. Left: original images. Middle: the 16 first eigenvectors. Right:
patches generated with the low rank covariance matrix created from these eigenvectors

This modeling is adopted in [16] to perform a basic denoising by performing the
eigendecomposition Xy = QAQ" and denoising the patches with an estimator of
the form (5.12). Figure 5.8 illustrates the fact that the eigenvectors of the covariance
matrix learned on the whole patch space encode some proper information about the
image.

In this case, since the Gaussian model is very broad, we do not expect the Wiener
estimator to yield good results. But since the eigenbasis seems to encode some
proper information about the image patches, the hard-thresholding strategy manages
surprisingly good denoising. The second line of Fig.5.9 shows the denoising result
for this global grouping with the two denoising strategies and shows that in this case,
the hard-thresholding strategy is better than the Wiener one.

5.5.2.2 Spatially Local Gaussian Priors

To derive more precise prior models, it is necessary to group “similar” patches and
to restrict the inference to each of these groups. A first possibility is to group patches
based on their spatial proximity in the image. This makes sense in homogeneous
regions, but the risk is high to group patches representing really different structures.
The third line of Fig.5.9 shows that the result of this strategy is not really better,
PSNR-wise, than the result of the global strategy. However, the Wiener strategy for
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Clean Noisy Clean Noisy

Wiener Hard Thresholding Wiener Hard Thresholding

Local Global

Kmeans

e-close patches

Fig.5.9 Firstline: two images and their noisy versions (6 = 30). Columns correspond to denoising
strategies (Wiener or Hard thresholding). Lines correspond to grouping strategies: 1. one Gaussian
model for all patches (PSNR, from left to right: 29.18, 31.22, 25.94, 26.85dB), 2. K = 256 local
Gaussian models in the image space, see Fig.5.10 (PSNR, from left to right: 29.14, 30.72, 26.28,
26.88dB), 3. K =256 local Gaussian models from a k-means clustering, see Fig.5.10 (PSNR:
31.30, 31.09, 26.92, 27.08dB), 4. local Gaussian models for group of e-close patches (PSNR:
30.45, 29.65, 26.72, 25.95dB)
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Fig. 5.10 Left: the local grouping used in the local strategy. Middle and right: the grouping used
in the K-means strategy for the two images Simpson and Alley

this local approach seems nicer than in the global approach, while the result of the
hard-thresholding strategy does not really change.

5.5.2.3 Local Gaussian Priors in the Space of Patches

In order to learn more precise models, patches can be clustered directly in the patch
space and a Gaussian model can be inferred for each cluster. All patches from the
cluster can then be denoised using this model. This clustering implies to use an
appropriate similarity measure between patches. The fourth line of Fig.5.9 shows
such a denoising experiment with a K-means clustering relying on the Euclidean
distance, with K = 256 clusters (Fig.5.10 shows the corresponding clustering). This
usually yields a better denoising than the global and the local grouping strategies.

This way of grouping patches in the patch space together with a Wiener filtering
is also one of the main ideas behind the two steps of the NL-Bayes algorithm [8]. In
this algorithm, each patch y; is associated with the group of all its e-close patches
for the Euclidean norm. A Gaussian model is inferred from this group and the whole
group is denoised using this model. The final estimator for each patch is the average
of all its denoised versions. The NL-Bayes algorithm uses this strategy twice: in the
first step, distances are computed directly between noisy patches in R”; in the second
step, distances between patches are computed between the versions which have been
denoised during the first step. Grouping e-close patches presents the advantage of
putting together patches representing the same structures. However, a straightforward
one-step implementation (fifth row of Fig. 5.9) of this idea shows that it does not work
as well as expected in practice. Two major issues arise in this context:

e The high dimensionality of the patch space makes the estimation of the covariance
matrices difficult;

e The use of the Euclidean distance for grouping does not allow similar patches with
different contrast to be in the same group.

The first issue, discussed in Sect.5.5.4, is crucial and related to the curse of
dimensionality. Unfortunately, it is hardly taken into account in the image denoising
literature.
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To tackle the second issue, other norms were investigated in the literature [19].
Another idea is to use the Gaussian models previously learned for recalculating new
clusters. Indeed, each covariance matrix of the different Gaussian models provides
a semi-norm that can be used to recompute the e-nearest patches of each group.

5.5.3 Inference for Gaussian Mixture Models

The inference in the case of a mixture model is slightly more challenging since a
direct maximization of the likelihood is not possible. The negative log-likelihood of
the noisy data {yy, ..., y,} is given by

n K
ZL(y;0) =) log (Z mep (i ek)) (5.20)
i=I k=1

and the minimization of this function w.r.t 8 is a complex problem. However, if we
know to which group each sample x; belongs, the log-likelihood becomes

n K

L(y,z0) =) Y zulog (ud (yi; 60)) (5.21)

i=1 k=1

with z;; = 1 if y; belongs to the group k and O otherwise. -Z(y, z; 0) is the log-
likelihood of the data completed with the latent random variable Z that determines
the group from which the observations come from, thatis Y;|(Z; = k) ~ A (g, Xx)
and p(Z; = k) = my.

The EM algorithm consists in iterating two steps : the expectation (E) step that
calculates the expected value of (5.21) with respect to the conditional distribution
of Z given Y for the current value of the parameters 6, and the maximization (M)
step that updates the parameters by minimizing the expectation of the complete
log-likelihood from the E-step:

n K

E(Z(y.2:0) =YY E(ulx. 0)log (i (vi: 60) (5.22)

i=1 k=1

which leads to tractable expressions for the MLE of the parameters. It can be shown
(see for example [20]) that this algorithm converges to a local minimum of the log-
likelihood (5.20).

In the precise case of a Gaussian mixture model, the two steps of the algorithm
become
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e E-step, computation of #;; := E(z;|y;, 6)

is 6
= qub(y k) (523)
Z/:l P (yi; 61)
e M-step, update of the parameters
T ! zn:t (5.24)
T = — ik .
k= Z- k
>ty
i = S (5.25)
¢ Zi:l lik
= otk — i — r
5 Dict tik (Y _ i) i — 1)~ (5.26)
Do ik

Observe that if we impose the 7;; to be 1 when the patch i belongs to the group
k and 0 otherwise, the M-step consists in inferring the parameters of the Gaussian
models for the groups, while the E-step uses the knowledge of the inferred model to
update the groups themselves. This model provides a better clustering of the patches
than a K-means clustering with the Euclidean norm (which only produces isotropic
clusters) and consequently should yield better denoising results. This idea is used in
[11, 13, 21] and the GMM model on patches is also used in [10]. A straightforward
implementation of the denoising with a GMM model on the patches gives the result
in the first line of Fig.5.11. However, this inference of a GMM also strongly suffers
from the curse of the dimensionality and algorithms such S-PLE [11] or HDMI [13,
22] propose to use Gaussian Mixture models with intrinsic lower dimensions in order
to reduce the number of parameters to estimate, as detailed in the following section.

5.5.4 Inference in High Dimension

The dimensions of the patch spaces are usually high, from p = 9 (for 3 x 3 patches)
to p = 100 for 10 x 10 patches, or even higher. Estimating the parameters of Gaus-
sian models (or GMM) in such high-dimensional spaces is complex. When p is
large, patches seen as points in R? are essentially isolated, the Euclidean distance
and the notion of nearest neighbor become much less reliable than in low-dimensional
spaces [23]. These phenomena, known as the curse of dimensionality, cause diffi-
culties to decide which patches should be grouped together in a common Gaus-
sian model. Besides, parametric models such as Gaussian Mixture Models in high
dimension are usually over-parametrized: the covariance matrix of a Gaussian model
in dimension p = 100 contains 5050 different coefficients. They necessitate huge
quantities of data to be estimated correctly. Indeed, the convergence of the sample
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Fig.5.11 Firstline: denoising with a full GMM model (50 groups) on all the patches. The clustering
(left) is quite noisy and the denoising result (right) is not very good (PSNR: 28.50dB). Second line:
denoising with a GMM model (50 groups) with intrinsic dimension regularization as in [13]. The
clustering (left) is smoother and the denoising yields quite good results (PSNR: 31.23dB)

covariance matrices to the true covariance matrix depends on the ratio between the
number n of samples and the dimension p. More precisely, if n and p both tend
toward infinity while % tends toward a constant ¢ > 0, the eigenvalues of the sample

covariance matrix & (n) do not necessarily converge towards the eigenvalues of the
model covariance matrix (Marcenko-Pastur Theorem [24] describes the limit law of
the empirical distribution of these eigenvalues).

A consequence of the curse of dimensionality is that clustering methods such as
K-means or GMM are often disappointing in high dimension, or do not converge at all
if p is too large. Solutions to circumvent these problems usually rely on dimension
reduction, or regularization of the model parameters. For instance, if the sample
covariance matrix X is singular or ill-conditioned, or is not definite positive, it is usual
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to add a small 1, toit. This is the strategy followed by [8, 10]. In the case of Gaussian
Mixture Models, another approach consists in assuming that the intrinsic dimension
of the Gaussian is lower than p. This is the idea adopted in [11], where the groups’
intrinsic dimensions are heuristically fixed to 1 (flat regions), £ or p — 1. A more
involved method consists in inferring for each group its own intrinsic dimension [13]
(see Fig.5.11). The corresponding parsimonious model assumes that each Gaussian
of the mixture lives in its own specific subspace.

Table 5.1 This table summarizes the main features of the different methods mentioned in this
chapter. Each line refers to a patch-based denoising method and the reference paper where it has
been introduced. The columns correspond to the different steps we discussed in this chapter

Method Grouping | Modeling | Dimension | Remarks Denoising | Aggregation
reduction
Global [16] | All patches | Gaussian No - Wiener/HT | Uniform
models
Local [16] | Local Gaussian No - Wiener/HT | Uniform
grouping in | models
the image
space
K-means k-means in | Gaussian No - Wiener/HT | Uniform
the patch models
space
NL-Bayes | Nearest Gaussian No Flat areas | Wiener Uniform
[8] neighbors in | models are treated
the patch separately
space
PLE [10] GMM No MAP-EM | Wiener at Uniform
algorithm | each step of
the
MAP-EM
algorithm
S-PLE [11] GMM Yes Fixed MMLE Uniform
intrinsic
dimensions
HDMI [13] | GMM Yes Estimation | MMLE Uniform
of the
intrinsic
dimensions
EPLL [9] - GMM No GMM Variational formulation
parameters
inferred on
an external
base
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5.6 Discussion and Conclusion

In this chapter, we have focused on patch priors for image denoising. As we have
seen, assuming Gaussian and GMM priors on image patches is now quite common
in the restoration literature. These approaches yield simple image models, usually
quite easy to interpret. We have tried to provide a unified point of view for all of these
methods, in order to underline their similarities and differences. Table 5.1 summarizes

Alley Traffic Flowers

Clean

Noisy

NL-bayes [12]

FFDNet [24]

Fig. 5.12 Some denoising results for the RGB images Alley, Traffic and Flowers at o = 50 with
different methods of the literature. The NL-Bayes method is used with default settings and the
HDMI method uses K = 50 groups. FFDNet is used with a noise map at o = 50. Images should
be seen at full resolution on the electronic version of the chapter
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the main features of the methods mentioned in this chapter. We have also described
some of their limitations, such as the inference difficulties in high dimension or the
absence of invariance properties to geometric transformations.

While these patch-based methods have now reached a good level of maturity and
are used in both academic and industrial settings (the NL-Bayes [8] algorithm for
instance is behind the PRIME denoising technology in DxO PhotoLab software),
we cannot finish this chapter without mentioning the recent success of deep learning
methods in the restoration literature. These methods, which had already shown their
efficiency in computer vision, also started to show impressive results in the field of
image restoration and editing. Despite this success, their results are strongly depen-
dent on the learning databases and they often create new type of image artifacts. We
provide in Fig.5.12 color denoising results for several images and three denoising
methods: two patch-based methods relying either on local Gaussian models (NL-
Bayes [8]) or on Gaussian Mixture Models with specific low-dimensional subspaces
(HDMI [13]) and a state-of-the-art approach using convolutional neural networks
(FFDNet [25]). These three methods clearly show complementary strengths and
weaknesses. While FFDNet yields excellent results in smooth or constant areas, it
tends to oversmooth fine textures (window shutters in Alley, trees in Traffic). This
might come from the fact that these specific textures are not well represented in the
learning database. On the contrary, the GMM-based approach gives good results on
these repetitive structures but misclassifications tend to yield artifacts, for instance
under the form of low-frequency noise in flat areas. To conclude, we think that these
two paradigms should be seen as complementary rather than competitors.
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Chapter 6 ®)
Internal Versus External e
Denoising—Benefits and Bounds

Maria Zontak and Michal Irani

Abstract Image denoising has been a popularly studied problem for several decades
in image processing and low-level computer vision communities. Many effective
denoising approaches, such as BM3D, utilize spatial redundancy of patches (rela-
tively small, cropped windows) either within a single natural image, or within a large
collection of natural images. In this chapter, we summarize our previous finding
that “Internal-Denoising” (based on internal noisy patches) can outperform “Exter-
nal Denoising” (based on external clean patches), especially in the presence of high
noise levels. We explain this phenomenon in terms of “Patch Signal-to-Noise Ratio”
(PatchSN R), an inherent characteristic of a noisy patch that determines its prefer-
ence of either internal or external denoising. We further experiment with the recent
state-of-the-art convolutional residual neural network for Gaussian denoising. We
show that it closes the gap on the previously reported external denoising bounds.
We further compare its performance to internal local multi-scale Oracle (that has the
same receptive field as the network). We show that for patches with low PatchSNR,
the network does not manage to reconstruct the best “clean” patch that resides in
the network’s receptive field. This suggests that the future challenge of denoising
community is to train an image-specific CNN that will exploit local recurrence of
patches, without relying on external examples, as was recently successfully done
for super-resolution task. Combining such a model with external-based models may
push PSNR bounds further up and improve denoising by ~1-2 dB, especially for
higher noise levels.
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6.1 Introduction

Image denoising has been a popularly studied problem for several decades in image
processing and low-level computer vision. In this problem, we are given a corrupted
noisy image, Iy = I + N, and want to recover the original clean image /. This
problem is very under-constrained and ill-posed. Given a noisy image Iy, there
are many possible solutions of /, since the noise N is unknown. However, natural
images occupy only a tiny portion of the space of all possible solutions 7, a fact that
encouraged researchers to continue seeking for new ways to perform better natural
image denoising. Most of the proposed approaches assumed Gaussian additive noise
of zero mean and known variance o-2. We will follow this assumption in our discussion
below.

Until 2012, the most effective denoising approaches [1, 6, 7, 11, 21, 22] utilized
spatial redundancy of patches (relatively small, cropped windows) within a single
natural image, as well as within a large collection of natural images. The fact that
small image patches tend to recur within natural images has been successfully used
in many denoising algorithms, such that similar patches were combined to reduce
the effects of noise. The seminal patch-based methods were the Non-Local Means
(NLM) denoising of Baudes et al. [6, 7] and the K-SVD denoising of Aharonov and
Elad [1]. These methods were further improved by BM3D denoising [11] and LSSC
denoising of Mairal et al. [21, 22].

The Non-Local Means denoising [6, 7] solely relies on patch recurrence within a
single noisy image, and eliminates noise by averaging similar patches. While demon-
strating state-of-the-art performance upon publication, the NLM algorithm was lim-
ited by the ability of finding “true” similar patches in a noisy regime. This prob-
lem was addressed by the BM3D [11] algorithm, that suggested two-stage denois-
ing, where the image was first roughly denoised and afterwards the denoising was
refined by searching for similar patches in previously denoised image. This and
other improvements, such as a different strategy for combination of similar noisy
patches, made BM3D a very effective algorithm. Despite the “non-local” intention,
both Baudes et al. [6, 7] and Davob et al. [11] restrained the search for similar patches
to the relatively close vicinity of the patch. Usually, this was motivated by compu-
tational efficiency, however in [32], we explained that local neighborhood might be
more beneficial for performance as well. We elaborate on this in Sect.6.2.1.

The K-SVD denoising [1, 2, 12, 13], proposed to reconstruct an underlying clean
patch by sparsely representing a noisy patch with an over-complete learned dictio-
nary. Initially, such dictionary was learned from a big collection of clean natural
images [2], however later [13], the dictionary was directly learned from the patches
of a noisy image. Interestingly, the authors did not find any advantage of a particular
method. This might seem surprising, since “External” dictionary is learned from
patches of a large collection of clean images, while “Internal” dictionary is learned
from the patches of a noisy images. We analyzed and explained this surprising behav-
ior in [23]. We showed that some patches in the image benefit more from internal
denoising, while others benefit more from external denoising. As such, on average
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both algorithms can perform equally well. We elaborate on Internal versus Exter-
nal preference in Sect.6.2.2 and discuss the inherent patch characteristics, “Patch
Signal-to-Noise Ratio”, which determines this preference, in Sect. 6.2.3. We further
suggested how the power of Internal and External denoising can be combined in
Sect. 6.3.

Image denoising took a new, promising route with the revival of deep neural
networks. The general idea is simple, during the training stage, the network learns
how to map the provided noisy input into a clean output based on noisy-clean image
pairs from the external database of training examples. While the training stage is
time consuming, the test stage, especially if implemented on GPU, is fast, which
makes such networks very compelling. Several different architectures have been
proposed, including fully connected denoising autoencoders [29], multilayer per-
ceptron (MLP) [14] and convolution networks (CNNs) [4, 31]. While the denoising
autoencoders proposed in [29] did not manage to surpass the state-of-the-art, the
MLP [14] did. MLP network performed well when tailored to a specific noise level,
but lacked the ability to generalize to a blind denoising task, where the same net-
work should be able to perform well on several noise level. The residual denoising
convolutional neural network, which was introduced in [31], demonstrated that a
single neural network can address a wide range of noise levels, while still improving
the state-of-the-art PSNR. Inspired by ResNet [15], the authors proposed to learn
to reconstruct the noise, instead of the clean signal, and demonstrated substantial
improvement in PSNR values for both single noise-level denoising tasks and blind
denoising (as well as other image processing applications). This network was further
improved by [4], which suggested wavelet domain deep residual learning network
for Gaussian denoising task. The main idea of this paper is that image transform
into wavelet domain reduces the topological complexity of data and label manifold
and hence improves the network predictive power. In Sect. 6.4, we discuss how such
CNN-based methods perform with respect to the internal and external denoising
bounds, and we conclude that there is still room for improvement.

6.2 On the Preference of Local Denoising

The denoising problem has a rich history. Early work includes anisotropic denois-
ing [3, 25], various wavelet based techniques (e.g., [26]), and more. The underlying
principle in these techniques relies on the variance law in probability theory, which
ensures that if d independent noise samples are averaged, the noise standard devia-
tion diminishes by a factor of 1/ Jd. Thus, to denoise a noisy pixel, d — 1 similar
pixels should be averaged. Typically, the similar pixels were assumed to be found in
the immediate vicinity of the pixel to be denoised. The major leap in performances
happened in 2005, when Buades et al. [6] observed that the most similar pixels need
not necessarily be near. For example, periodic patterns, or elongated edges, which
appear in most images, have many similar pixels that do not lie in the close vicinity
of each other. Thus, in the Non-Local Means (NLM) algorithm, the noisy pixel is
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replaced by the mean value obtained from other image pixels, weighted by their
degree of similarity of their surrounding image patch to that of the denoised pixel:

. 1
u(p) = mzqem”u(@w(l’s q) . (6.1)

where u is the noisy image, p is the denoised pixel and the similarity weight w(p, q)
is typically based on the similarity of small images patches centered around the pixels
p and g (a similar formula can be applied to denoise a patch p).

The name “Non-Local” is somewhat misleading, as can be seen in the above
formula, only the pixels that are found in MNP a neighborhood centered around p
of size 2r + 1 x 2r 4 1, are averaged. In typical NLM implementation (as well as
in the state-of-the-art BM3D [11]), the radius r is relatively small, typically around
20 pixels. Usually, this choice is justified by computational efficiency considera-
tion. In [32], we showed that such a constrained search has performance advantages
beyond the computational ones. We elaborate on that next.

6.2.1 Internal Local Versus Global Denoising

When defining a neighborhood, the primary goal is to discover as many patches as
possible with similar underlying clean signal. In [32], we observed that an image
patch is much more likely to recur near itself than far away. By quantifying the patch
recurrence within an image, we showed that a patch density is high within its closest
vicinity, and that this density drops rapidly as the distance from the patch grows.

Our experiments were conducted on the 300 images from [5]. For each image patch
p, we estimated its empirical density within an image neighborhood .4, of radius
“dist” around the patch, using Parzen window estimation [24]: density(p; dist) =
> deN i J(lp — qII%) Jarea(N ), where g are all the image patches within a
spatial neighborhood .4y, and J,(-) is a Gaussian kernel. Averaging these indi-
vidually computed patch densities over the set of all patches with the same gradient
magnitude |grad|, we obtain the following average density:

Density(dist, |grad|) = Mean pyf|graq density(p, dist). (6.2)

The average number of “good Nearest Neighbors” NN within a distance dist from
the patch is defined as:

NN (dist, |grad|) = Density(dist, |grad|) - area(N ) . (6.3)

Note that the Parzen estimation does not distinguish between 10 perfectly similar
patches, and 100 partially similar patches. We loosely refer to these as 10 good NNs.
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Fig. 6.1 Internal statistics of a single natural image. (a—b The empirical density (dist, Igradl) of
patches and the number of “similar” patches, NN (dist, Igradl), as a function of the mean gradient
magnitude Igradl in the patch, and the spatial distance dist from the patch location (Red signifies
high values and blue signifies low values)

Figure 6.1a displays the empirical density Density(dist, |grad|) and Fig. 6.1b dis-
plays the number of “similar” patches NN (dist, |grad|), both as a function of the
mean gradient magnitude |grad| of the patch, and the spatial distance dist from the
patch location. In both maps, red signifies high values and blue signifies low val-
ues. Observing these maps, we note that a patch tends to recur densely in its closest
vicinity (small dist), and its frequency of recurrence decays rapidly as the distance
from the patch increases (see the zoomed-in part in Fig. 6.1a).

Namely, patches in a natural image are likely to reside in spatial clusters of similar
patches. Therefore, since a patch has enough similar patches in its close vicinity, it
is not surprising that NLM works well, despite its relatively local search.

However, what is surprising is that the local search is sometimes preferable over
a ‘global’ search in the entire image. Figure 6.2 visualizes this surprising finding.
We ran the NLM algorithm on the noisy image of Fig.6.2a, with three different
search regions: (i) 21 x 21, (ii) 200 x 200, (iii) the entire image. For each pixel in
the image, we marked which of the three search regions gave it the smallest error
relative to the ground-truth clean image (Fig.6.2b). We further note that relatively
smooth region (face, hair and background), which are characterized by low variance,
benefit more from locally constrained neighborhood, while more detailed patches
prefer bigger search regions.

This seems counterintuitive, because previously we explained that the noise stan-
dard deviation decreases by factor of v/d, where d is the number of averaged samples.
It is obvious from Fig. 6.1b that bigger neighborhoods contain more similar patches,
and therefore should be better for denoising. However, evidently this is not the case
for some patches. We will further analyze this phenomenon in Sect. 6.2.3.
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Search Regions:

Entire Image

(a) Noisy Image (b) Preferred Search Regions

Fig. 6.2 Preferred search regions per patch in NLM: Smooth patches obtain better denoising
results in local search regions; detailed patches benefit from large search regions

6.2.2 Internal Local Versus External Denoising

We further show that for some patches internal local search among the noisy sur-
rounding patches is preferable, even when compared to the external search in a
collection of clean images. Note that when searching for similar patches for a noisy
patch p, = p + n, we aim to find patches that fit the underlying signal p. Hence,
successful denoising will rely on existence of sufficiently similar patches to p among
the available patches. Next, we check how well a clean patch p is represented inter-
nally versus externally, in other words, we analyze internal versus external signal
fitting quality.

Figure 6.3 shows the root mean squared error (RMSE) between a clean patch p,
and the average of its most similar patches, i.e., its k-Nearest Neighbors (k-NNs),
computed for 7 x 7 patches. We examined three cases: (i) The k-NNs are selected
from an internal 21 x 21 neighborhood surrounding p (dotted curve); (ii) The k-
NNs are selected internally from the entire image (solid curve); (iii) The k-NNs are
selected from an external database of 200 images (dashed curve). The red color refers
to the 25% smoothest patches in the image (lowest var(p)), and the blue curve—to
the 25% most detailed patches in the image (highest var(p)). These results were
averaged over patches taken from 100 images.

Smooth patches (red curves) have many good NNs both internally and externally.
Averaging up to 100 NN yields approximately similar representation error for both
local internal and external searches. On the other hand, the detailed patches p (blue
curves) have much better representatives externally than internally. Averaging 100



6 Internal Versus External Denoising—Benefits and Bounds 157

@ Smooth p,, Int. Local
504 —=—Smooth p., Int. Global

—»—Smooth p., External
e 1@ Detailed p., Int. Local
— 4g} —>Detailed p., Int. Global !l
@ =»=Detailed p., External
= L
£
@
o
g
[
>
<
]
[N
= 10} ]
ol
0# o .|‘|.. TLaLn ||-|-.|.;'" -
0 100 200 300 400

Number of Averaged Nearest Neighbors

Fig. 6.3 Signal fitting: RMSE between a clean patch p and the average of its k-NNs (computed
for 7 x 7 patches). Dotted curve (Internal-Local): k-NNs selected from an internal 21 x 21
neighborhood around p; Solid curve (Internal-Global): k-NNs selected internally from the entire
image; Dashed curve (External): k-NNs selected from an external database. Red curves: the 25%
smoothest patches in the image; Blue curves: the 25% most detailed patches in the image (Statistics
over 100 images.)

internal NNs leads to a very high error. In fact, this error is much higher than aver-
aging any number k of external NNs in the graph. Thus, while smooth patches have
sufficient representation internally, detailed patches do not.

Moreover, once noise is added, the internal k-NNs (local or global) will be noisy,
whereas the external ones will not, giving additional advantage to external denoising.
Next we show that despite the apparent advantages of external denoising: better signal
fit and clean patches, it often performs worse than internal denoising for many image
patches.

Figures 6.4c, d show the denoising results of the Internal local NLM and External
NLM (using 7 x 7 patches) on the noisy image of Fig. 6.4b (Gaussian noise with
o = 35). Internally, each noisy 7 x 7 patch was denoised by taking a weighted
average of its neighboring noisy image patches (weighted by their degree of similarity
to the patch) within a local, 21 x 21 neighborhood. Externally, each noisy 7 x 7
patch was denoised by taking a weighted average of clean patches from an external
database of 200 clean natural images (taken from the train set of the BSDS300 [5]).
Note that while some parts of the image are indeed better recovered by the External
NLM (in particular, the textured regions, e.g., the woman’s hair), other parts (the
smooth regions, e.g., the woman’s face, the background) are poorly denoised using
external NLM and are better recovered by the Internal NLM.

Surprisingly, this phenomenon for Internal denoising versus External denoising
only grows as the noise level grows. This is illustrated in Fig. 6.5, which displays the
Internal versus External patch preference for three different noise levels (added to the
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(a) Or1g1nal (b) Nonsy mput(o‘ 35)
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(c) Internal NLM (24 lldB) () External NLM (24 64dB)

Fig. 6.4 Internal versus external denoising (NLM with 7 x 7 patches, o = 35). Internal NLM
is better for smooth patches; External NLM is better for detailed patches
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Fig. 6.5 Internal versus external patch preference. Patch preference between Internal and Exter-
nal NLM for different noise levels: Red marks external preference; Blue marks internal preference.
Note that the higher the noise in the image, the stronger the preference for internal denoising
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Fig. 6.6 Denoising error as a function of patch variance and patchSNR. Statistics performed
on 100 natural images (noise levels o = 15, 35, 55). Note that the threshold between Internal and
External preference depends only on the PatchSNR, and is independent of the global noise level o

image of Fig. 6.4a). For each noisy patch, we measured which of the two algorithms
denoised it better (i.e., obtained a smaller RMSE) with respect to the ground-truth
image of Fig.6.4a. Blue marks internal preference, red marks external preference.
Indeed, Fig. 6.5 shows that as the noise level grows (from left to right), more patches
prefer the Internal denoising. This observation is surprising and counterintuitive,
because one might expect that when the image patches are noisier, using clean patches
(from an external database) would be preferable. Surprisingly, this is not the case.

To empirically validate that our observations hold in general for natural images,
we repeated this experiment on 100 different natural images (taken from the test set
of BSDS300) for three different noise levels (o = 15, 35, 55).

Figure 6.6a shows the average denoising error (RMSE) as a function of the patch
variance (of the ground-truth clean patch). It further confirms that the preference
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(a) Patch dominated by noise (b) Patch dominated by signal
(has low PatchSNR) (has high PatchSNR)

Fig. 6.7 Signal versus noise dominance within a patch. The noisy patches a and b are the red and
blue patches marked in Fig. 6.4b. Patch a prefers Internal NLM, whereas Patch b prefers External
NLM

for Internal NLM gets stronger as the noise level grows (the threshold between the
Internal/External preference increases with the noise level o). Indeed, patches with
low variance (smooth or low-content patches) prefer Internal NLM, whereas patches
with high variance (patches with details) prefer External NLM.

6.2.3 Patch Signal-to-Noise Ratio (PatchSNR) and Its
Implication on Internal Versus External Preference

To understand the growing preference presented in Figs. 6.5 and 6.6a, consider the
smooth (blue) patch and the detailed (red) patch from Fig. 6.4b. In Fig. 6.7, we decom-
pose these noisy patches, p,, into their underlying signal, p, and added noise, n. The
smooth patch is dominated by noise n (Fig.6.7a), while the detailed patch is dom-
inated by signal p (see Fig.6.7b). In [23], we proposed to measure this dominance
using “Signal-to-Noise Ratio” of a noisy patch, defining it as

PatchSNR(p,) & [V (P)
var(n)

In the next section, we analytically show that patches with low PatchSN R(p,) are
prone to noise fitting instead of signal fitting. Moreover, the chance of such patches
to overfit the noise grows as their search space grows (e.g., to the entire image or to
a collection of external clean images). We further show that such noise-overfitting
is avoided by a local internal denoising. As the global noise level o increases, the
PatchSNR of each patch decreases. Therefore, more patches have lower PatchSNR
and hence more patches prefer Internal local denoising over External denoising.

To validate this claim empirically, Fig. 6.6b shows the RMSE per patch, but this
time plotted as a function of the PatchSNR. As can be seen, there is a clear threshold
between the Internal/External preference, which does not depend on the global noise
level o. This shows that the Internal/External denoising preference is tightly related
to the PatchSNR.
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6.3 Noise Overfitting

In this section, we quantify the noise overfitting phenomenon and its relation to the
PatchSNR. As previously assumed, the noise is an additive random noise, sampled
from Gaussian distribution with variance o2 and zero mean. In [6], the authors explain
that under this assumption, applying Euclidean distance between noisy patches (L,
norm of their differences) will yield:

E(lpy—gul» =E(lp—q+n, —ny|» =
Ip—ql*+ E(ln, —nqll*) = lp — qlI* +20%, (6.4

where n, and n, are the noise realizations added to patches p and g respectively.
By assumption, these noise realizations are independent from each other, as well
as from the signals p and ¢. The authors therefore conclude that in expectation the
Euclidean distance between noisy patches preserves the original similarity of clean
patches. However is this indeed the case for each patch p,?

In [23], we observed that although the mean of the noise in the entire image is
zero, in practice, the sample (empirical) mean of the noise within an individual
relatively small patch is not zero (as illustrated for 7 x 7 in Fig. 6.8b). Similarly, the
sample (empirical) variance within an individual relatively small patch is usually
not o2 (see Fig.6.8a).

Generally, given a sample of size d x d, consider d* independent random vari-
ables ny, ny, ..., ns, each corresponding to one randomly selected observation.
Each of these variables has the assumed Gaussian (0, o'2) distribution. The sample

mean is defined as :
= d—zEdzn,- , (6.5)

S

therefore, by the properties of means and variances of random variables, the mean
and variance of the sample mean are the following:

ui=pn & oz =o/d, (6.6)

For example, givena7 x 7 (d = 7) patch n of random noise sampled from Gaussian
distribution with (u = 0, 0 = 55), its sample mean n will be distributed around 0
with standard deviation approximately equal to 7.85, in agreement with the empirical
distribution shown in Fig. 6.8b (typically the spread of values for normal distribution
is u £ 30 = £23.55).

Similarly, we can talk about sample variance:

1 o?

ﬁxi’z (5 =307 ~ 5 X 6.7)
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Fig. 6.8 Deviations of empirical mean and variance (shown for o = 55): a Distribution of the
empirical variance of 7 x 7 random noise patches. b Distribution of the empirical mean of 7 x 7
random noise patches. ¢ Red curve—deviations of the mean of 7 x 7 clean natural patches w.r.t.
the central patch mean within a restricted 21 x 21 area. For comparison, the expected deviations
of random noise mean are overlayed on top (marked in blue)

where X5271 is a chi-squared distribution with > — 1 degrees of freedom. For exam-
dzdjloz « 552 and variance of

ple, for o = 55, the distribution will have mean of
Zdjl;l o2 which fits Fig. 6.8a.

In [23], we analyzed the influence of the difference between the expected and
sample values of mean and variance within a small patch on the denoising perfor-
mance. In particular, we observed that most of the inherent denoising error reported
in[17] for the case of optimal unconstrained external denoising, is due to overfit-
ting the nonzero (sample) mean of the noise within the patch (and is invariant of
the deviations of the noise variance within the patch). Next, we summarize these
findings.

(a) Overfitting the Noise Mean:

Given a noisy patch p, = p + n, let us denote the sample mean of n as n, which,
as we saw, is rarely zero. First, we need to adjust Eq.6.4 to the case of External
denoising, where g is a clean patch (i.e., n, = 0):

E(lpa —qI>) = E(lp —q +nl*) = Ip —qI* + E(nlI*) = llp —qlI* + 02 ,
(6.8)
The equation above assumes noise with zero mean. As explained above, for small
patches the sample mean will not be zero, thus to keep the equality valid we can
rewrite Eq.6.8 as: E(||p, — qll?) = ||p — g + i1]|> + 0. Assuming that we search
externally for a clean patch p, which is most similar to p,,, then:

ﬁ=argngnE<||pn—q||2> =p+i, (6.9)

which does not match the desired signal p.
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Fig. 6.9 Fitting of the noise mean: RMSE of the optimal external denoising of patches versus
sample (empirical) mean and variance of the noise within the patch (computed on the data of [17]
for 7 x 7 patches, o = 55). The denoising error grows linearly with the deviation from zero of
the empirical noise mean within the patch. In contrast, the denoising error is independent of the
empirical noise variance within the patch. (Average RMSE values are plotted)

In other words, an ideal denoising algorithm (i.e., which has access to an external
database containing all possible clean patches) will inherently have a residual error of
p — p = . Therefore, following Eq. 6.6, the expected error of an “ideal” denoising
algorithm, due to the sample mean statistics withina d x d patch, is

RMSE,‘dwl = E(flz) = O'/d 5 (610)

For example, for 0 = 55using 7 x 7 patches, the minimal expected denoising error
is RMSE, 4..; = 7.85. Once the patch size becomes larger, the error due to the over-
fitting of the sample mean becomes smaller. The “mean-noise” fitting error provides
a lower bound on the expected error in the case of ideal (external) denoising (which
can be translated to an upper bound on the expected PSNR performance).

In[17], upper bounds for denoising algorithms are computed by denoising patches
via exhaustive weighted average over a huge number of natural image patches
(extracted from 20,000 clean natural images). This framework is close to an ideal
denoising, because the chances to fit a signal p perfectly are very high. In [23],
we empirically verified that most of the error in ideal external denoising, reported
in [17], is indeed due to overfitting the sample mean of the noise within a patch. This
empirical evaluation was performed using the data from [17] (kindly provided to us
by the authors) and is shown in Fig.6.9.

Figure 6.9a shows that the denoising error in the optimally denoised data of [17]
grows linearly with the deviation from zero of the noise mean within the patch
(shown for 7 x 7 patches, o = 55). In contrast, the denoising error is independent
of the sample variance of the noise within the patch (see Fig. 6.9b). This confirms our
observation that overfitting the sample mean of the noise is inherent to unconstrained
external denoising. This is the major component of the residual denoising error in the
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optimally denoised data of [17], and is the main source for their derived denoising
bounds. For example, the error of relatively smooth patches (v/var (p) < 4) from the
data of [17] is RMSE = 8.13, which is only slightly larger than the above estimated
RMSE, jeq; = 7.85 only due to fitting the sample mean of the noise within a patch.

Overfitting the “mean-noise’ has less risk of occurring internally, when the denois-
ing is restricted to a local, 21 x 21 neighborhood surrounding a patch. This is
because there exists a strong nonuniform prior on the mean of the clean patch p
in the local neighborhood. Patches in clean natural images tend to recur very densely
in their immediate surrounding (see Fig. 6.1a), hence their mean values tend to be
very similar. This is especially true for uniform or low-content patches, which form
a significant part of the image.

The red curve in Fig. 6.8c displays the small deviations of patch mean values within
21 x 21 neighborhood in clean natural images (deviations are measured with respect
to the mean value of the central patch). This distribution was empirically calculated
for all relatively smooth 7 x 7 patches from 100 natural images of the BSD300
(with /var(p) < 4, which is roughly 1/3 of the patches). This distribution is highly
localized around zero.

Therefore, when restricting the denoising to averaging patches in a local neigh-
borhood, the expected residual error due to fitting the sample mean of noise is much
lower than in the unrestricted external search, especially for low-content patches.
That explains how even NLM denoising (which is far from being state-of-the-art),
achieves RMSE of 5.11 for relatively smooth patches. This is in contrast to 8.13
obtained for these patches by the optimal external denoising of [17].

(b) Overfitting the Noise Details:

‘We next analyze effects of overfitting the “details” of the noise. The result of Eq. 6.8
is valid under the assumption that signal g is not correlated with the noise n within
a patch p,. However, is this really the case? Next, we try to answer this question.

To isolate the effects of detail fitting, we first remove the mean of all the patches.
For simplicity of notations, in the analysis below n, p, p,, etc. will denote patches with
zero mean. Let ¢, denote the value of the Normalized Correlation between a random
noise patch n and its “most similar” natural patch NN (n) in a external database of
clean images. One would expect ¢, to be low (closer to 0 than to 1). However, as
shown in Fig.6.10 (red and green curves), the value ¢, is surprisingly high (around
0.5). Moreover, high normalized correlation values are obtained not only for the first
nearest neighbor of n, but also for its other nearest neighbors (up to 1000 approximate
nearest neighbors—ANN). For all our experiments, we used an external database of
clean natural image patches from 200 images (from BSD300 [5]).

We experimented with several noise levels o, and this correlation remains high
(almost identical), regardless of o . Finally, this correlation is even higher for smaller
5 x 5 patches (typically in the range of [0.5 0.8], with an average value of 0.65).

For every random noise patch, we further calculated its “denoised” version, by
averaging its k-ANN in the external database, using k = 400 and & = 1000. One
would hope that such denoised patches would have very low variance, due to averag-
ing out the noise details (reducing the original o' by the factor of k). But this is not
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Fig.6.10 Random noise patches have high normalized correlation with natural image patches.
Red and Green curves are distributions, showing high normalized correlation values of random noise
patches n with their 400 NNs among an external database of natural image patches (red curve), and
1000 NN (green curve). In contrast, random noise patches n have very low normalized correlation
with other random noise patches (Blue curve). Shown for 7 x 7 random noise patches n, foro = 55

the case. Since all nearest neighbors are correlated to n, their average is also strongly
correlated to n, leaving a non-negligible noise residues: || Avg(400NNs))|| = 16.46;
|Avg(1000NNs)|| = 15.49 (where, ||n|| = o = 55).

When considering relatively smooth patches, after removing their mean, they
behave as random noise. Therefore based on the above, such patches will not be
denoised well externally. In contrast, internally, within a local neighborhood of
20 x 20 (where the mean of the patches is similar Fig. 6.8c), denoising of smooth
patches is equivalent to averaging 400 random noise patches. The internal local
denoising seeks other similar patches with independent random noise. The blue
curve in Fig. 6.10 shows the distribution of normalized correlation values of 7 x 7
random noise patches (o = 55), with other random noise patches. As expected, the
average normalized correlation values are almost zero. The average of such 400
random noise patches yields a patch with zero variance.

The above empirical evaluations hold for smooth patches. Next, we consider a
general noisy patch p, = p + n and its nearest neighborg = NN (p,), in an external
database of clean patches Q. In general, the search for ¢ will be guided both by the
signal component p and by the noise component n and will minimize

NN(py) = argmin [lg — pal* . (6.11)
q€0
Further developing the above expression yields:

g — pull> = llgl> + 1 all* = 2{pu, @) = > + Il pall> — 2¢liqllll pall »  (6.12)

where ¢ denotes the normalized correlation between g and p,.
Differentiating Eq.6.17 w.r.t. ||¢|| and equating to 0 leads to:

INN (PN = 1gminll = cllpall - (6.13)



166 M. Zontak and M. Irani

Substituting Eq. 6.13 in Eq.6.17 yields

. 2 2 2 2 2 2
distynp,) = pall” = cllpall” = (1 = HApI” + Inll7) . (6.14)
Notice that ¢ = —2eNN@D) - (. NN@+HNNPD) Hence
€ TealINN (P SIpIR+InIPINN (p)

o cplel+alnl 619

IplI* + lIn|?

where ¢, and ¢, are normalized correlation values between N N (p,) and the noise
n and signal p, respectively. Ideally, if ¢, = 0 then ¢, = 1 (from substitution of ¢ in
Eq.6.14). In such case, NN (p,) = p.

Let dist, denote the distance between the noisy patch p, and its clean version p:

dist, = ||p, — plI* = In|? (6.16)

Now, consider relatively smooth patches, for which the || p|| is small. In that case,
according to Eq. 6.17, the search for nearest neighbor fits the noise, n, yielding

cnllnll

VIpIZ+lnl?

~

Cc

Plugging this into Eq. 6.14 yields
distynp,y = dist, = |pl* + (1 — ) |In|? (6.17)
Therefore, noise overfitting will tend to occur if
dist, > dist, <= PatchSNR(p,) < c,. (6.18)

In other words, when PatchSN R(p,) < ¢y, an unconstrained external search for
similar patches g = N N (p,) will tend more toward the noise n and lead to overfitting
the noise details. However, for detailed patches with PatchSNR(p,) > c,, the
search for g will tend to fit the signal p. And since their “signal fitting” is much
better externally than internally (Sect.6.2.3), External Denoising is preferable for
detailed patches.

Combining the Power of Internal and External Denoising:

In this section, we discussed PatchSN R, an inherent characteristic of a noisy patch
that determines the success of its Internal/External denoising. We concluded that
smooth patches, dominated by the noise, should prefer internal denoising. Such
patches have low PatchSN R(p,) and are prone to overfit the noise details or noise
mean. Internally this risk is lower, while signal fitis sufficiently good when performed
locally for smooth patches. In contrast, detailed patches, dominated by the signal,
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should prefer external denoising. Externally, such patches have much better signal
fit, yet, they do not risk overfitting the noise details, since their PatchSN R(p,) is
high.

External denoising will inevitably suffer from fitting the noise mean, regardless
of the PatchSNR. However, for detailed patches, this error is substantially smaller
than the signal error introduced by their bad signal fit in internal denoising (compare
the average signal error in Fig. 6.3 (dotted blue line) to the mean-error in Fig. 6.9).
Thus, External versus internal denoising preference of a patch should be determined
by the signal versus noise dominance within the patch, captured by its PatchSNR.
Moreover, better denoising may be achieved by combining information from both
internal and external patches. This approach may yield higher denoising performance
compared to the bounds reported in [18]. Indeed, there has been a substantial amount
of research that successfully combined both sources of information [8, 10, 19, 30].
Those works demonstrated considerable improvement of PSNR values, especially
when image-specific external datasets were used [19, 30].

6.4 The Impact of Deep Learning on Denoising and Their
Bounds

A major leap in performance happened when neural networks based denoising algo-
rithms emerged [4, 8, 31], which allowed to achieve nonlinear mappings between
the input noisy image and the output clean image. While being trained on big collec-
tions of noisy-clean pairs of images, these networks typically rely on larger recep-
tive fields, thus utilizing more global internal information, when appropriate. In this
section, we aim to examine how these networks approach previously investigated
denoising bounds, and if such networks eliminate the need in combining internal
and external denoising.

Over past years several attempts have been made to investigate possible denoising
bounds. In [9], Chatterjee and Milanfar formulated a method of calculating the lower
bounds on the Mean Squared Error (MSE) that accounts for the strength of the
corrupting noise, the number of observations that are typically available to estimate
a denoised patch, as well as the variability of the geometric structures in the image.
Later Levin and Nadler [17, 18] analyzed denoising limits with respect to ideal
external denoising, which is essentially equivalent to averaging a very large number
of clean external patches, including adaptive approach that allowed to adapt patch
size for better denoising. Finally, in [33] we introduced denoising bound for internal
local multi-scale denoising. We empirically showed that for almost any noisy image
patch (more than 99% of the patches), there exists a “good” clean version of itself at
the same relative image coordinates in some coarser scale of the image (as illustrated
in Fig. 6.12). We could therefore calculate the MSE with respect to this “good” patch.
This MSE provides empirical lower bound for local multi-scale denoising error. Next
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we analyze how neural network based denoising (e.g., [4, 31]) perform with respect
to those denoising bounds.

Recent residual learning, CNN-based denoising architectures of [31] and [4]
demonstrated state-of-the-art denoising results. DnCNN [31] is based on a relatively
simple deep architecture, which relies on stacked convolutional layers, each followed
by a ReLU nonlinearity layer and batch normalization. Wavelet domain deep residual
learning network (WDnCNN) [4] further improves DnCNN [31] by ~0.1-0.2 dB in
Gaussian denoising task. The main idea of [4] is that image transform into wavelet
domain reduces the topological complexity of data and label manifold and hence
improves the network predictive power. (For further details on both architectures,
please refer to the original papers [4, 31].)

Both networks considerably outperform previous state-of-the-art algorithms [11,
14, 34]. However, we note that neither DnCNN [31], nor WDnCNN [4], managed
to reach the improvement bounds suggested in [9]. Those bounds predict possible
improvement (over BM3D [11]) of up to 3dB for images like Lena and House in the
case of a Gaussian noise with o = 25. However, DnCNN [31] reports only 0.4dB
and 0.2dB improvement for these images respectively. WDnCNN [4] achieves more
considerable improvement of 0.8dB for both images for o = 30.

On the other hand, DnCNN considerably improves over BM3D performance,
when compared over BSD [5]. For example, for o = 50, the predicted maximal
possible improvement for external denoising based on [18] is bounded by 0.7dB.
DnCNN [31] exceeds BM3D performance by 0.61dB, which is very close to the
optimally possible improvement for external denoising (can also be seen from the
closeness of the RMSE of DnCNN depicted in Fig. 6.13b versus RMSE of external
ideal denoising depicted in Fig. 6.9b). As such, we conclude that DnCNN [31] reaches
the bound of optimal external denoising. Note that WDnCNN [4] closes the gap by
introducing a marginal increase of 0.1dB in PSNR over [31] (for BSD and o = 50).
However, due to the simplicity of [31] and the availability of DnCNN models trained
for wider range of noise levels, we further elaborate only on this approach.

At the first glance, denoising based on neural networks may be perceived solely as
external denoising, because it relies on training dataset of noisy and clean images for
learning the set of its features (neurons). Nevertheless, such denoising also strongly
depends on the internal information captured by the receptive field of the network,
which is influenced by its depth. The receptive field of the network is equivalent to
the effective size of the neighborhood within the image required for denoising of a
single pixel. DnCNN [31] adopts a receptive field of 35 x 35 pixels.

Next we compare DnCNN with the local internal denoising Oracle that we sug-
gested in [33]. The comparison is valid, because both DnCNN and the Oracle explore
the same multi-scale information of a given region in the noisy image. In fact, the
“good” clean patch retrieved by the Oracle, resides in the receptive field of the
DnCNN. The DnCNN learns how to combine nonlinear responses to learned kernels
at different scales (e.g., 17 scales for denoising with known variance), and as a uni-
versal approximator [16], should be able to reconstruct this patch (or “better” patch
in a sense of L, norm with respect to the original clean patch).
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Fig. 6.11 Pyramids. The 3 pyramids used for Oracle calculation: isotropic pyramid and two
directional pyramids in x and y directions

Our multi-scale representation is based on 3 pyramids—traditional isotropic pyra-
mid and two directional pyramids in x and y directions. We generate a directional
pyramid by blurring and subsampling the image only in one direction. This is differ-
ent from the commonly used isotropic image pyramid, which preserves the aspect
ratio, as well as from the Steerable Pyramid [28], which applies 1D directional filter-
ing, but subsamples the image in both directions. Figure 6.11 graphically illustrates
the idea. The “hidden” clean patches, which are obscured by noise at the original
input image, emerge in the coarser pyramid scales (see [33] for more details).

The Oracle experiment described below was performed on BSD100 [5] test dataset
of natural images (size 320 x 480). Gaussian noise with zero mean and variance o2
was added to each clean image I (converted to grayscale), resulting in a noisy image
Iy. Three types of pyramids are then generated from I”: (i) Isotropic pyramid (blur
and subsample! both in x and in y), (ii) X-pyramid (blur and subsample only in the
x direction), and (iii) Y-pyramid (blur and subsample only in the y direction)—see
Fig.6.11. Each pyramid is a cascade of images {IV} of gradually decreasing scales,
generated by scaling down the noisy image I using scale factors of sc = 0.9
(s =0,1,...,17). The smallest scale was sc = 0.9'7 & 0.16 of the original image
N,

1'Using Matlab “imresize” with a bicubic kernel.
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(b)  The patches {p".} along the
‘needle of descendants’

Best patch

N
EHEHHEF

Fig. 6.12 The multi-scale “needle” of patches. Each noisy patch p" has a needle. a All the
patches along the needle of the noisy patch are at the same relative image coordinates. Initially, the
patches get better (cleaner), but eventually new structures enter the patch. The “best” representative
patch on the needle is marked in orange. b Zooming in on the descendant patches {p} along the
needle (sc =1, ..., 0.1) (Note For simplicity, the illustration here is made for one pyramid only,
in practice patches along three needles, corresponding to pyramids from Fig.6.11, are compared.)

Each clean 5 x 5 patch p from the clean image / was compared using L, norm
(mean squared error) against the noisy 5 x 5 patches pY in each of the three noisy
pyramids, but only along its “needle of descendants”—at the same relative image
coordinates in the coarser scales (see Fig.6.12). Namely, if (x, y) are the coordinate
of the clean 5 x 5 patch p (and the noisy patch p"), then for each scale sc = 0.9°
we compare p only against the 5 x 5 patch pY whose coordinates are

e (0.9°x, 0.9°y) in the Isotropic pyramid
e (0.9°x, y) in the X-pyramid
e (x,0.9°y) in the Y-pyramid

Among these descendant patches the Oracle chooses p = pY = arg miny, ||p —
pN| |§ as the “best” representative of the clean patch p along the needle.

Finally, to obtain a fully denoised image we average the “best” representative
overlapping patches (using spatial weighted kernel of 5 x 5). The above choice
of parameters yields approximately 35 x 35 receptive field (effective image region
size) used for the Oracle (the coarsest 5 x 5 patch spans 31 x 31 and is further
average with 5 x 5 kernel at the original scale), which compares to the receptive
field employed by the DnCNN (whose denoising results are obtained using code
provided by authors [31]).

Figure6.13 analyzes the noise-overfitting of DnCNN. Red curve represents
DnCNN error, while blue represents Oracle error (RMSE is calculated on 7 x 7
patches extracted from the Oracle/DnCNN denoised images). Dashed and solid
curves represent error of only smooth and all patches, respectively. First, Fig.6.13 a
shows that the error due to the noise mean overfitting has been substantially reduced,
compared to Fig.6.9a. This is not surprising, since a 35 x 35 effective image
region is used, which should reduce the minimum error, formulated in Eq. 6.6, to
55/35 =~ 1.4. Surprisingly however, the average RMSE obtained for smooth patches
is considerably higher (around ~3.9 =~ 55/14) than the possible minimum, for both
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Fig. 6.13 Fitting of the noise mean: RMSE of denoising (in case of o = 55) versus sample
mean and variance of the noise within the patch. The denoising RMSE is computed for multi-scale
local Oracle (blue) and DnCNN [31]. Dashed line represents error for smooth patches, solid for all
patches. The denoising error grows considerably with the deviation from zero of the sample noise
mean within the patch. In contrast, the denoising error is almost independent of the sample noise
variance within the patch (Average RMSE values are plotted.)

DnCNN and the Oracle. This is also true for other noise levels as can be seen in
Fig.6.14 (see the value of RMSE for Patch SN R = 0). This can be explained using
the observation of [20] that the effective receptive field of stacked deep CNNs is
distributed as a Gaussian. In other words, the effective area in the receptive field
only occupies a fraction of the theoretical receptive field, since Gaussian distribution
generally decays quickly from the center. Similarly, internal multi-scale Oracle uses
bicubic kernel to downsample images and hence not all pixels contribute equally to
the patch at the coarsest scale.

Similarly to the ideal denoising Fig.6.9b, the denoising error of DnCNN in
Fig.6.13b does not depend on sample noise variance within the patch. Since the
Oracle maximizes the fit to the original clean signal, it is not affected by the sample
noise mean or variance deviations from the expected values. In the case of smooth
patches, the RMSE values of DnCNN and the Oracle are almost identical. Therefore,
DnCNN performance is not influenced by deviations of the sample variance from
the expected variance.

However, the RMSE of all the patches is considerably higher for DnCNN than
for the Oracle (~2 dB). Figure 6.14 further illustrates the differences in RMSE of
the DnCNN and the Oracle as a function of PatchSNR(p,) (for 7 x 7 patches
extracted from the denoised images) for various noise levels (o = 15, 20, 25 from
bottom to top). As can be seen for PatchSN R < 1.8 internal Oracle error is lower,
while for PatchSNR > 1.8 DnCNN error is lower. The differences are statistically
significant (verified by Wilcoxon rank sum test using Matlab’s “ranksum”). Notably,
this threshold does not fit the expected threshold from Fig. 6.6b. This happens because
in Sect. 6.2.2 we discussed a linear mapping from noisy to clean patch, while DnCNN
minimizes a nonlinear mapping f (Iy) between the noisy image (or patch) and its
clean counterpart. Hence, the threshold might differ.
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Fig. 6.14 Denoising error 157
of DnCNN (red) versus

multi-scale internal oracle

(blue): RMSE of the

denoising is plotted versus [
PacthSN R for different 10|
noise levels, from o = 15 at
the bottom, to o = 25 at the
top; The green line and
crosses show the threshold of [
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DnCNN does not manage to
outperform the Oracle.
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While the Oracle denoising is not an algorithm, and is linear, it is a good indication
of existing information within a certain receptive field. Based on this, we conclude
that for patches with relatively low PatchSNR, the learned mapping f(IV) of
DnCNN [31] does not manage to predict their corresponding best “clean” patch
representative that resides in the receptive field of the network. This behavior is
consistent for a wide range of noise levels (o € [15, 50]). However, for higher noise
levels, there are not enough patches above the threshold to form substantial statistics,
hence those plots are not presented in Fig. 6.14.

Note that while DnCNN performs better than the Oracle on patches with high
PatchSNR, those constitute a smaller portion of the image, especially for higher
noise level. As such, the average PSNR denoising score still exhibits a large gap in
performance between DnCNN and the Oracle as shown in Table6.1.

To summarize, the Gaussian denoising performance has been considerably
improved by models obtained from convolutional neural networks, such as [4, 31].
In fact, those closed the gap on the denoising bounds of external denoising [18].
However, there is still room for improvement in the case of low ParchSN R patches.
Such patches, which benefit more from strictly internal denoising (and which form
a major portion of the image), have not reached their full potential yet, even with
deep learning. Perhaps the next challenge is to train an image-specific CNN [27]

Table 6.1 Comparison of o DnCNN [31] Oracle [33]
PSNR (dB) on BSD100 [5]

15 31.52 32.15

20 30.06 31.13

25 29.02 30.37

35 27.49 29.26

50 26.05 28.05
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that will exploit local recurrence of patches, without relying on external examples, as
was successfully done for the task of super-resolution [27]. Combining such model
with existing external-based models may push PSNR bounds further up and improve
denoising by ~ 1-2 dB, especially for higher noise levels (as can be seen from
Table6.1).
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Chapter 7 ®)
Patch-Based Methods for Video Geda
Denoising

A. Buades and J. L. Lisani

Abstract Video denoising is an important and open problem, which is less treated
than the single-image case. Most image sequence denoising techniques rely on still
image denoising algorithms; however, it is possible to take advantage of the redun-
dant information contained in the sequence to improve the denoising results. Most
recent algorithms are patch based. These methods have two clearly differentiated
steps: select similar patches to a reference one and estimate a noise-free version
from this group. We review selection and estimation strategies. In particular, we
show that the performance is improved by introducing motion compensation. We
use as example a recent video denoising technique inspired by fusion algorithms
that use motion compensation by regularized optical flow methods, which permits
robust patch comparison in a spatiotemporal volume. The use of principal component
analysis ensures the correct preservation of fine texture and details, provided that the
noise is Gaussian and white, with known variance. Video acquired by any video
camera or mobile phone undergoes several processings from the sensor to the final
output. This processing, including at least demosaicking, white balance, gamma cor-
rection, filtering, and compression, makes a white noise model unrealistic. Indeed,
real video captured in dark environments has a very poor quality, with severe spa-
tially and temporally correlated noise. We discuss a denoising framework including
realistic noise estimation, multiscale processing, variance stabilization, and white
noise removal algorithms. We illustrate the performance of such a chain with real
dark and compressed movie sequences.
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7.1 Introduction

This chapter deals with the denoising of real image sequences and videos. By real
video, we mean any image sequence captured with a video camera or mobile phone.
Image sequences obtained as a consecutive acquisition of photographs with a camera
might be also processed by the introduced algorithms in this chapter. We use the term
“real”, to differentiate from the removal of uniform white noise which is the objective
of most literature dealing with image or video denoising.

The uniform white noise model is not an adequate model for the denoising of
photography and video, for which the most simplistic model should take into account
at least that the noise is signal dependent. This might be a valid model for RAW data,
the one acquired at the sensor. A signal-dependent model assumes that the noise
value at a certain pixel depends on its true noise-free intensity. This is related to the
Poisson process which models the photon counting at the sensor.

The denoising algorithms might be always applied as soon as possible in any
image or video chain, before any processing on color, contrast, or compression.
When noise is signal dependent but still uncorrelated at different pixel locations, a
variance stabilization transform permits the use of any white uniform noise removal
algorithm. This justifies the fact that most literature concentrates on this simplistic
model. Most algorithms dealing with real noise actually rely on a white uniform
noise removal method. This is then a good starting point and will be the object of
the first part of current chapter. Let us denote the image sequence by I (x, y, t), with
(x, y) the spatial coordinates and ¢ the temporal component, then this model assumes
that

I(x’yﬂt)=IO(x7y’t)+n(xﬂyﬂt)a (71)

where [ is the true image sequence and n(x, y, t) is the noise i.i.d. realizations of a
Gaussian variable of zero mean and standard deviation o.

We will review and analyze the main video denoising algorithms. Recent methods
are patch based, meaning that the minimal unity which will be denoised is a patch. The
same procedure is shared by most state-of-the-art algorithms: for a reference patch,
similar ones are selected across the sequence and a noise-free patch is estimated from
these groups.

We will discuss the selection and estimation strategies used by state of the art. We
will show that even if nowadays most literature concentrates on the estimation part,
a drastic improvement might be obtained by accurately selecting similar patches.
These algorithms are more robust to object motion than classical filters relying only
on single-pixel comparisons. Patch-based algorithms do not need to compensate the
research area with a motion estimation, since patch comparison implicitly adapts to
it. However, we will show that the motion compensation might be effective when
used for defining spatiotemporal patch distances.

We will pay special attention to state-of-the-art algorithm [16]. It is based on
more general type of algorithms, whose aim is not only to remove noise but also
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to improve image resolution as well as sharpness. This type of methods, known as
image fusion, aims at improving the general image quality of an image by fusing it
with other images of the scene.

In the second part of this chapter, we will deal with the denoising of any video
acquired by a video camera or mobile phone. This part is inspired by the noise clinic
[40], which is able to denoise any single image. The use of an image sequence per-
mits the estimation of a more accurate noise amplitude, as well as, a more performant
denoising. Such method will include the use of Laplacian pyramids, the estimation
of signal-dependent noise amplitude per scale, the use of variance stabilization trans-
forms, and state-of-the-art video white noise removal [16].

This chapter is organized as follows: In Sect. 7.2, we briefly review image denois-
ing literature. In Sect. 7.3, we introduce white noise video removal algorithms and
discuss in detail their design and performance. In Sect. 7.4, this white noise removal
method is embedded in a framework aimed at denoising real video sequences. The
last section of this chapter summarizes the conclusions of our experiments.

7.2 Image Denoising

Since most of the image sequence noise removal techniques rely on image denoising
ones, we briefly review the literature for this case.

7.2.1 White Noise Removal

Techniques for noise removal in digital images comprise transform thresholding,
local averaging, patch-based methods, and variational techniques. The sliding win-
dow DCT [60] and wavelet thresholding [25] are the main examples of the threshold-
ing methods. These methods decompose the original data in a predefined basis and
attenuate or cancel coefficients under a certain threshold related to noise statistics.
Anisotropic filtering [2] and bilateral filtering [53, 55] or neighborhood filtering [61]
aim at averaging close pixels belonging to the same object, thus reducing the noise
amplitude and preserving the main object boundaries. Variational techniques share
the same objective but use a variational framework, the total variation minimization
being the main example [51].

NL-means [11] introduced patch-based methods into image denoising. The algo-
rithm groups similar patches all over the image and averages them in order to reduce
noise. The method is able to preserve texture and fine details additionally to the
main boundaries of the image. The performance of patch-based methods has been
drastically improved by the combination with transform thresholding as originally
proposed in BM3D [22]. BM3D combined patch-based grouping with a threshold
in a 3D DCT transform. Several methods appeared combining the grouping of sim-
ilar patches and the learning of an adapted basis via PCA or SVD decomposition
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[47, 64]. State-of-the-art results are obtained using Gaussian models for the group
of similar patches (NL-Bayes [38]) or adapting the shape of patch before learning a
PCA model [22].

Gaussian mixture [56] and Sparse representation [28] achieve a similar grouping
plus adapted transform via the learning of a collection of orthogonal basis. When this
set of basis is learnt from the image itself, an implicit clustering of image patches
permits to learn adapted models for different geometrical configurations.

State-of-the-art denoising methods use additional techniques which increase noise
reduction and detail preservation (see [39] for a review). These techniques, which
were used by sliding DCT classical algorithms [60], were introduced into nonlocal
patch-based ones in [22]. First, the whole patch is denoised and not only the central
pixel, which permits an increase in the noise reduction by taking the average of
all estimates per pixel (aggregation). Second, the denoised image is used as guide
(“Oracle”) for a second iteration. The similarity between two patches is computed
in the first denoised image, and the transformed coefficients are used to drive the
thresholding in the second iteration.

For color images, most state-of-the-art methods [22, 38] prefer to use a chromatic
decorrelating transform. The YUV or YCrCb color spaces compute a gray compo-
nent Y as the average of RGB values, while the chromatic components encode the
difference of the red and blue channels with Y. The image Y containing the geometry
of the image is actually less noisy than each of the RGB channels, since it is computed
as the average of them. Patch grouping is carried out by computing the distance in
the Y channel, while each component is denoised independently. The smoothness of
U and V permits a larger noise reduction than the one achieved in the RGB space.
However, the use of chromatic separation tends to excessively attenuate the image
colors, resulting in grayish images. For that reason, many methods prefer to use the
original RGB through a vectorial form of the algorithm, as for example in [11].

Finally, let us mention that the patch-based algorithms have also been adapted
to other kinds of noise than additive uniform white noise. For example, in [24], the
authors adapted the patch distance to deal with different kinds of noise, including
the Poisson model. Instead of modifying the algorithm formulation, a stabilization
transform can be applied, permitting the use of the original denoising algorithms [46].
These models still suppose the noise values at different pixels to be independent. This
assumption is valid for RAW images, the data acquired at the sensor but not for the
final color images delivered by the camera.

There is a scarce literature dealing with the denoising of real images, having
signal-dependent and spatially correlated noise. In order to design such methods,
noise estimation plays an important role since a signal and even frequency-dependent
model has to be estimated.

In [42], the authors proposed a denoising framework for JPEG images, automat-
ically estimating a signal-dependent noise amplitude. Such a procedure needs to
make assumptions on the imaging chain applied by the camera in order to correctly
estimate the noise. In [40], the authors proposed a full denoising chain applying
multiscale techniques and NL-Bayes [38]. This chain uses the noise estimation algo-
rithms developed in [19, 20]. These methods are able to estimate a noise model
dependent not only on color but also on frequency.
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7.3 White Noise Removal in Video Sequences

In this section, we introduce the techniques used by state-of-the-art video denois-
ing algorithms, we analyze in detail how and why they work, and we discuss their
performance. A brief review of the literature is presented in Sect. 7.3.1. The main
stages of a patch-based method are: (i) the selection of similar patches and (ii) the
estimation of a noise-free patch from them. We will analyze different patch selection
strategies in Sect. 7.3.2, paying attention to motion estimation, which plays a key
role in this process. Estimation methods will be discussed in Sect. 7.3.3. Finally, a
brief comparison among state-of-the-art algorithms will be presented in Sect. 7.3.4.

7.3.1 Introduction

Local average methods, as the bilateral filter [55], or patch-based methods as
NL-means [11], or BM3D [22], and NL-Bayes [38] can be easily adapted to video
just by extending the neighboring area to the adjacent frames. Simply, similar pixels
or patches are searched for in previous and posterior frames. The same estimation
techniques used for single image denoising might be used in this case, for example,
VBM3D [21] extended collaborative filtering to denoising. The increase of similar
patches due to the use of more frames improves the noise reduction capabilities of
the methods. However, it might also increase the probability of selecting incorrect
ones.

When sample selection is not robust enough, for example, in classical neighbor-
hood filters or bilateral filters, their performance is improved by introducing motion
compensation [37, 48]. These modified filters estimate explicitly the motion of the
sequence and compensate the neighborhoods where similar pixels are searched for.
It was shown in [12] that a compensation of the search areas is not necessary if
a patch-based algorithm is used for denoising. The selection of the most similar
patches across adjacent frames actually adapts to motion and selects similar patches
wherever in the sequence. This is equivalent to the estimation of motion through
a block matching algorithm. However, motion estimation by block matching loses
accuracy as noise standard deviation increases.

Several other strategies have been proposed to incorporate motion into image
sequence denoising rather than simply compensating the search areas. In [8], the
NL-means was extended to video by growing adaptively the spatiotemporal neigh-
borhood. In [59], the temporal filtering was separated from the spatial one using
NL-means, and then both were combined using a motion indicator. In [62], the
authors made use of an external database for still image denoising. The most similar
images were retrieved from an external database and used for patch-based denoising,
which was then combined with an internal denoising stage inspired by BM3D. In
[45], a multiscale sparse representation was learnt for video restoration.

Possibly, the most successful algorithms for video denoising are the VBM4D [44]
and state-of-the-art algorithm [16]. VBM4D exploits the mutual similarity between
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3D spatiotemporal volumes constructed by tracking blocks along trajectories defined
by the motion vectors. Mutually similar volumes are grouped together by stacking
them along an additional fourth dimension, thus producing a 4D structure. Col-
laborative filtering is achieved by transforming each group through a decorrelating
4D separable transform, and then by shrinkage and inverse transformation. Motion
vectors are computed by block matching.

State-of-the-art algorithm [16] is inspired by image fusion algorithms. These algo-
rithms aim at the restoration of a single image via its combination with other images
of the same scene [31, 34]. Image fusion is not directly interested in the removal
of noise but in a more general restoration of the image, that is, deblurring, increase
of detail, or even of resolution. The key of these approaches is the use of a global
registration, more robust to noise, blur, and color or compression artifacts and, addi-
tionally, providing subpixel accuracy. These global registration techniques usually
rely on feature matching, for example, SIFT [43], and on a parametric registration,
either using an affinity or a homography. The viewfinder alignment [1] performs
such a registration by an affine function, with the important characteristic of being
extremely fast. The general approach is the use of a homography [17, 29, 31, 34, 54].
It must be noted that a homography is valid only for planar scenes or if the optical
center is not modified; in other cases, optical flow techniques might be preferred.

The algorithm in [16] computes the optical flow between each frame and adjacent
ones in a temporal neighborhood. If registration was accurate and the sequence free of
occlusions, a temporal average in this aligned data would be optimal, even if the noise
reduction would slowly decrease as 1/ M, where M is the number of adjacent frames
involved in the process. Generally, this will not be the case; inaccuracies and errors
in the computed flow and the presence of occlusions make this temporal average
likely to blur the sequence and introduce artifacts near occlusions. These difficulties
are compensated by a 3D spatiotemporal patch selection after warping and adapted
model learning. Even if a 3D structure is used for the selection procedure, still 2D
patches are used for the estimation of noise-free values. In [4], the authors proposed
the estimation of noise-free 3D patches, containing pixels from contiguous frames.
The use of 3D patches makes the estimation of an adapted model more complex and
is more affected by object occlusions.

7.3.2 Patch Selection Criteria

While most interest in image or video denoising is dedicated to the estimation of the
denoised patch from a set of similar ones, we show in this section that the most drastic
improvement is achieved by accurately choosing the group of similar patches. The
adaptation of the search area or the decoupling of spatial and temporal estimation
has shown to be effective to discard very different patches in moving regions but has
no impact in the accurate selection of candidate patches (Figs.7.1 and 7.2).
Accurate selection of similar patches is achieved via spatiotemporal distances with
motion compensation. When processing single image, we are forced to increase the
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Fig. 7.1 Central frame of the original sequences used in our tests. From left to right and from top
to bottom: girls, army, truck, statB, taxi, iseq, bicycle, bus, tennis, sales. The last four sequences
are composed of 30 frames, while the rest are composed of eight frames

Fig. 7.2 Central frame of the original color sequences used in our tests. From left to right and from
top to bottom: army, cooper, dog, truck. All the sequences are composed of eight frames

size of the patch when dealing with severe noise, which at the same time limits the
number of similar patches found. The use of spatiotemporal (3D) patches allows
comparison with many more pixels, thus being more robust without the need of
increasing the 2D support.

A block matching method might be a valid motion estimation algorithm if images
need not to be resampled. Block matching methods for motion estimation provide an
integer precision displacement unless the image is previously zoomed in, which is
time-consuming. Optical flow methods will be preferred if frames are motion com-
pensated via the application of the flow. Another advantage of variational techniques
is the presence of a regularization term. When the noise standard deviation increases,
the precision of block matching algorithms quickly deteriorates. The regularization
term of optical flow techniques permits a more accurate estimate in smooth parts of
the flow.

In order to describe spatiotemporal patches, we need to define for each n x n
patch P of areference frame I, the patch & referring to its extension to the temporal
dimension, having M times more pixels than the original one (assuming M patches in
the temporal neighborhood, M = 2t + 1), & = (Py_4, ..., Prs,). If the sequence is
not resampled, the spatiotemporal patch distance is computed compensating the 2D
patches taking into account the flow. In this case, the motion field (u;, v;) indicates
which are the coordinates of the patch in the corresponding frame (integer precision),
P; = I; (P 4u;,y+vp)- This is the case of VBM4D which uses block matching to
select trajectories. If the set of adjacent frames to I; has been previously warped
(i.e., resampled) with the computed optical flow, denoted by {7, k“i freees IkvL}, the
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spatiotemporal patch is composed of a temporal tube, where each 2D patch is located
at the same pixel coordinates, P; = IiW(P(x, yy). This is the case of the state of the art
[16], which computes the flow using the method in [63].

Then, a spatiotemporal patch selection looks for the K extended patches closest
to &. These extended patches are centered at frame /; and the distance is written as

Az, 2= Y |IP- 0l

iefk—t,....k+t}

As each extended patch contains M 2D image patches, the group contains K - M
selected 2D patches of size n x n.

The algorithm in [16] actually uses an additional mask M, the occlusion mask
between frames I; and I;, j € {k — ¢, ...,k +t} to select the candidate patches.
The adopted optical flow does not involve occlusion detection in the functional.
Occlusions are detected a posteriori following the same approach in [52].

Figure 7.3 compares the criteria for selecting the similar patches. The options are
(i) simple extension of the search area to neighboring frames, (ii) spatiotemporal
distance with block compensation by block matching without resampling (integer

r [
£ .

Fig. 7.3 Discussion on motion estimation and resampling with noise standard deviation 20. From
left to right and from top to bottom: noisy image and denoising results (see text for details) using dif-
ferent selection criteria: (i) simple extension of the search area to neighboring frames, (ii) spatiotem-
poral distance with block compensation by block matching without resampling, (iii) spatiotemporal
distance with block compensation by optical flow without resampling, and (iv) spatiotemporal dis-
tance after warping (i.e., resampling) of neighboring frames with computed optical flow. In all the
cases, the denoising of the selected patches is achieved by thresholding in an adapted basis. The
RMSE values are, respectively, 6.80, 4.92, 5.05, and 4.46
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precision), (iii) spatiotemporal distance with block compensation by optical flow
without resampling (integer precision), and (iv) spatiotemporal distance after warping
(i.e., resampling) of neighboring frames with computed optical flow. The figure
illustrates the different degrees of texture preservation by all selection methods. The
use of optical flow or block matching gives a similar result on the denoised image,
provided that the block used for block matching estimation is large enough. The use
of the warped neighboring frames in defining the distance seems to be crucial in order
to get the best results. The errors on the denoised central frame of the sequence shown
in Fig. 7.3 are 6.80, 4.92, 5.05, and 4.46, for (i), (ii), (iii), and (iv), respectively. In
all the cases, the denoising of the selected patches is achieved by thresholding in an
adapted basis. In order to warp the images, an accurate estimation of the optical flow
is needed. A short review of optical flow methods is provided in the next section.

7.3.2.1 Optical Flow Estimation and Occlusion Detection

Optical flow constraint (OFC)-based methods suppose that each pixel has the same
color during the whole trajectory, or at least in adjacent frames. That is, they suppose
that

I(x,y,t)y =T(x+u(x,y,t),y+vix,y, 1), t+ At),

where u and v are the displacement vectors at time ¢ and pixel (x, y). This equation
alone is unable to determine the flow. The uncertainty is solved by adding a spatial
or spatiotemporal regularization term.

The optical flow constraint can be linearized into the well-known equation, 7, u +
I,v + I; = 0, and methods differ on how this constraint and the regularization term
are imposed. It is usually written,

/w(lxu+1yv+1,)+x[ ¢(Vu, Vv),
2 2

where the definition of ¥ and ¢ might vary. The classical Horn—Schunck [32] method
used ¥ (s) = s and ¢ (Vu, Vv) = |Vu|> + |Vv|?. It is well known than the square
function excessively regularizes the discontinuities of the flow and is not robust to
outliers and occlusions. Robust functions and anisotropic regularization replaced this
classical approach, see for instance Weickert and Alvarez [3].

Brox et al. [9] introduced a different linearization of the OFC and a warping
strategy in order to minimize the functional

/;W(Io(x’y)_Il(x+”(an)a)’+V(x»y)))+)¥/g¢(vu’VV)

with ¥ and ¢ functions robust to occlusions and outliers. This approach permits
the introduction of additional constraints [10] on the displacement of several points.
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These displacements might be obtained by key point matching. The inclusion of
these constraints improves the ability for capturing long-range motions.

Pock et al. [63] introduced total variation minimization into the flow computation.
The flow between two images Iy and /; is obtained by minimizing

/|Io(x,y)—II(X+u(x,y),y+V(x,y))|~I—k/ IVul +|Vv|,  (1.2)
2 2

where u and v being the desired flow. The total variation term is minimized via the
Chambolle dual algorithm [18].

One of the major drawbacks of these approaches is the failure of the color con-
stancy hypothesis, for which a constancy of the gradient [9] or the Laplacian [49]
might be additionally imposed. Recently, Wedel et al. [57] proposed a method to
decompose the sequence into a cartoon and a texture part and use only the texture
part for estimating the flow.

Occlusion detection can be directly taken into account by modifying the func-
tional. The modified functional might cancel the OFC for occluded pixels and add
a term penalizing the number of occluded pixels, see for example [5]. This addi-
tional term needs the setting of a new parameter equivalent to fixing the percentage
of the image being occluded, which is unknown a priori. Since the occluded points
mostly coincide with points of negative divergence, Caselles et al. [6] introduced an
additional term with the divergence of the flow as an occlusion indicator.

Occlusion identification in [16] depends on the divergence of the computed flow,
the color difference check after flow compensation, and a forward-backward flow
test. Negative divergence, a large color difference or forward—backward flow dis-
agreement, indicates occlusions or at least failure of the color constancy assumption.
All criteria are combined, for a pixel x = (x, y) and the computed flow u = (u, v)
between [ and I, into the weighting function

—lg )1} x+u)? —min(diva,0)?
2

wx,y)=e % e i (7.3)

where o, is fixed while o; depends on the noise standard deviation. This weight
function is binarized, providing a mask of occluded points. If forward and backward
flows disagree, this weight is directly set to zero.

7.3.3 Patch Denoising

7.3.3.1 Denoised Estimate Computation

Once similar patches have been selected, denoising strategies are analogous to the
still image case. If the patches have been carefully selected, an average weighted
by the 2D-patch distance might give already reasonable results comparable to much



7 Patch-Based Methods for Video Denoising 185

more complex algorithms. Once the K - M patches have been selected, such modified
NL-means based algorithm (NL-means 3D) would compute

P= > wo. (7.4)
i€{l,...K M}
M L)1 _1P=0;1? . . .
where w; = e #  and Cp = >-.,e  # . A modified version of this spa-

tiotemporal NL-means has been recently proposed for video super-resolution show-
ing state-of-the-art results [13].

For single image, weighted average is improved by collaborative filtering [21] or
local Bayes modeling [38]. The same techniques are adapted for video denoising.
The VBMA4D applies collaborative filtering via DCT [44], and SPTWO [16] learns
a local Gaussian model via PCA. We describe this latter as local modeling.

The PCA analysis of the set of M - K patches looks for the basis of R™ better
explaining its structure in the sense that most of the information describing all patches
is concentrated in a few vectors of the basis. The amount of information that each
vector of the basis conveys is coded in its n? principal values. The computation of
the PCA of a set of patches is equivalent to the singular value decomposition (SVD)
of the matrix X having M - K rows and n* columns with each selected patch in a
different row,

X=UxVv7,

where U X are the coefficients in the new basis, X' is a diagonal matrix containing
the square root of the principal values, and each column of V contains a principal
vector that is an element of the new basis. That is, by keeping only the coefficients
associated with the most important vectors (the ones with highest corresponding
principal value), we keep the maximum of information. By discarding coefficients
related to less important vectors, we remove noise as proposed in [64]. The decision
of canceling a coefficient of a certain patch is not taken depending on its magnitude
but on the magnitude of the associated principal value. A more robust thresholding
is obtained by comparing the principal values to the noise standard deviation and
canceling or maintaining the coefficients of all the patches associated with a certain
principal direction. The denoised set of patches can be computed as

X=FUxVT,
where F is a n?> x n* diagonal matrix such that Fj; = 1 if X;; > to and zero other-
wise. The whole patch is restored in order to obtain the final estimate by aggregation.
7.3.3.2 Second “Oracle” Iteration

A second iteration of the algorithm is performed using the “Oracle” strategy. Once
the whole sequence has been restored, the algorithm is reapplied on the initial noisy
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sequence, but the motion estimation and patch selection are performed on the result
of the first iteration. We detail the procedure for [16].

Let {Ik“it, e, I,:L}, and {I,?V‘;, .. I,?J‘f;} be the warped noisy and initially
restored images in a temporal nelghborhood of I, where the optical flow has been
computed using initially restored images I, O and I;. 9 For each patch P of the reference
frame I, we consider the extended patches & and P referring to the extension
to the temporal dimension of the patch and its counterpart in the already denoised
sequence. The K extended patches that will be selected as similar are the ones min-

imizing the distance

d7°, 2= > |IPP= QI

ie{k—t,-- k+t}

Now we have two different sets containing each one K - M 2D patches of size n x n.
One set is formed by the patches of the noisy sequence, and the other one by the
corresponding patches of the already denoised sequence.

The PCA is computed in the set of already denoised patches. Let X denote the
matrix containing the selected patches of the noisy sequence as rows and X° the
corresponding matrix with the same patches of the already filtered sequence. We
compute the basis associated with X° making use of the SVD,

X0 = yoxoyo’,

This basis is adapted to the already denoised patches which are noise free. The
coefficients of the noisy patches are computed in this new basis and modified by a
Wiener filter before reconstruction. This is written as

X =F(xvOvo',

where XV© are the coefficients of the noisy patches in the computed PCA basis
and F is now a diagonal matrix implementing an optimal Wiener filter, that is,
02

In Fig. 7.4, the different estimation methods are compared using the same patch
selection criteria. For a reference frame to be denoised, the neighboring frames are
warped using the estimated motion and spatiotemporal blocks are used for selecting
similar patches. We compare the use of weighted averaging, the local modeling via
PCA with a single iteration, and with the Oracle iteration. Clearly, the texture is better
preserved by using the Oracle scheme. However, the result by weighted averaging
gives a high-quality denoised sequence, corroborating the importance of careful
preselection. The error for the NL-means for the weighted average (NL-means 3D)
is 4.87, for the local estimate via PCA is 4.46, and the two iteration with Oracle is
4.13.
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Fig. 7.4 Discussion on the denoising procedure for the selected patches. From left to right: noisy
image (o = 20), denoising result using NL-means applied on spatiotemporal blocks (NL-means
3D), denoising with single iteration and two iteration denoising with Oracle. In both cases, similar
spatiotemporal blocks were obtained after motion estimation with optical flow and resampling. The
RMSE values for each denoised result were 4.87, 4.46, and 4.13, respectively

7.3.3.3 Color Processing

As for the single-image case, two different options are possible: First, the extension
of the gray algorithm to RGB via a vectorial form of the method, or second, the
use of a decorrelating transform. The application of the algorithm to each channel
is usually discarded since it does not take advantage of the interchannel correlation
and might yield to color artifacts.

The use of a decorrelating transform has the advantage of computing patch dis-
tances in the gray component of the image which is less noisy. However, the inde-
pendent denoising of the chromatic components has the risk of obtaining excessively
muted colors. For a weighted average, both the uses of a decorrelating transform or
the vectorial form permit to take into account interchannel correlation. For collabo-
rative filtering, a decorrelating transform might be used.

When selecting a local model, the use of a vector form permits to adapt to the
local geometry of the patches and also to compute a color transform for each group
of similar patches, thus increasing the effectiveness of the model. Each color patch is
considered as a vector with three times more components than in the single-channel
case. This is the option chosen in [16].

7.3.4 Brief Comparison

In this section, we illustrate the performance of the different methods obtained
combining the selection and estimation strategies above described. Several of these
options are actually proposed video denoising methods.

We take into account simple extension of the search area to neighboring frames,
the classical NL-means [12] applying a weighted average, and the VBM3D [21]
using collaborative filtering. We use the VBM4D [44] as representative of methods
using spatiotemporal distance with block compensation by block matching with-
out resampling (integer precision). We also compare spatiotemporal distance with
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block compensation by optical flow without resampling (integer precision), denoted
as SPTWO without warping. Finally, we use the SPTWO [16] and the NL-means
3D (Eq. 7.4) as representatives of spatiotemporal distance after warping (i.e., resam-
pling) of neighboring frames with computed optical flow. This permits to assess the
improvement due to the gradation from classical NL-means to SPTWO. The Matlab
implementations of VBM3D and VBM4D were obtained from the author’s website,
and the default parameters were used in the tests. We used our own implementation
for the rest of methods, applying the same parameters for all sequences.

A Gaussian noise with increasing levels of standard deviation (¢ € {10, 20, 30,
40, 50}) was added to the sequences in Figs. 7.1 and 7.2, which were denoised using
the compared methods. The root mean squared error (RMSE) with respect to the
original (noise free) sequences is displayed in Table 7.1 for the gray dataset and
in Table 7.2 for the colored one. The values in the table correspond to the RMSE
computed for the central frame of each sequence. Moreover, the average RMSE for
each method and each noise level is also displayed in the last column.

As expected, we observe in these RMSE values the same gradation of algorithms
above stated. The largest RMSE values are obtained by those algorithms using a
simple weighted average or not applying any type of motion compensation. It is
interesting to note how the RMSE of NL-means is improved significantly by the use
of motion estimation and warping. Similarly, the VBM3D applying collaborative
filtering outperforms simple averaging. Unexpectedly, for gray sequences, the per-
formance of VBM3D is slightly better than VBM4D for low levels of noise (below
o = 40) and for color sequences, the performance of VBM3D is better than that of
VBMA4D, even for high levels of noise. Finally, the tables also show that the use of
warped patches greatly improves the performance of SPTWO algorithm, for which
the smaller RMSE values are obtained.

Figures 7.5,7.6,and 7.7 display the denoising results of the compared algorithms.
The figures also display the difference of the denoised image with the noisy one and
the difference of the denoised image with the original one. The difference with the
noisy image displays the noise removed by each algorithm. The absence of noticeable
details in the removed noise should indicate the preservation of all texture and features
of the original image. However, as illustrated by the denoised images, this absence
of details in the removed noise does not guarantee that all meaningful information
of the original image has been kept. Indeed, the removed structure might be hidden
by the noise. For this reason, we also display the image error, actually containing
removed information from the original image.

A first visual inspection illustrates that VBM3D and VBM4D perform similarly
and that their main weakness is the excessive blurring of image details. Not only
texture but also geometry may be removed by these approaches. This can be observed
in the letters of the book in Fig. 7.6. The SPWO algorithm recovers better all the
image details in all three cases, even in the presence of strong noise.
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Table 7.2 RMSE results for color sequences. The values correspond to the RMSE (averaged over
the three channels) computed for the central frame of each sequence. The average RMSE for each
method and each noise level is displayed in the last column

army cooper dog truck average
o=10 NL-means 3.52 4.55 5.05 4.20 4.33
NL-means 3D 347 5.15 5.38 4.46 4.61
VBM3D 2.96 4.31 4.48 3.76 3.88
VBM4D 3.26 4.48 4.47 4.04 4.06
SPTWO no warp | 2.94 4.08 4.02 3.61 3.66
SPTWO 2.72 4.00 4.09 3.56 3.59
o =20 NL-means 5.35 7.71 7.27 6.87 6.80
NL-means 3D 4.48 8.38 7.12 6.81 6.69
VBM3D 4.42 6.84 6.37 5.70 5.83
VBM4D 5.02 7.15 6.46 6.32 6.24
SPTWO no warp | 4.16 6.21 5.62 5.33 5.33
SPTWO 3.83 6.16 5.75 5.30 5.26
o =130 NL-means 7.07 10.44 9.02 9.09 8.90
NL-means 3D 5.30 10.54 8.21 8.59 8.16
VBM3D 5.54 8.87 7.75 7.30 7.37
VBM4D 6.40 9.25 8.00 8.12 7.94
SPTWO no warp | 5.05 7.87 6.79 6.69 6.60
SPTWO 4.71 7.84 6.95 6.70 6.55
o =40 NL-means 8.79 12.66 10.72 11.19 10.84
NL-means 3D 6.04 11.92 9.18 10.09 9.30
VBM3D 6.40 10.49 8.76 8.63 8.57
VBM4D 7.62 10.99 9.25 9.67 9.38
SPTWO no warp | 5.86 9.23 7.75 7.88 7.68
SPTWO 5.55 9.21 7.93 7.89 7.64
o =50 NL-means 10.56 14.58 12.47 13.08 12.67
NL-means 3D 6.82 12.98 10.08 11.24 10.28
VBM3D 7.34 12.01 9.90 9.92 9.79
VBM4D 8.71 12.49 10.55 11.01 10.69
SPTWO no warp | 6.54 10.35 8.68 8.83 8.60
SPTWO 6.41 10.41 8.95 8.91 8.67

7.4 Real Noise Removal

In real video sequences (such as the ones displayed in Fig. 7.8), the results of a white
noise removal algorithm are far from optimal. One reason is that in real scenes the
uniform white noise model does not hold.

The camera sensors capture at each pixel only the red, the green, or the blue value,
while the other two have to be interpolated. This process, called demosaicking, is
usually performed by copying and averaging close values from the same channel or
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NL-means 3D VBM4D SPTWO no warp SPTWO

Fig. 7.5 Denoising results for the gbus sequence with o = 20. First row, from left to right: noisy
frame, NL-means 3D (RMSE =7.34), VBM4D (RMSE = 8.87), SPTWO without warping (RMSE =
7.10), and SPTWO (RMSE = 6.23). Second row: detail of the above images. Third row: differences

with respect to the noisy frame. Fourth row: differences with respect to the original (noise free)
frame

the other two. As a result, the noise, being almost white at the sensor, gets correlated.
The rest of the imaging chain, consisting mainly of color and gamma correction,
enhances the noise in dark parts of the image leading to colored spots of several pixels.
The size of these spots depends on the applied demosaicking method. Additionally,
standard video compression algorithms, consisting of both transferring information
from neighboring frames and DCT coding of frame differences, make the noise
frequency and temporal dependent. Thus, noise estimation plays a key role in real
video denoising, as described in Sect. 7.4.2.

We discuss in detail in Sect. 7.4.3 how a video denoising chain should be designed
to deal with any type of noise. A signal-dependent model is estimated at each level
of a multiscale pyramid and for each color. In order to apply standard video denoising
algorithms, a variance stabilization transform is applied at each scale using the esti-
mated noise amplitude values. We compare the use of such a chain with the SPTWO
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NL-means 3D VBM3D SPTWO no warp SPTWO

Fig. 7.6 Denoising results for the iseq sequence with o = 50. First row, from left to right: noisy
frame, NL-means 3D (RMSE = 12.00), VBM3D (RMSE =7.63), SPTWO without warping (RMSE
=8.21),and SPTWO (RMSE =5.68). Second row: detail of the above images. Third row: differences
with respect to the noisy frame. Fourth row: differences with respect to the original (noise free)
frame

white noise removal algorithm, and other denoising algorithms designed to deal with
real noise, Sect. 7.4.4.

7.4.1 Introduction

The bibliography on noise removal from real video is scarce. As in the case of
single image denoising, most papers concentrate on uniform white noise removal. In
addition, the literature is very heterogeneous, what makes rather difficult to establish
a classification of the published methods.

Most of the recent publications describe patch-based approaches. In [41], a motion
compensated strategy using NL-means algorithm was proposed. In [59], the authors
apply the NL-means denoising algorithm to each image and then combine this esti-
mate with a purely temporal application of the same algorithm. Both estimates are
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NL-means 3D VBM3D VBM4D SPTWO

Fig. 7.7 Denoising results for the army color sequence with o = 30. First row, from left to right:
noisy frame, NL-means 3D (RMSE = 5.30), VBM3D (RMSE = 5.54), VBM4D (RMSE = 6.40),
and SPTWO (RMSE =4.71). Second row: detail of the above images. Third row: differences with
respect to the noisy frame. Fourth row: differences with respect to the original (noise free) frame

Il’

Fig. 7.8 Some frames of real (non-simulated) noisy image sequences
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combined in static parts of the image, while the spatial estimate is preferred in mov-
ing regions. In [41], motion vectors are used and patches are grouped across adjacent
frames but in a different manner. Instead of comparing patches to the reference patch,
these are compared in each frame with the compensated patch of the reference one.
NL-means is applied to this group of collected patches. In [30], the authors perform a
bilateral filter in both luminance and chrominance (YCbCr) for each frame, for which
the bilateral weight distribution is computed only on the luminance. A multiscale
wavelet transform permits to deal with non-white noise.

Many methods combine noise removal with color enhancement. For example, [59]
applies a second iteration of the denoising algorithm after a contrast enhancement
stage. A similar approach is used in [36] but a purely temporal denoising algorithm
is applied first, and a second purely spatial after the enhancement stage. In [7],
spatiotemporal bilateral filtering is applied and combined with the enhancement
technique in [27]. Filtering parameters at each pixel are fixed depending on the
amount of enhancement to be applied.

More general methods perform, additionally to noise removal, color correction
and sharpness improvement. In [35], the authors simultaneously perform multiview
image sequence denoising, color correction, and sharpness improvement in slightly
defocused regions for sequences of images coming from different cameras and thus
with different degrees of blur and noise. In [23], a sequence of images acquired with
a hand-held mobile phone are combined. The camera shake blurs each image with a
different kernel, thus attenuating for each one a different part of the Fourier spectrum.
The authors proposed to combine the different Fourier spectrums, choosing for each
frequency the images with larger magnitude.

7.4.2 Temporal Estimation for Signal-Dependent Noise

For RAW images, which display the data acquired at the sensor, a realistic assumption
for the noise model is to be signal dependent [19]. The noise characteristics are
modified by the camera imaging chain and the compression. In [42], the authors
studied the noise amplitude of JPEG images, and they estimated a model depending
on the demosaicking algorithm and the applied color corrections. In [20], the authors
also studied the noise amplitude in JPEG images but proposed a model dependent
not only on color but also on frequency. However, these models do not take into
account that for video a multitemporal estimation is possible.

Patch-based methods are the most used for estimating white noise amplitude in
digital images. They compute the standard deviation or DCT coefficients of all the
patches in the image [50]. However, these methods are not adequate for estimating
non-white noise amplitude. Indeed, neighboring pixels have correlated noise values,
which makes any statistical measure to systematically underestimate the true ampli-
tude. While single- image algorithms are forced to use these measures, when dealing
with image sequences, we may use values from different frames. Pixels belonging to
different frames of the sequence have independent noise values, which are more ade-
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quate for estimating the noise amplitude in the non-white case. It must be noted that
this is less true for highly compressed videos, since standard compression algorithms
actually combine values of consecutive frames.

The method proposed in [14] adapts the method in [50] by selecting patches of
neighboring frames. This solution is suboptimal since even if it combines information
from different frames, it does not take into account that the noise spatial correlation
can be mitigated by temporal averaging, which is the essence of fusion algorithms.
The method proposed in [15] first estimates the optical flow and warps all images
into a common reference frame. Using the motion compensated data, the temporal
average and standard deviation are computed for all the pixels. The only assumption
needed for the application of such estimator is that the noise has zero mean and that
the noise values from different frames are independent.

The averages obtained for all the pixels might be classified into a disjoint union
of variable intervals or bins, in such a way that each interval contains a large enough
number of elements. That is, the color level range is not divided into uniform length
intervals, but these intervals are adapted to the image sequence itself. This way,
if the image is dark, most of the intervals will be of short length and belonging
to dark values while none or very few bins will be in the lighter part of the color
range. These measurements allow for the construction of a list of standard deviations
whose corresponding averages belong to the given bin. The median of the standard
deviations in each bin gives an estimation of the noise amplitude per bin.

This noise estimation algorithm might be applied at each level of a multiscale
pyramid. Figure 7.9 displays the noise curves estimated for some real video sequences
and three scales, the original fine scale and two more. In order to compute these
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Fig. 7.9 Display of noise curves for different real image sequences and three scales (from coarser
(left) to finer (right)). The algorithm is applied at each scale obtained from the previous one by
subsampling of factor two, obtained by agglomeration of four pixels. The noise pairs (u;, o (u;))
obtained by the algorithm proposed in Sect. 7.4.2 are displayed for each channel and linearly
interpolated
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curves, we have used a pyramid with a subsampling factor of two at each scale,
obtained by simple averaging of four pixels.

7.4.3 Real Video Denoising Chain

We detail the video processing chain proposed in [14]. This is an adaptation of the
single-image chain in [40] to video. The method decomposes the image sequence
in a multiscale pyramid and, at each level, the noise is estimated, the variance sta-
bilized, and the noise removed by the white noise removal algorithm [16]. Once the
lowest scale is denoised, the result is upsampled and the details are added back. The
procedure is repeated until the finest scale is attained.

7.4.3.1 Multiscale Strategy

The multiscale denoising strategy consists of downsampling the image frames at
several scales and then denoising the coarsest scales (the ones satisfying more closely
the white noise assumption). Then, image details at finer scales are added to each
upsampled denoised frame and the process is iterated. As aresult of this process, noisy
spots are removed from the sequence. Downsampling at each scale is performed by
averaging groups of four pixels (factor 2 downsampling) while upsampling is done
using cubic splines interpolation.

Figure 7.10 compares the application of the method with a single scale or with
three scales. The denoised images are afterward enhanced (with the tone mapping
algorithm described in [26]) in order to better illustrate the differences between
the two methods. The single-scale algorithm actually removes noise but only noisy
regions of slightly more than one pixel, not large spots. Large colored spots are

Fig. 7.10 Comparison of the application of the method proposed in [14] with a single scale or
with three scales. From left to right: original noisy image, single-scale denoising, and three-scale
denoising. The displayed denoised images have been enhanced [26] in order to better illustrate the
differences between the two methods. The single- scale algorithm actually removes noise but only
noisy regions of slightly more than one pixel, not large spots. Large colored spots are removed only
by the multiscale algorithm, which removes them at the scale for which they become almost white
noise
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removed only by the multiscale algorithm, which removes them at the scale for
which they become almost white noise.

7.4.3.2 Noise Standard Deviation Stabilization

Uniform white noise removal algorithms fail to denoise a real video sequence due to
the fact that, in general, the noise level depends on the intensity level of the images.
Using the estimated noise curve, the original video sequence can be manipulated in
order to achieve a uniform noise distribution with arbitrary noise level. This manip-
ulation is known as the Anscombe transform (described in the next paragraph) and
it is an invertible transform. It is therefore possible to apply any white noise removal
algorithm to denoise the transformed sequence and to obtain the final denoised video
using the inverse Anscombe transform.

We usually refer to the Anscombe transform as to the transformation f(u) =

2. /u+ %, which is known to stabilize the variance of a Poisson noise model. How-
ever, any signal-dependent additive noise can be stabilized by a simple transform.
Let v =u + g(u)n be the noisy signal, we search a function f such that f(v) has
uniform standard deviation. When the noise is small compared to the signal, we can
apply the decomposition f(v) = f(u) + f’'(u)g(u)n. Forcing the noise term to be
constant, f'(u)g(u) = c, and integrating, we obtain

" cdt
f(u)—/o g(_t)

When a linear variance noise model is taken, this transformation gives back the
known Anscombe transform. When the noise dominates the signal, as in very dark
scenes, the linear approximation is less valid, and more complex techniques have to
be used [46].

7.4.4 Experimentation and Comparison

In this section, we illustrate the performance of the proposed chain, comparing its
results to those of the following state-of-the-art algorithms: Xu et al. [59], Liu [41],
Ji et al. [33], Gao et al. [30], and VIDOLSAT [58].!

I'We used the Matlab implementations of Ji et al. (by Sibin, Yuhong, and Yu, 2013), and VIDOLSAT
(from http://www.ifp.illinois.edu/~yoram). The rest of algorithms were implemented following the
descriptions in the published papers. Remark that Gao et al. method is an extension to video
sequences of the method described in [65].
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Noisy VIDOLSAT [58] Gao et al. [30]
Xu et al. [59] Liu et al. [41] Proposed

Fig. 7.11 Detail of the denoising results for video sequence pool. From top to bottom and left to
right, we display the central frame of the sequences: noisy, results of VIDOLSAT [58], Gao et al.
[30], Xu et al. [59], Liu et al. [41], and the proposed method. Remark that our method keeps more
details of the pool’s water while removing low-frequency color noise

All experiments use exactly the same parameters which are mainly the number
of scales, the window size, and the filtering parameter. We used three scales, a5 x 5
window and the same filtering parameters in all cases. The denoising stage is applied
after the variance stabilization transform, for which the standard deviation curve is
estimated automatically. Remark that all the compared denoising algorithms, except
the current chain and the one in [30], require as input the standard deviation o of the
image noise (which is assumed Gaussian in most cases). Since this value is unknown,
we tested with several values of o (ranging from 10 to 40) and we display the best
result.

Figures 7.11, 7.12, and 7.13 compare the different methods when applied to the
real data. We used several types of image sequences for completeness of the compar-
ison. In Fig. 7.11, we display an example extracted from [15], where the noisy video
has been simulated from original RAW data. In Fig. 7.12, we apply all methods to
a sequence of images taken independently with a photographic camera. Each image
is compressed by the camera independently of the rest, using the JPEG standard.
Contrast enhancement [26] is applied after denoising for a better visualization of
the differences, but it is not part of the proposed method. That is, the initial noisy
sequence is denoised and afterward the result is contrast-enhanced for visualization.
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Xu et al. [59] Liu et al. [41] Proposed

Fig. 7.12 Detail of the denoised central frame for a sequence of single image taken with a camera.
Images were compressed independently since data is not a video. Top, left, and center: excerpt from
the central frame of the original sequence, same detail after contrast enhancement applying method
[26]. Top (third and second images) and bottom: excerpt from the central frame of the denoised
sequences by VIDOLSAT [58], Xu et al. [59], Liu et al. [41], and the proposed method. Contrast
enhancement [26] is applied after denoising for a better visualization of the differences, but it is not
part of the proposed method. That is, the initial noisy sequence is denoised and afterward the result
is contrast-enhanced

As it can be noticed from the enhanced noisy image, noise is quite severe for this
case. The rest of methods blur the image in order to remove the grain noise of sev-
eral pixels. These grains are smoothed creating an unnatural aspect of the image.
Our multiscale algorithm removes completely the noise by keeping the sharpness of
details of the scene and yielding a natural image.

In Fig. 7.13, we apply the method to a video sequence acquired with a mobile
iPhone 4S. Again, contrast enhancement [26] is applied after denoising for a better
visualization of the differences, but it is not part of the proposed method. Low-
frequency and colored noise is completely removed by the proposed method, while
for the rest, residual noise can be noticed in the denoised frames.
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Noisy Contrast Enhanced Gao et al. [30]

Xu et al. [59] Liu et al. [41] Proposed

Fig. 7.13 Detail of the denoised central frame from a video acquired with a mobile iPhone 4S.
Top, left, and center: excerpt from the central frame of the original sequence, same detail after
contrast enhancement applying method [26]. Top (rightmost image) and bottom: excerpt from the
central frame of the denoised sequences by Gao et al. [30], Xu et al. [59], Liu et al. [41], and the
proposed method. Contrast enhancement [26] is applied after denoising for a better visualization
of the differences, but it is not part of the proposed method. This figure illustrates how details, as
the text in this case, are better preserved by our method

7.5 Conclusion

We presented in this chapter state-of-the-art techniques for noise removal in video.
Most recent techniques are patch based. We showed that a drastic improvement
can be obtained by carefully selecting the set of similar patches. Such strategies
involve the use of optical flow and motion compensation via the resampling of video
frames. Standard techniques are used for these stages, not taking into account that
videos might be noisy, and dealing with occlusions a posteriori. A refinement of
used optical flow and resampling techniques paying, attention to occlusions, would
improve described state-of-the-art algorithms.

We analyzed estimation techniques, from classical averaging to more complex
Bayesian modeling. We did not take into account Gaussian mixtures, but without
any doubt, the large amount of samples available in an image sequence makes this
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type of data more suitable for the use of Gaussian mixture techniques than single
image.

The video processing chain described in the second part of the chapter has shown to
be able to correctly denoise the real video from both video and mobile phone cameras.
However, the noise estimation procedure as well as the denoising chain neglects
compression information. Video standard techniques already estimate motion and
transfer image patches from one frame to the neighboring ones. Such information
could be useful for the denoising process. Frame differences after compensation are
compressed by standard DCT techniques, for which quantization intervals are known.
A more complex formulation could include such information as already proposed
for image denoising.

Image and video denoising techniques should be applied at the first stages of
the imaging chain, directly to the sensor data if possible. While for still images,
reflex cameras permit to have access to the RAW data, this is not available to the
general public by video cameras or mobile phones. The amount of storage needed for
keeping all sensor data of a whole video justifies this absence of RAW data for video.
Unfortunately, techniques presented in this chapter are not real time, and therefore
cannot be used in an onboard video imaging chain of a camera or mobile phone. The
acceleration and design of real-time techniques yielding similar performance to the
ones illustrated in this chapter is a huge challenge.

Finally, in order to numerically assess the performance of real video denoising
methods, a database of realistic videos with ground truth is necessary. The first
attempt for a particular imaging chain was carried out in [15]. A more systematic
database should contain videos with different imaging chains and different compres-
sion algorithms and ratios.

References

1. Adams A, Gelfand N, Pulli K (2008) Viewfinder alignment. In: Computer graphics forum,
vol 27, pp 597-606. Wiley Online Library

2. Alvarez L, Lions PL, Morel JM (1992) Image selective smoothing and edge detection by
nonlinear diffusion II. SIAM J Numer Anal 29(3):845-866

3. Alvarez L, Weickert J, Sanchez J (2000) Reliable estimation of dense optical flow fields with
large displacements. Int J Comput Vis 39(1):41-56

4. Arias P, Morel JM (2017) Video denoising via empirical Bayesian estimation of space-time
patches. J Math Imaging Vis 1-24

5. Ayvaci A, Raptis M, Soatto S (2010) Occlusion detection and motion estimation with convex
optimization. In: Advances in neural information processing systems, pp 100-108

6. Ballester C, Garrido L, Lazcano V, Caselles V (2012) A TV-L1 optical flow method with
occlusion detection. In: Lecture notes in computer science, vol 7476. Springer, pp 31-40

7. Bennett E, McMillan L (2005) Video enhancement using per-pixel virtual exposures. In: ACM
SIGGRAPH 2005 papers. ACM, p 852

8. Boulanger J, Kervrann C, Bouthemy P (2007) Space-time adaptation for patch-based image
sequence restoration. IEEE Trans Pattern Anal Mach Intell 29(6):1096-1102

9. Brox T, Bruhn A, Papenberg N, Weickert J (2004) High accuracy optical flow estimation based
on a theory for warping. In: European conference on computer vision. Springer, pp 25-36



7 Patch-Based Methods for Video Denoising 203

10.

11.

12.

13.

19.

20.

21.

22.

23.

24.

25.
26.

217.

28.

29.

30.

31

32.

33.

34.

35.

Brox T, Malik J (2011) Large displacement optical flow: descriptor matching in variational
motion estimation. IEEE Trans Pattern Anal Mach Intell 33(3):500-513

Buades A, Coll B, Morel J (2005) A non local algorithm for image denoising. IEEE Comput
Vis Pattern Recognit 2:60-65

Buades A, Coll B, Morel J (2008) Nonlocal image and movie denoising. Int J] Comput Vis
76(2):123-139

Buades A, Duran J (2017) Flow-based video super-resolution with spatio-temporal patch sim-
ilarity. In: Proceedings British machine vision conference 2017. BMVA

Buades A, Lisani JL (2017) Denoising of noisy and compressed video sequences. In: VISI-
GRAPP (4: VISAPP), pp 150-157

. Buades A, Lisani JL (2017) Enhancement of noisy and compressed videos by optical flow and

non-local denoising. IEEE Trans Image Process (submitted)

. Buades A, Lisani JL, Miladinovi¢ M (2016) Patch-based video denoising with optical flow

estimation. IEEE Trans Image Process 25(6):2573-2586

. Buades A, Lou Y, Morel JM, Tang Z (2009) A note on multi-image denoising. In: International

workshop on local and non-local approximation in image processing. IEEE, pp 1-15

. Chambolle A (2004) An algorithm for total variation minimization and applications. J] Math

Imaging Vis 20:89-97

Colom M, Buades A, Morel JM (2014) Nonparametric noise estimation method for raw images.
JOSA A 31(4):863-871

Colom M, Lebrun M, Buades A, Morel JM (2015) Nonparametric multiscale blind estimation
of intensity-frequency dependent noise. IEEE Trans Image Process

Dabov K, Foi A, Egiazarian K (2007) Video denoising by sparse 3D transform-domain col-
laborative filtering. In: Proceedings of the 15th European signal processing conference, vol 1,
p7

Dabov K, Foi A, Katkovnik V, Egiazarian K et al (2009) BM3D image denoising with shape-
adaptive principal component analysis. In: Proceedings of the workshop on signal processing
with adaptive sparse structured representations, Saint-Malo, France

Delbracio M, Sapiro G (2015) Hand-held video deblurring via efficient Fourier aggregation.
IEEE Trans Comput Imaging 1(4):270-283

Deledalle CA, Tupin F, Denis L (2010) Poisson NL-means: unsupervised non local means for
Poisson noise. In: 17th IEEE international conference on image processing. IEEE, pp 801-804
Donoho D (1995) De-noising by soft-thresholding. IEEE Trans Inf Theory 41(3):613-627
Drago F, Myszkowski K, Annen T, Chiba N (2003) Adaptive logarithmic mapping for display-
ing high contrast scenes. In: Proceedings of EUROGRAPHICS, vol 22

Durand F, Dorsey J (2002) Fast bilateral filtering for the display of high-dynamic-range images.
In: ACM transactions on graphics (TOG), vol 21. ACM, pp 257-266

Elad M, Aharon M (2006) Image denoising via sparse and redundant representations over
learned dictionaries. IEEE Trans Image Process 15(12):3736-3745

Farsiu S, Robinson M, Elad M, Milanfar P (2004) Fast and robust multiframe super resolution.
IEEE Trans Image Process 13(10):1327-1344

Gao Y, Hu HM, Wu J (2015) Video denoising algorithm via multi-scale joint luma-chroma
bilateral filter. In: 2015 visual communications and image processing (VCIP). IEEE, pp 14
Haro G, Buades A, Morel JM (2012) Photographing paintings by image fusion. SIAM J Imaging
Sci 5(3):1055-1087

Horn B, Schunck B (1981) Determining optical flow. In: Technical symposium east. Interna-
tional Society for Optics and Photonics, pp 319-331

Ji H, Huang S, Shen Z, Xu Y (2011) Robust video restoration by joint sparse and low rank
matrix approximation. SIAM J Imaging Sci 4(4):1122-1142

Joshi N, Cohen M (2010) Seeing Mt. Rainier: lucky imaging for multi-image denoising, sharp-
ening, and haze removal. In: IEEE international conference on computational photography, pp
1-8

Jovanov L, Luong H, Ruzic T, Philips W (2015) Multiview image sequence enhancement. In:
SPIE/IS&T electronic imaging. International Society for Optics and Photonics, pp 93,990K—
93,990K



204 A. Buades and J. L. Lisani

36. Kim M, Park D, Han DK, Ko H (2015) A novel approach for denoising and enhancement of
extremely low-light video. IEEE Trans Consum Electron 61(1):72-80

37. Kokaram AC (2013) Motion picture restoration: digital algorithms for artefact suppression in
degraded motion picture film and video. Springer Science & Business Media

38. Lebrun M, Buades A, Morel JM (2013) A nonlocal Bayesian image denoising algorithm. SIAM
J Imaging Sci 6(3):1665-1688

39. Lebrun M, Colom M, Buades A, Morel JM (2012) Secrets of image denoising cuisine. Acta
Numerica 21:475-576

40. Lebrun M, Colom M, Morel JM (2015) The noise clinic: a blind image denoising algorithm.
Image Process On Line 5:1-54

41. Liu C, Freeman W (2010) A high-quality video denoising algorithm based on reliable motion
estimation. In: European conference on computer vision. Springer, pp 706-719

42. Liu C, Szeliski R, Kang S, Zitnick C, Freeman W (2008) Automatic estimation and removal
of noise from a single image. IEEE Trans Pattern Anal Mach Intell 30(2):299-314

43. Lowe D (2004) Distinctive image features from scale-invariant keypoints. Int J] Comput Vis
60(2):91-110

44. Maggioni M, Boracchi G, Foi A, Egiazarian K (2011) Video denoising using separable 4D
nonlocal spatiotemporal transforms. In: IS&T/SPIE electronic imaging. International Society
for Optics and Photonics, pp 787,003-787,003

45. Mairal J, Sapiro G, Elad M (2008) Learning multiscale sparse representations for image and
video restoration. SIAM Multiscale Model Simul 7(1):214-241

46. Mikitalo M, Foi A (2013) Optimal inversion of the generalized Anscombe transformation for
Poisson-Gaussian noise. IEEE Trans Image Process 22(1):91-103

47. Orchard J, Ebrahimi M, Wong A (2008) Efficient non-local-means denoising using the SVD.
In: Proceedings of the IEEE international conference on image processing

48. Ozkan MK, Sezan MI, Tekalp AM (1993) Adaptive motion-compensated filtering of noisy
image sequences. IEEE Trans Circuits Syst Video Technol 3(4):277-290

49. Papenberg N, Bruhn A, Brox T, Didas S, Weickert J (2006) Highly accurate optic flow com-
putation with theoretically justified warping. Int J Comput Vis 67(2):141-158

50. Ponomarenko NN, Lukin VV, Abramov SK, Egiazarian KO, Astola JT (2003) Blind evaluation
of additive noise variance in textured images by nonlinear processing of block DCT coefficients.
In: Electronic imaging. International Society for Optics and Photonics, pp 178-189

51. Rudin L, Osher S, Fatemi E (1992) Nonlinear total variation based noise removal algorithms.
Phys D 60(1-4):259-268

52. Sand P, Teller S (2008) Particle video: long-range motion estimation using point trajectories.
Int J Comput Vis 80(1):72-91

53. Smith S, Brady J (1997) SUSAN: a new approach to low level image processing. Int ] Comput
Vis 23(1):45-78

54. Szeliski R (2006) Image alignment and stitching: a tutorial. Found Trends Comput Gr Vis
2(1):1-104

55. Tomasi C, Manduchi R (1998) Bilateral filtering for gray and color images. In: Sixth interna-
tional conference on computer vision, pp 839—-846

56. Wang YQ, Morel JM (2013) Sure guided gaussian mixture image denoising. STAM J Imaging
Sci 6(2):999-1034

57. Wedel A, Pock T, Zach C, Bischof H, Cremers D (2009) An improved algorithm for TV-L1
optical flow. In: Statistical and geometrical approaches to visual motion analysis. Springer, pp
23-45

58. Wen B, Ravishankar S, Bresler Y (2015) Video denoising by online 3d sparsifying transform
learning. In: 2015 IEEE international conference on image processing (ICIP). IEEE, pp 118—
122

59. XuQ, Jiang H, Scopigno R, Sbert M (2010) A new approach for very dark video denoising and
enhancement. In: 17th IEEE international conference on image processing. IEEE, pp 1185—
1188



7 Patch-Based Methods for Video Denoising 205

60.

61.
62.

63.

64.

65.

Yaroslavsky L, Egiazarian K, Astola J (2001) Transform domain image restoration methods:
review, comparison, and interpretation. Proc SPIE 4304:155

Yaroslavsky LP (1985) Digital picture processing. Springer, New York Inc, Secaucus, NJ, USA
Yue H, Sun X, Yang J, Wu F (2015) Image denoising by exploring external and internal
correlations. IEEE Trans Image Process 24(6):1967-1982

Zach C, Pock T, Bischof H (2007) A duality based approach for realtime TV-L1 optical flow.
In: Pattern recognition. Springer, pp 214-223

Zhang L, Dong W, Zhang D, Shi G (2010) Two-stage image denoising by principal component
analysis with local pixel grouping. Pattern Recognit 43(4):1531-1549

Zhang M, Gunturk BK (2008) Multiresolution bilateral filtering for image denoising. IEEE
Trans Image Process 17(12):2324-2333. https://doi.org/10.1109/TIP.2008.2006658


https://doi.org/10.1109/TIP.2008.2006658

Chapter 8 ®)
Image and Video Noise: An Industry e
Perspective

Stuart Perry

Abstract Images and video are increasingly becoming a part of our everyday lives
and with this growth, we find an increasing number of industrial and commercial
applications of imagery. In this chapter, we will examine the problem of image noise
from an industrial and commercial viewpoint. We will consider how noise enters the
imaging chain in these settings and how noise is measured and quantified for later
removal. We will also discuss standards and standardisation activities that relate to
noise measurement in a commercial or industrial setting.

8.1 Overview

Images and video are a multibillion-dollar industry in the twenty-first century. The
number of images taken per year continues to grow at an exponential rate spurred on
by the ubiquitous presence of cameras in mobile phones and other small, inexpen-
sive devices [1]. Cameras are vital pieces of equipment in a variety of commercial
applications, with entire conferences, books and journals devoted to imagery in spe-
cific commercial application domains such as autonomous vehicles [2]. Given the
large sums of money involved, it is not surprising that commercial and government
entities have devoted substantial resources to understanding how noise enters image
and video processing pipelines, how noise levels in images can be quantified and
removed. Other chapters in this book provide excellent algorithms for the removal
and filtering of noise in images and videos, but in this chapter, we will consider
first how noise enters the imaging pipeline for commercial or industrial systems and
how noise is typically measured by the commercial and industrial manufacturers of
imaging systems and technologies that make use of visual imagery.

S. Perry (X))

School of Electrical and Data Engineering, University of Technology
Sydney, Sydney, NSW, Australia

e-mail: Stuart.Perry @uts.edu.au

© Springer International Publishing AG, part of Springer Nature 2018 207
M. Bertalmio (ed.), Denoising of Photographic Images and Video,

Advances in Computer Vision and Pattern Recognition,
https://doi.org/10.1007/978-3-319-96029-6_8


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-319-96029-6_8&domain=pdf

208 S. Perry

Scene to Sensor

Lightpasses E> Light passes E> Light captured ¢ Light stored as
throughlens through filters by sensor charge

~—

Sensor to Rendered Image

SensorRead- Demosiacin, E> Colourspace E> ;
g
out E> Conversion ToneMapping

~Igl—

Transmission and Rendering

4 )

Display

—
Compression |:> Transmission E

Printing

Fig. 8.1 A typical imaging chain

8.2 Noise in the Image Processing Pipeline

Digital imaging systems are rapidly improving in quality and functionality, but
noise will always remain an issue for industrial and commercial applications. As
we improve imaging technology, we continue to push it into more challenging envi-
ronments and there will always be a need to remove noise from imagery in industrial
applications.

There is a variety of types of noise commonly encountered in images and they
occur at various points in the imaging chain. Understanding these types of noise will
help us understand the way they affect the measurement of noise in imagery [3].
Often, we refer to ‘noise models’ to describe statistical models of noise in imagery.

Figure 8.1 shows an overview of a typical imaging chain from capture to rendering
or display. A typical imaging chain can be divided into several stages:

First, light from the scene must be captured by an imaging sensor. This often
involves the light passing through a lens system to be focused on the sensor. The
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light may then pass through various filters to either remove unwanted wavelengths of
light or isolate particular wavelengths. In the case of consumer digital cameras, one
set of filters are used to isolate the red, green and blue wavelengths to represent colour
in the final image. Another set of filters are used to remove the infrared wavelengths
of light that human vision is not sensitive to, but silicon photosensitive elements
are capable of recording. The light is then captured by the sensor. If the sensor is
a film substrate, this occurs because of a reaction with photosensitive chemicals. If
the sensor is digital, then light is often captured by the excitation of charge carriers
in a semiconductor and stored as charge in each sensor site. In this chapter will
concentrate on digital image capture.

Second, the captured charge must be read out of the sensor sites and quantised into
a digital signal. If the sensor is a colour image sensor, then disparate information
on colour captured at different locations on the sensor must often be merged to
estimate the exact colour at each pixel location. This is called ‘demosaicing’ due
to the mosaic arrangement of colour filters on modern digital image sensors. This
is often followed by conversion of the image data into a device-independent colour
space and remapping of the luminance levels to allow for perceptually pleasing
display to a human observer.

Third, the image is generally sent to a rendering system where it can be displayed
to a human observer. This often involves compression of the image or video data to
conserve bandwidth and transmission over acommunications channel. The rendering
system might convert the image back into transmitted light such as a monitor display
or render the image using light absorbing pigments on a medium such as a printer.

Not all imaging chains have all the above processes, but noise can enter the
imaging chain at any of the above points.

8.2.1 From Scene to Sensor

The process of getting light from the scene to the sensor can add various distortions
to captured imagery. There are a large variety of noise sources that affect images and
video caused by the sensor and lens system of image capture equipment [4]. Some
of the most important noise sources are mentioned below.

8.2.1.1 Gaussian Noise

The most common noise model is Gaussian noise. Gaussian noise can arise from
various processes in the camera and lens system. Gaussian noise is often a good
approximation of other types of noise under a variety of conditions and, because of
the central limit theorem [5], Gaussian noise can describe the output noise statistics
when many other types of noise are passed through a complex system. Gaussian
noise is distributed independently for each pixel in each colour channel according to
the Gaussian distribution [5, 6]. Gaussian noise does not depend on the intensity of
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pixels in the image and is mathematically convenient to deal with. This type of noise
is a good description of noise associated with light capture during image acquisition
or some forms of thermal noise in image capture sensors [7, 8]. Gaussian noise is
often a good approximation for the noise associated with the capture of light by
imaging sensors when image light levels are high [9].

8.2.1.2 Shot Noise and Poisson Noise

Shot noise is noise inherent in the capture of photons by a sensor [3, 4]. It arises due to
the particle nature of light. The value of a pixel is dependent on the count of photons
collected by the pixel during an exposure. For bright light situations, each pixel may
be exposed to billions of photons and any noise from capture to capture might be only
a tiny percentage of the pixel’s value. However, when light levels are low, and only
a few dozen photons are collected in an exposure, the variation in pixel values from
capture to capture can be considerable. Hence, shot noise is dependent on the pixel
intensity and is often modelled as a Poisson distribution [5]. Poisson distributions
describe processes that count randomly occurring events (such as photons striking a
pixel sensor site) and have the property that the noise variance is proportional to the
value of the quantity being measured. As the quantity being measured (such as light
level) increases, the Poisson distribution approaches a Gaussian distribution [9]. In
practice, this means that shot noise deviates most strongly from Gaussian noise at
low light levels. Shot noise can be the primary source of noise in imagery at high
light levels [4].

8.2.1.3 Lens Flare

Modern camera equipment can have complicated lens structures to enable the change
of focus, optical zoom, or the correction of various distortions [10]. Although these
systems are often very efficient, light reflected from the interfaces between the lenses
can appear as noise in captured imagery. This is often referred to as ‘lens flare’ and
can manifest in a variety of ways. When the lens flare is distributed evenly within
the captured image it can be modelled as an additional photon noise factor with a
shot noise distribution [4]. Unlike photon noise associated with the image content,
the statistical properties of this form of lens flare are often not strongly correlated
with image content, but rather with the structure of lens system. Lens flare can also
manifest in captured imagery as polygonal shapes in the image related to the structure
of the camera lens or bright streaks [11]. This type of noise is so common that the
structured form of lens flare is sometimes added to imagery for visual effect or in
CGI imagery to simulate capture by a physical camera [12].
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8.2.1.4 Thermal Noise

Thermal noise in image sensors occurs when random thermal excitation of electrons
in the silicon substrate causes additional false charge in the pixel sensor site. At high
light levels, this noise source is often small compared to other noise sources such as
photon noise; however, thermal noise can dominate at low light levels [9]. Thermal
noise on image capture sensors can be well modelled by a Poisson or Gaussian
distribution [9]. Thermal noise can be mitigated by cooling the imaging sensor and
this technique is often used for extremely sensitive imaging applications.

8.2.1.5 Flicker Noise

Flicker noise occurs in most electronic devices and is often due to impurities in the
silicon or noise in the generation or recombination of charge carriers in the device.
This noise causes variations in the performance of electronic components. In the
case of imaging technology, flicker noise causes variations in the charge collected by
semiconductor sensors. Flicker noise is also called ‘pink noise’ and is characterised
by having a power density spectrum with a 1/f shape where f is the temporal
frequency of the noise [9].

8.2.1.6 Aliasing

Most digital imaging sensors rely on an array of photosensitive elements to collect
light. These elements are usually arranged on a grid, although they can be augmented
by filters or micro-lens arrays to achieve various purposes such as the capture of
colour or light field data [4, 13].

However, all imaging systems based on sensor arrays can only sample the real
world at a set of points and as such are subject to the problem of aliasing [4]. Aliasing
occurs when the number and spacing of samples of a signal are insufficient to describe
spatial or temporal variation in the signal. When the sampling is insufficient, energy
from high-frequency components of the signal is mapped back (or ‘aliased’) into
the lower frequency components, producing distortions and artefacts in the sampled
signal [6]. Digital imaging systems are subject to these problems as much as other
signal sampling systems. In digital images, aliasing can produce jaggy edges on
lines and curves, and Moiré Effect patterns in the output images [6]. Modern digital
imaging systems generally have low-pass components in the optical path or have
pixels small enough that aliasing is not noticeable unless the image is enlarged to the
pixel level [14].



212 S. Perry

8.2.2 From Sensor to Rendered Image

Once light has been gathered by a sensor, it needs to be read off the sensor and
then rendered in a way useful to further machine processing or viewing by human
observers. There can be many stages in this process and noise can enter the system
at most of these stages.

8.2.2.1 Noise When Reading Out the Sensor Value

The process of converting the pixel from stored charge at a sensor site to an electrical
signal can introduce a variety of artefacts and noise.

Quantization noise is caused by the quantization of pixel values as a result of the
conversion from analogue to digital sampling. It is usually modelled by a uniform
distribution [4]; however, a uniform distribution model can break down when the
number of quantization levels is small [3]. As modern digital cameras increase in the
available bit depth to represent pixel values, this problem becomes less of a concern.

Salt and Pepper Noise (also called Impulse Noise) refers to the random occurrence
of pixels saturated to some set of values [3]. This type of noise often occurs because
of faulty pixels on either capture or display systems or errors during pixel read-out
on sensors. Salt and Pepper Noise is usually modelled by assuming that a particular
percentage of pixels randomly selected in the image are subject to noise which
manifests as 50% of affected pixels being set to white and 50% of affected pixels
being set to black. Pixels not randomly selected as noise pixels in the image are
unaffected.

8.2.3 Fixed-Pattern Noise

Due to irregularities in the manufacture of imaging sensors, individual sensor sites
can have differing efficiencies in the capture of light. These differences result in pixels
being slightly brighter or darker than their neighbours due to differences in gain [4].
This is termed ‘fixed-pattern noise’ as the pattern of differing gains on each pixel
does not vary with the image content. Fixed-pattern noise is generally removed by
careful calibration of the imaging sensor prior to capture so that differences in pixel
gain can be compensated for following sensor read-out. In two-dimensional sensors,
fixed-pattern noise often manifests as a pattern of points across the image; however,
in line-based imaging systems such as document scanners, fixed-pattern noise can
manifest as an aperiodic banding pattern [15]. Imaging sensor site efficiency can
change over time, so some digital cameras allow for periodic recalibration to remove
fixed-pattern noise. Commercial line scanners often have a calibration strip that is
imaged prior to each scan and used to correct for fixed-pattern noise.
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8.2.3.1 Noise from Demosaicing

The majority of silicon imaging sensor sites use colour filters to perceive light at
different wavelets. For devices capturing images in the visible spectrum, red, green
and blue filters are arranged in a pattern on the sensor hence devoting every pixel
to the capture of red, green and blue light only. The most common pattern is known
as a ‘Bayer Filter’ and assigns twice as many pixels to capture green light as those
capturing red or blue light [4]. The higher sampling of the green part of the spectrum
is motivated by the greater sensitivity of human vision to these wavelengths of light
[16].

A result of this approach is that colour information recorded by imaging sys-
tems is often not perfectly aligned. Each pixel contains information on either the
red, green or blue parts of the spectrum and to obtain a full-colour image with red,
green and blue information at each pixel, interpolation is used to compute the miss-
ing colour information at every pixel in the image. This operation is often termed
‘Image Demosaicing’ [17]. Image Demosaicing attempts to recreate missing infor-
mation in an image and can introduce various sources of image noise and artefacts.
Demosaicing artefacts include the ‘zippering effect’ or the presence of false colours
near edges. The zippering effect produces an unnatural pattern in the image around
strong edges and is caused by the demosaicing algorithm’s interpolation not being
aligned correctly relative to the edges in the image. To avoid this, many demosaicing
algorithms are edge adaptive [17, 18].

8.2.3.2 Problems with Colour Space Conversion and Tone Mapping

Following demosaicing, images are often converted to a device-independent colour
space such as sRGB and luminance levels are remapped for display to human
observers. Both processes can introduce noise or artefacts in images.

Errors in gamut mapping between different colour spaces can produce satura-
tion of portions of the image, colour shifts for bright or very chromatic areas, and
false contours. False contours can be created when out-of-gamut pixels are changed,
leaving adjacent in-gamut pixels unchanged [19].

False contours can also be created during when luminance levels are mapped for
display on a specific device or more generally to make the image perceptually pleasing
for a human observer. This operation is called ‘tone mapping’ and false contours can
occur when the tone mapping operation increases a normally unnoticeable luminance
difference between pixels in an area of gradually changing luminance to the extent
that the luminance difference is now apparent to human observers. This produces
unnatural lines and contours in areas such as sky where human observers would not
expect structure to occur [6].

Tone mapping operations can also complicate the noise models used in imagery.
The Gaussian distribution is a good approximation for many noise sources; however,
the Gaussian distribution is only a good description in those cases when noise is
measured on an image prior to non-linear tone mappings [20]. Tone mappings can
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transform Gaussian noise into noise that is now dependent on the intensity of the
pixels in the image. Other common image acquisition processing such as auto white
balance or image sharpening can also produce non-Gaussian noise in the resultant
images.

8.2.4 Transmission and Rendering

Once images have been captured by an imaging system and rendered for display, the
images may then be transmitted to another location and displayed on a variety of
systems. Noise can be added to the image during transmission and rendering. This
can occur when the image is compressed to save bandwidth during transmission,
during the transmission process itself, or when the image is displayed on a monitor
or printed.

8.2.4.1 Artefacts of Compression

Modern images and videos are often extremely large and require image and video
compression techniques to reduce the size of these images. Modern image and video
compression algorithms can produce impressive bandwidth savings with little per-
ceptual quality decrease; however when compression algorithms are pushed to com-
press the image or video to extreme levels, a variety of artefacts and forms of noise
can occur. These include [21]:

e Blocking: Major image and video compression algorithms divide the image or
video into small spatial blocks that are converted into a frequency-based rep-
resentation and compressed by not encoding high-frequency information that is
invisible to a human observer. However, when the compression levels are high, the
boundaries between the blocks can be observed as a structured noise in the image.

e Basis Image Error Noise: Conversion of spatial blocks in images and video to a
frequency representation for compression often involves the use of the Discrete
Cosine Transform (DCT) [21]. Leakage of the basis images of the DCT into the
final image results in Basis Image Error Noise. This is caused by course quan-
tization of the higher frequency DCT coefficients resulting in only a few lower
frequency coefficients remaining. During decoding, the basis images of the DCT
transform corresponding to the remaining low-frequency coefficients are visible
in the final image.

o Staircase Effect: This distortion causes diagonal edges in the image to look jagged
with a ‘staircase’ pattern. This is caused by the nature of the discrete cosine trans-
form. Whereas the DCT basis images are tuned to horizontal and vertical edges,
they are not well tuned to diagonal image structure.

e Ringing: Ringing manifests as false edges in the decompressed image around
strong edges in the original image. This occurs because of the quantisation of
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the higher frequency DCT coefficients. Strong edges need higher frequency DCT
basis images to adequately represent them, and when these are removed by the
compression process, ringing results.

e False Contouring: As described above in relation to tone mapping, false con-
touring occurs when smoothly varying regions become quantised because of the
compression process.

e Temporal Effects: Compression of video can produce a variety of temporal distor-
tions and noise. One of the key processes in video compression is the matching of
spatial blocks across video frames. By matching a spatial image block in one frame
with that in a different frame, compression can be achieved by only encoding the
position change of the block in the second frame rather than the image data. How-
ever, mismatched blocks across frames can produce disturbing temporal artefacts.
Another source of temporal noise is the ‘mosquito effect’ due to varied coding of
the same area across frames causing temporal changes such as luminance changes
in smoothly varying areas of the video.

8.2.4.2 Noise of Digital Transmission

Periodic banding noise can occur when electrical interference occurs during either
capture or transmission of imagery [22]. This can manifest in several ways, but one
of the most disturbing is banding caused by electrical interference. This may appear
as lines that are slanted relative to the image raster and is often the result of the
frequency of the interfering noise being not a harmonic of the carrier frequency used
during the transmission of the image.

8.2.4.3 Noise of Display on Monitors

Modern display systems when correctly calibrated are often not a major source of
image noise. However, displays can have ‘dead’ pixels that manifest as salt and
pepper noise, and spatial or temporal variations in the luminance of the pixels on the
screen. These noise sources are often not noticed by consumers but are of concern to
professionals such as radiographers that make use of monitors to detect faint structure
in images for medical diagnostic purposes [23].

8.2.4.4 Noise During Printing

Printing of imagery is a complicated process. Problems with the absorption or deliv-
ery of ink on paper can cause irregularities of the printed image while mechanical
slippage of the feed mechanism can result in line artefacts known as ‘banding’.
Banding is a common source of noise in printed images.

Banding noise refers to any noise source that causes line artefacts to appear across
an image. Banding noise may result in periodic or aperiodic lines occurring across
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the image. Aperiodic banding can occur when the paper rollers slip during printing on
an ink-jet printer. The slippage causes the alignment of the halftone printing pattern
to be locally disrupted, often resulting in a band across the page either darker or
lighter than the surrounding print. The band often runs across the width of the page
perpendicular to the media feed direction during printing. However, there are many
other causes of both periodic and aperiodic banding noise in printers [24] including
blocked ink-jet nozzles which can result in banding that runs parallel to the media
feed direction.

There are international standards [25] that define a number of noise sources for
printers. These include a wide class of irregularities with ink deposition on paper
such as background haze, graininess, mottle, extraneous marks, banding and voids.
The difference between these noise sources is often simply the size and shape of the
artefacts or whether the noise manifests as unwanted ink on unprinted sections of the
paper or unwanted gaps in ink on printed sections of the image. Noise along printed
edges in documents was also addressed in the standard and termed ‘raggedness’.

8.3 Measuring Noise in Images

There is a multitude of algorithms for the removal of noise from imagery [6, 22],
but at the heart of these algorithms is the need to measure and quantify the level
of noise in an arbitrary image. This is a difficult problem as imagery can contain a
variety of content from low to high frequency that can resemble, enhance or mask
the appearance of noise [26]. Often only phase coherency of image content as it is
arranged into edges and shapes, rather than magnitude, differentiates true content
from noise [27].

Often the problem of measuring noise is closely coupled to the problem of quan-
tifying the difference between two arbitrary images. There are techniques and stan-
dards for measuring noise of imaging equipment through the use of test charts and
specialised equipment [28]. However, often engineers need to measure noise as it
appears in arbitrary image content. The visibility, effect on quality and nature of
noise on an arbitrary image processed in an imaging chain in applications in the real
world can be quite different to the results obtained in a controlled laboratory setting.

We might imagine that when a perfect copy of a noisy image exists, measuring
and quantifying the noise is simply a matter of subtracting the perfect copy from the
noisy image and applying simple summary statistics on the resulting ‘noise image’
such as measuring the power or energy of the noise image. In practice, this often
fails for two important reasons.

First, in many applications, an original image may not be available. For example,
when engineers need to measure the level of degradations caused during transmission
of imagery through channels with time-varying noise levels [29].

Second, often the factor of interest to engineers is not the noise level in the sense
of the power of the noise signal, but rather the visibility of the noise to a human
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observer or the degree that the noise added to the signal degrades the quality of the
signal as judged by a human observer.

There are many image difference operators that attempt to either measure the
visibility of noise in an image or quantify the quality loss that occurs when noise is
added [29, 30]. These image difference operators can be considered measures of the
noise in imagery.

8.3.1 Classifying Image Noise/Difference/Quality Metrics

As mentioned above, noise in imagery is usually quantified by image difference or
quality measures. These measures can be divided into a number of different categories
depending on various properties. One of the most common divisions is that of the
amount of information about the original perfect image that needs to be transmitted
together with the noisy image to allow the level of noise to be quantified. Generally,
this division classifies metrics into Full Reference (FR), Reduced Reference (RR) or
No Reference (NR) [29, 30].

Full-Reference (FR) metrics require the perfect original image to be present to
enable the level of noise present in the noisy image to be quantified. This is appro-
priate for controlled testing of a system or scientific studies into noise suppression
algorithms. Full-reference metrics are generally not appropriate for adaptively chang-
ing the parameters of a system according to arbitrary transmitted content in real time
as the original image is generally unavailable in practical applications. Examples of
FR metrics include MSE, PSNR [6] and SSIM [31].

Reduced-Reference (RR) metrics do not require the original image to be available,
but instead create a set of summary statistics of the original image that are transmitted
to the receiver and compared to the same summary statistics collected from the
received noisy image [29]. This approach can allow transmission channels to adapt to
changing environmental conditions by continuously measuring the quality of imagery
transmitted through the channel. Reduced-reference metrics are not applicable to
measuring the quality of data directly from image capture devices and are generally
not as accurate as full-reference metrics. The more data transmitted by the RR metric
to summarise the image, the greater the accuracy, but the more bandwidth used.
Examples of RR metrics can be found in the survey by Engelke and Zepernick [29].

No-Reference (NR) metrics require no information about the original image.
Instead, they make certain assumptions about the original content such as the sta-
tistical distribution of natural images or the types of distortions present in the noisy
image. In general, NR metrics do not perform as well as FR or RR metrics; however,
they continue to be an active area of research as the applications of NR metrics are
very broad compared to FR or RR metrics. A survey of RR and NR measures can be
found in Engelke and Zepernick [29].

Full-reference, reduced-reference and no-reference metrics all need to make
assumptions about what noise is and the effect it has on a human viewing the content
and based on these assumptions we can further categorise the metrics. In particular,
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we can arrange the metrics into distortion-specific metrics, Human Visual System-
based metrics and natural image statistic-based metrics.

8.3.1.1 Distortion-Specific Metrics

Distortion-specific metrics attempt to measure noise by having very particular models
of noise artefacts, such as banding, blur or blockiness and searching for those specific
distortions in the image data. The goal is to find and quantify the distortions without
regard to the image content and without considering the wider variety of image
distortions and noise that may impact image quality. The vast majority of distortion-
specific metrics are no-reference metrics since they generally make use of algorithms
to detect the noise type being measured without reference to an original image.
However, this category can be considered to include full-reference metrics such as
MSE and PSNR since these measures subtract out the image content, and do not
consider the human visual system when measuring image difference. Both measures
will be described in more detail in a later section.

A difficulty with distortion-specific measures is that there is a wide variety of types
of noise that can affect images and video, and discriminating all these different types
of noise from the large variety of different types of image content is an impossible
task. Solve this problem; distortion-specific measures often target only one particular
type of distortion or a limited variety.

An important source of noise or distortions in images and video in real life appli-
cations are compression algorithms. Fortunately, compression algorithms produce
well-known distortion types, such as blocking, blur or quantisation noise. Blocking
artefacts result from the division of images and videos into regular sub-blocks prior
to compression and are both readily noticeable to humans and degrade subjective
quality quickly. A number of noise measures have been developed directly targeting
blocking artefacts, for JPEG compressed imagery [32], for compressed video [33]
or for both [34]. Some blocking measures are deliberately designed to ignore or to
produce results that are intolerant of other types of image noise [34].

Blur is also a distortion caused by compression of both images and video, as
well as being a problem inherent to capture systems as well. Measuring the degree
of blur in an image is difficult even when the original image is known [35], but
becomes even more difficult in the case of no-reference metrics [36]. Some blur
metrics attempt to measure blur on the compressed image and video formats [37].
This has the advantage of enabling blur to be measured on a communications channel
without explicitly de-compressing the content for this purpose. This can result in a
substantial saving in computational resources.

In video sequences, distortions in motion, such as frozen frames or errors in the
predicting the motion of objects in the scene can have a dramatic effect on image
quality. It is not surprising that distortion-specific metrics have been designed to
address noise associated with motion in video [38, 39].

Finally, there are distortion-specific metrics that merge individual specific dis-
tortion measurements together to create a final measure of image quality. A good
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example of such a metric is the metric for JPEG images developed by Wang et al.
[40]. This metric extracts measures of blocking, blur and noisiness and weights them
according to their importance to human perception to create a single quality metric.
The video metric developed by Cavallaro and Winkler [41] extracts blocking, blur
and jerkiness measures and combines this with semantic segmentation of the video
frames to incorporate human visual attention characteristics [29].

8.3.1.2 Human Visual System Based Metrics

HVS-based Metrics attempt to model the human visual system to determine how
noise affects the perception of image quality. Often noise and image content is
not directly modelled, but rather the affect that these have on a human observer.
HVS-based metrics are almost always full-reference metrics due to the difficulty of
completely modelling the human response to imagery. The presence of the original
image simplifies the problem down to one of modelling the human response to the
difference between two images. There are too many metrics that attempt to model the
human visual system to describe them comprehensively in this section. The reader
is referred to various survey papers and summaries for this purpose [29, 30, 42].
However, most metrics contain at least some of the following steps:

1. The images to be compared are converted into some colour space where dif-
ferences between colours are perceptually uniform such as CIELAB [16, 43].
Many older metrics were designed to work on grayscale images [44, 45]. These
metrics are still useful in the world of colour images due to the greater impor-
tance to human observers of the differences in luminance information between
images compared to chrominance information [46]. Howeyver, there is a recog-
nised need for colour metrics [46] to accurately characterise distortions that occur
with colour imagery.

2. The images to be compared are filtered based on human sensitivities to contrast at
different spatial frequencies, often considering, or making assumptions regard-
ing, viewing conditions [47]. This is performed to remove details not visible to
human observers [43].

3. The images to be compared are decomposed into some frequency representation
designed to model the differing responses of the human visual system to content
at different spatial frequencies, scales and orientations [45, 48]. Gabor filters
[44], wavelet filters [49] or DCT [50] decomposition is commonly used at this
stage, due to their ability to preserve local variations in frequency content.

4. Contrast and noise masking effects are modelled by combining coefficients in
the frequency space representation across different spatial locations in the same
frequency band or across different frequency bands [42, 51].

5. A summation step combines differences in coefficients across different frequency
bands weighted according to the affect that each band has on human perception
to create a final measure [42, 51].



220 S. Perry

Metrics based on models of the Human Visual System still face several difficulties
that have restricted their adoption by industry:

1. HVS-based metrics are still subject to content dependence wherein the metrics
do not perform consistently for all types of content [40].

2. Many aspects of the measures, in particular, the response of human vision to
the spatial frequency of content, are modelled using functions developed from
‘threshold’ experiments. Threshold experiments determine the point at which
humans can detect a change in a stimulus. However, many HVS-based metrics
use these functions to weight the contribution of content at different spatial fre-
quencies to the overall metric even when this content is at levels well above the
threshold of visibility. When content is above the threshold of visibility, there is
substantial evidence that these functions need to be modified [49].

3. Higher level concepts such as interactions between content and the perception
of quality are often lacking [49]. It is known that the presence of edges, skin
and faces and other salient areas can affect the perception of quality. Some error
metrics have attempted to include limited higher level perceptual characteristics
such as semantic segmentation of the image content with some success [41].

8.3.1.3 Natural Image Statistics-Based Metrics

These metrics rely on statistical models of natural images. The assumption of such
methods is that the human visual system is evolved to extract information from natural
imagery. As such, human subjective notions of quality are modelled as being closely
related to the degree to which an image deviates from appearing like a natural image.
Often these measures do not model the noise process or the physiology of human
vision directly. Many of these metrics are no reference [52] or reduced reference
[53], relying on the statistical model of an ideal image to replace knowledge of the
original image.

Often natural images are modelled in some frequency space such as Fourier or
wavelet spaces. In Fourier space, the average magnitude of the Fourier coefficients
of natural images is known to fall off at a 1/f rate [52], where f is the frequency of the
coefficient. Images substantially deviating from this distribution can be considered
as appearing unnatural to a human observer. In the wavelet domain, the distribution
of coefficients is very non-Gaussian, characterised by distributions with heavy tails
and high kurtosis. In addition, it has been observed that the wavelet coefficients
display a great degree of self-similarity across scales with similar distributions across
scales and a high degree of correlation across scales [54]. This scale independence
is only true when natural images are considered as an ensemble. Individual natural
images may violate this concept [54]. Some researchers have attempted to model
the distributions of natural images by considering the random arrangement of shapes
according to a Poisson process. Shapes can be drawn from a group with random
textures, sizes and shapes with or without occlusion. This is commonly called a
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‘dead leaves’ pattern [54] and has been used for testing image capture systems in
industrial applications [55].

A representative example is the work of Simoncelli [56, 57] where the statistics of
wavelet coefficients and their relationships to wavelets coefficients at other scales and
orientations were encoded by representing the coefficients at a scale, orientation and
location of interest as an estimate using coefficients in other scales and orientations at
the same location, nearby neighbours at the same orientation and scale, and a noise
term. The noise is modelled as Gaussian, but the weights used in the coefficient
estimate are modelled using an empirical distribution. This was used as a model of
natural image statistics for image compression. Shiekh et al. [52] extended this idea
and expanded it to develop a no-reference image quality metric that could be applied
in the DCT compressed domain.

This approach can also be used to develop reduced-reference metrics. In Wang
and Simoncelli [53] the statistical distribution of the coefficients of a wavelet decom-
position is approximated as a two-parameter Generalised Gaussian Density (GGD)
model. The parameters of this model are transmitted with the image. On the receiver
side, the distribution of the wavelet coefficients of the received image is computed
and the Relative Entropy (also known as the Kullback-Leibler divergence [58]) is
used to determine the difference between the distribution of wavelet coefficients
between the original and received images.

Figure 8.2 summarises, diagrammatically, the relationships between the measures
that we have been exploring in this section.

8.3.2 Commonly Used Metrics in Industry Applications

Despite the wide range of image quality metrics described above, the problem of
measuring noise in images is far from solved and very few of the metrics described
above have found common use in industry. The most commonly cited noise metrics
for natural images used in industry are Mean Square Error (MSE), Peak Signal-to-
Noise Ratio (PSNR) and Structural SIMilarity Index (SSIM). All of these measures
are full-reference metrics due to the better performance of FR metrics in general.
We will describe these measures in this section, while the next section will describe
efforts to standardise the measurement of noise and image quality in general.

8.3.2.1 MSE and PSNR

Mean Square Error (MSE) is simply a measure of the residual energy in a test image
once a perfect copy of the original image has been removed. For an image of size M
by N pixels,
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Fig. 8.2 One possible classification of image quality and difference metrics based on the degree
of knowledge assumed by the metric. Along the horizontal axis, the degree of knowledge about
the original image increases. Along the vertical axis, the metrics are divided into those that assume
knowledge of the distortion, those that assume knowledge of the human visual system and those
that assume knowledge of the statistics of natural images

Differing Assumptions about the Image
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where (i, j) and G, J) is the value of the pixel at the ith row and jth column of the
original image and test image, respectively. MSE is a version of the more general
Minkowski metric [30]. This measure is simple and directly proportional to the power
of the noise signal. As the level of noise increases MSE increases, however, the value
of the MSE does not give any indication of the relative visibility of the noise against
the image content.

Peak signal-to-noise ratio maps MSE onto a logarithmic scale and scales it relative
to the maximum pixel value in the image. For an 8-bit image, the maximum pixel
value is 255 and PSNR is given by

2552

MSE(I, i) ®2

PSNR(I, 1') = 10log,,
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PSNR has a value of zero when the value of MSE is equal to the largest possible
deviation of the noise and approaches infinity as the MSE approaches zero. Unlike
MSE, PSNR increases in value with increasing image quality.

Due to their simplicity, PSNR and MSE are still used widely to measure noise
in images, especially as baselines to compare new image quality measures [29, 30].
PSNR and MSE do not correlate particularly well with subjective evaluations of
image quality [31]. However, there is evidence that more advanced image quality
measures do not perform substantially better than PSNR for video quality applica-
tions [52]. Both PSNR and MSE suffer from a number of issues. PSNR and MSE do
not take into account aspects of the human visual system such as content masking
effects, luminance adaptation or the effect of viewing distance [42]. Image distor-
tions that appear very differently to human observers can have identical values of
PSNR and MSE [31]. MSE and PSNR do not consider the spatial arrangement of
the pixels in the measure, hence ignoring image and noise structure. Noise artefacts
such as blocking are particularly visible to human observers due to the fact that the
disrupted pixels form regular patterns in the degraded image. This aspect is not cap-
tured by PSNR or MSE. On the other hand, a simple shift by a single pixel of the test
image relative to the original will produce large values of MSE and reduce PSNR
dramatically despite being unnoticeable to a human observer.

8.3.22 SSIM

Structural SIMilarity Index (SSIM) was presented in the seminal paper by Wang
et al. [31]. This error metric bears many similarities with metrics based on natural
scene statistics in that it concentrates on the structure of the image being analysed
instead of directly modelling either the noise applied to the image or the physiology
of human vision. SSIM is based on the concept that human vision has evolved to
extract structural information from natural imagery [59]. Humans observe a decrease
in image quality when the structural aspects of an image are distorted or masked by
noise. For example, blocking artefacts which impose an unnatural regular grid on
an image are much more disturbing to human observers than a simple global shift
of pixels in an image or a global increase in luminance. The latter two distortions
do not affect the overall structure of the image, whereas the blocking artefacts add
artificial structure to the image.

In SSIM, image structure is measured by three quantities. The first quantity is
designed to compare the luminance difference between two images:

, 2 (+C
(1.1) = A= (8.3)
129 +Mi+cl

where p; and p; are the mean values of the original and test image, respectively,
and C is a constant to avoid a zero denominator. The second quantity is designed to
compare the contrast difference between two images:



224 S. Perry

; 20707+ C,
c([, 1) = e (8.4)
o +0:+C

where o; and o; are the standard deviation of values of the original and test image,
respectively, and C; is a constant to avoid a zero denominator. The third quantity is
designed to compare the structure difference between two images:

, i+ C
s<1, 1) = QT (8.5)
o707+ Cs3

where o, is the covariance between the original and test images and C3 is a constant
to avoid a zero denominator. The final SSIM measure is given by

SSIM(I, 1’) - 1(1, f)ac(l, i)ﬁs<1, f)y (8.6)

where « , 8 and y are adjustable constants that may be adapted to different problems
or datasets. In the original paper, « = § = y = 1.0 [31]. To adapt SSIM to local
distortions in images, SSIM is usually computed as a distortion map with SSIM
computed for each pixel with the above summary statistics being computed over an
11 by 11 Gaussian weighted window centred on each pixel. In an earlier version
of the metric called the Universal Quality Index (UQI) [60], the constants C; and
C, were set to zero, but this was found to cause instability for very dark or smooth
images.

SSIM performs consistently better than PSNR at predicting subjective judgements
and is resilient to luminance changes and small shifts that would not be noticed by
human observers. Under certain assumptions, SSIM has been found to be able to
predict PSNR values for some types of distortions, although PSNR has been found
to be more sensitive to Gaussian noise than SSIM [61].

Extensions to Multi-scale SSIM

The original formulation of SSIM did not consider viewing distance in the formu-
lation of the SSIM metric. To provide robustness to changes in viewing distance a
multi-scale version of SSIM, MS-SSIM, was developed [62]. MS-SSIM is computed
by performing a dyadic scale wavelet decomposition of the original and test images
and computing the contrast (4) and structure (5) SSIM terms at each scale. The SSIM
luminance comparison term (3) is only computed at the coarsest scale. The terms at
the various stages are then combined multiplicatively by Eq. (8.7):

sstm(1,1) =1, i)aM ﬁ (1. i)ﬂ"'s,- (1.7) " 8.7)
j=1
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where M is the number of scales in the wavelet decomposition. The coefficients of
the contrast and structure terms at each scale, 8; and y; , in Eq. (8.7) are allowed
to vary from scale to scale, however to simplify the problem, 8; = y; at each scale.
The coefficients at each scale were determined by a subjective experiment involving
eight participants [62]. MS-SSIM was found to outperform single-scale SSIM as
well as other image quality measures, with the optimal performance obtained when
M =2[62].

Extensions to Colour

SSIM in its most common formulation only applies to the luminance component of
the image. Image Quality Metrics that rely only on luminance information are still in
widespread use. This is partly due to the simplicity of these measures being attractive
and the complexity of the human perception of colour [16] being a barrier to extending
these measures into the colour domain. In addition, the luminance component of the
image often has the most important impact on the perception of image quality [ 16, 46].
There exist image quality measures that are designed for colour images [43] including
metrics based on SSIM [63-66], but often the method of extending luminance only
metrics to colour has been to apply the metric on each of the colour planes and
simply sum the result [46]. Kolamin and Yadid-Pecht showed that this method of
extending luminance measures to colour images failed for certain types of colour
degradations inherent to CMOS sensors [46]. Instead of applying the SSIM metric
separately to the red, green and blue colour planes, they developed a quaternion
implementation of SSIM and termed QSSIM—Quaternion Structural SIMilarity.
Quaternions are a generalisation of vectors and provide a way of encoding the three
components of the colour of a pixel into a single representation with a set of well-
defined mathematical operations for addition and multiplication. Quaternions are
better able to represent rotations in multidimensional spaces and Kolamin and Yadid-
Pecht claimed that this property allowed QSSIM to better consider the differences
in colour compared to previous approaches. They demonstrated an improvement
over other implementations of SSIM for colour image noise and distortions for some
datasets [46].

Figure 8.3 and Table 8.1 demonstrate some of the differences in behaviour between
MSE, PSNR and SSIM. Figure 8.3 shows an 8-bit grayscale original image (a),
distorted by four different processes. Image (b) has Gaussian noise of zero mean
with variance 0.0015 added. Image (c) has multiplicative speckle noise added of the
form I(x/,\y) =1(x,y)+n(x, y)I(x,y), where I (x, y) is the original image, I@
is the noisy image and n(x, y) is a uniformly distributed random variable with mean
zero and variance 0.012 generated independently for each pixel in 7/ (x, y). Image (d)
is a JPEG compressed image with the quality factor set to 5, corresponding to strong
compression and image (e) is the original image shifted downwards and to the right
by one pixel.
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(d) (e)

Fig. 8.3 An 8-bit grayscale image with various distortions applied. a Original image, b Gaussian
noise of variance 0.0015 applied, ¢ speckle noise of variance 0.012 applied, d JPEG compression
with quality factor of 5 applied, and e image shifted by one pixel in the x and y directions. All
images have approximately the same values of PSNR and MSE, but different values of SSIM as
shown in Table 8.1. Image reprinted with permission of The MathWorks, Inc

Table 8.1 shows the MSE, PSNR and SSIM values of the distorted images in
Fig. 8.3. It can be seen that the MSE and PSNR values are similar for the four
different distortions despite the very different levels of subjective quality of the
distorted images to a human observer. To most human observers the translated image
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shows very little if any quality loss, whereas the JPEG compressed image would be
considered the most degraded image in Fig. 8.3. However, the MSE value of the JPEG
compressed image is the lowest of the four degraded images and the PSNR value is the
highest. This implies that of the four distorted images, the JPEG compressed image
has the best quality. This does not match human observation. The SSIM measure
however ranks the translated image as the best quality and the Gaussian image and
speckle images as having considerably lower quality. The SSIM measure ranks the
JPEG compressed image as having a lower quality than the translated image, but still
higher than the Gaussian or speckle degraded images.

8.3.3 Standards Related to Noise Measurement

Activities in industry related to noise measurement are often heavily driven by inter-
national standards. By following established standards on noise measurement and
image quality, imaging companies can ensure a consistent comparison between com-
peting products and services [67]. Standardisation bodies such as the International
Organization for Standardization (ISO) [68], Institute of Electrical and Electron-
ics Engineers Standards Association (IEEE-SA) [69], Society of Motion Picture
and Television Engineers (SMPTE) [70] and The International Telecommunication
Union (ITU) [71] often test potential noise and image quality measures in addition
to the testing performed by the original academic authors. Standardisation testing
usually directly involves industry participants and occurs across multiple laborato-
ries and hence can often be more rigorous than the testing applied by researchers
developing noise and image quality metrics and motivated directly by the concerns
of industry participants.

Some groups actively involved in standardisation efforts in the area of image noise
and quality are:

e ISO/TC 42 Photography: Standards for still picture imaging including methods for
measuring and testing media, materials and devices used in chemical and electronic
still imaging [72].

e [EEE-SA—CPIQ—Camera Phone Image Quality: Concerned with the develop-
ment of subjective and objective test methods for measuring the quality attributes
of camera phones [73].

Table 8.1 Image difference values for the images in Fig. 8.3

Image distortion MSE PSNR SSIM
Gaussian noise 97.1 28.3 0.55
Speckle noise 101.7 28.0 0.64
JPEG compression 85.8 28.8 0.80
Pixel translation 100.9 28.1 0.86
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e Video Quality Experts Group (VQEG): Concerned with subjective testing method-
ologies and objective tool development and verification for video quality assess-
ment [74]. VQEG make recommendations to The International Telecommunica-
tion Union (ITU) that may in turn result in ITU recommendations.

Standards groups actively comparing and using noise measurement and image
quality measures for natural images, but not concerned with the standardisation of
such measures, include:

e Joint Photographic Experts Group (JPEG) ISO/JTC 1/SC29/WG1: Concerned
with developing still image data compression standards [75]. Developers of the
extremely popular JPEG image-coding standard, this group is expanding its efforts
into 3D data structures such as point clouds and light field data, 360-degree imagery
as well as continuing to develop the JPEG standard for still images. JPEG make
extensive use of subjective and objective still image quality metrics to evaluate
compression algorithms.

e Motion Picture Experts Group (MPEG) ISO/JTC 1/SC29/WG11: Concerned with
the development of standards for the coded representation of digital audio and
video data including extending the standards into new areas such as 3D video and
360-degree video [76]. To evaluate video compression algorithms MPEG uses a
variety of video quality metrics including subjective testing.

The groups above and other standardisation groups in this field have been respon-
sible for a wide variety of standards for measuring noise and image quality.

Some of these standards involve the use of test charts to measure noise levels
on image capture or display devices. This includes the ISO 15739 [28] standard
developed by ISO TC 42 and the P1858 IEEE Standard for Camera Phone Image
Quality [77] developed by CPIQ. ISO 15739 makes use of test charts defined in an
earlier standard by the same group, ISO 14524:2009 [78].

Jin et al. tested the objective measures derived from test charts as per IEEE P1858
against paired comparison and quality ruler subjective testing [55]. A set of camera
phones was tested using the objective measures and test charts defined by IEEE
P1858 [77]. The same camera phones were then used to capture natural images and
the methods of Paired Comparison [79] and Softcopy Quality Ruler [80] were used
to subjectively measure the quality of the natural images captured by the cameras.
The objective measures defined in IEEE P1858 were found to correlate well with
perceived quality as measured by the subjective methods [55].

The Video Quality Experts Group performed a set of validation experiments with
the goal of finding image quality metrics that matched subjective evaluation of tele-
vision. The first validation experiment (FRTV Phase 1) [81] tested full-reference and
no-reference objective video quality metrics as predictors of the subjective quality
of standard definition television video. The metrics were evaluated on:

e Prediction Accuracy: The degree of the objective measures to predict the subjective
mean opinion scores.

e Prediction Monotonicity: The degree of the objective measures to vary monoton-
ically in relation to the subjective mean opinion scores.
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e Prediction Consistency: The degree of correspondence of the objective measures
across different video sequences. This attribute is designed to test the variability
of the objective measure to different forms of content.

Ten different image quality measures were tested on a variety of content. All
no-reference metrics were withdrawn during the experiment and as a result of the
experiment, VQEG recommended to The International Telecommunication Union
(ITU)in 2000 that the accuracy of FR models was at that time not sufficiently accurate
to justify standardisation [81].

In 2003, Phase II of the validation experiment was performed with six full-
reference image quality models tested [82]. Once again, the goal was to validate
the ability of objective video quality models to predict the subjective quality of stan-
dard definition television. As in Phase I, all no-reference metrics were withdrawn
during the experiment and of the six metrics tested, four metrics were recommended
to the ITU as being sufficiently accurate to justify standardisation. It was found that
while none of the metrics was statistically equal to the theoretically perfect model, the
four metrics recommended were statistically equivalent to each other and statistically
better than the remaining two metrics [82]. The VQEG recommendations resulted
in ITU-T Recommendation J.144 (2004) [83] and ITU-R Rec. BT.1683 (2004) [84].

In 2008, VQEG conducted experiments to validate the ability of Reduced-
Reference (RR) and No-Reference (NR) objective video quality models to predict the
quality of standard definition television [85]. Once again, all NR models were with-
drawn during the course of the experiments. In the final report, VQEG recommended
to the ITU that the accuracy of some reduced-reference video quality metrics was
sufficient to justify standardisation. This activity resulted in ITU Recommendation
J.249 [86] and the standardisation of the implementation of the PSNR metric as a
baseline for performance measurement in ITU Recommendation J.340 [87].

There are several standards to describe how subjective testing of various imaging
systems should be performed. This includes viewing conditions, test materials, how
to present the stimuli and conduct experiments:

e ITU-T P.910 (04/08) is a recommendation on digital video quality assessment for
multimedia applications with transmission rates below 1.5Mbit/s [88].

e ITU-R BT.1129 (02/98) is an ITU recommendation that defines methods for sub-
jective assessment of standard definition video sequences [89].

e ITU-R Recommendation BT.500-13 (01/2012) is an ITU recommendation for
subjective assessment of television that continues to be one of the key references
for conducting subjective assessment of still images [90]. The reader is referred to
BT.500-13 for a comprehensive description of a wide range of subjective quality
assessment methods and analysis techniques.

In the above recommendations, subjective quality is judged by either a ‘single
stimulus’ or ‘double stimulus’ case [90]. In the single stimulus case, the subject
sees only the image to be tested and judges the quality on a linear quality scale.
In the double stimulus case, the subject is presented with both the original and test
images and judges the test image relative to the original image on a linear quality
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scale. Quality scores are collected across multiple subjects and averaged for each
test image to compute a ‘Mean Opinion Score’ (MOS). In some cases, the reference
image is present in the experiment and is also given an MOS value. In this case,
the MOS values of the original image may be subtracted from the MOS values of
the test images to compute the ‘Difference Mean Opinion Score’ that represents the
improvement of the test image over the original image [90]. MOS and DMOS scores
can be quoted as a measure of noise in an image or video as perceived by a human
observer.

8.4 Conclusion

A multibillion-dollar industry exists around the capture, processing, analysis and
display of digital imagery in the twenty-first century. It is hardly surprising that
the issue of image and video noise is of deep concern to the imaging industry.
Substantial effort is spent on minimising all the sources of noise in the imaging chain
from precise control of the impurities in the silicon used to construct image sensors
to advanced algorithms for demosaicing, compression and sharpening designed to
minimise visual noise. As image quality improves, consumers have in turn come
to expect ever-greater performance from imaging systems, and this has driven a
plethora of standardisation activities to measure, reduce and compare noise levels
in consumer imaging. Manufacturers of imaging equipment wish to advance image
quality standards in the hope that being able to quantify image noise enables them
to show consumers that a specific piece of imaging equipment is superior to the
competition. These standards need to be backed up with solid psychophysical testing
on human subjects across a variety of image content to ensure respect and validity
for the standard. With the spread of imaging and product testing review websites
and blogs on the Internet, spurious claims to quality by manufacturers are quickly
exposed.

As unique image modalities such as 3D scanning, medical imaging and Virtual
and Augmented Reality technologies gain an increasing foothold in the consumer
imaging market, image noise measures and standards must be extended to these
domains. Given that there is still a great deal that we do not understand about the
perception of image noise for 2D imagery, the task of measuring, quantifying and
reducing noise in 3D imaging technologies is a difficult task for future research. Early
efforts have already begun on this problem, including efforts to quantify notions of
quality for the purpose of standardising the compression of light field and 3D point
cloud information [75, 76]. However, there is still much more work to be done in
this field, and plenty of scope to discover more about how humans perceive and
experience the visual world.
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Chapter 9 ®)
Noise Characteristics and Noise Check for
Perception

Tamara Seybold

Abstract Denoising is a traditional but still challenging problem in signal process-
ing. To reduce the noise in images and videos captured by a digital sensor receives
more and more attention also due to the shrinking size of today’s image sensors and
striving for even higher resolutions. A vast amount of research has been conducted to
solve the complex problem of separating noise from the true signal. The widespread
assumption of additive white Gaussian noise (AWGN) in readily processed image
data, however, has led to algorithms that fail on real camera data. This shows how
crucial the underlying assumptions and the considered quality metrics are to reach
results that are convincing on real data and for real people. In this chapter, we will
discuss the properties of real camera noise from sensor data up to human perception.
First, we will address how test data is generated and review the noise characteristics
of a real single sensor camera. Real camera noise is fundamentally different from
AWGN: it is spatially and chromatically correlated, signal dependent, and its prob-
ability distribution is not necessarily Gaussian. Second, the challenging aspects of
evaluating denoising results based on metrics will be addressed. Instead of rating an
algorithm based on a metric like PSNR, which is still the metric the latest benchmarks
are based on, a more meaningful metric is required. We show our results of different
perception tests that investigated the visibility of spatiotemporal noise as it occurs in
digital video. Including these results into a perceptual metric could enable a reliable
denoising evaluation with respect to the human perception of visual quality.

9.1 Beyond Standard Noise Models: Noise and Denoising
in a Real Camera Processing Pipeline

Digital cameras, even the highest quality products, still are limited by sensor satu-
ration in the highlights and by noise in low-light conditions. Capturing in low-light
conditions has become even more difficult with increased sensor resolution: when
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the physical size remains constant, a resolution increase leads to a pixel size decrease.
The amount of light trapped by a smaller pixel is lower and, therefore, the signal-
to-noise ratio decreases. As a high noise level decreases the visual quality of color
images and can reduce the efficiency of subsequent image processing tasks, elimi-
nating noise using algorithmic methods is necessary.

The denoising problem has been studied extensively and various methods have
been developed [4, 9, 17, 41, 45, 57]. The best available denoising methods show an
impressive increase in peak signal-to-noise ratio (PSNR) on most standard datasets
and reach almost optimality in terms of image fidelity [5-7, 38, 40, 54]. However,
this does not mean that the visual quality is optimal [22, 58]. The PSNR usually
indicates a successful reduction of noise, but it does not show how unnatural and
disturbing the denoising artifacts may appear to the viewer.

Most denoising methods are designed and evaluated based on a standard dataset—
e.g., the Kodak dataset—and a standard noise model—usually additive white Gaus-
sian noise (AWGN). This model does not correspond to the noise in real-world
image or video data taken with a digital camera, and therefore, denoising based on
this model leads to clearly suboptimal results on camera data.

To understand the difference, let us review the color image capture via a digital
camera, which is the usual method of image capture nowadays. One pixel captures
the irradiance; thus the sensor data corresponds linearly to the brightness at the pixel
position. To capture color data, a color filter array (CFA) is used, which covers the
pixels with a filter layer. Thus, the output of the sensor is a value that represents the
amount of light for one color band at one-pixel position (linear sensor data, /g,y ).
This linear sensor data cannot be displayed before additional steps are applied (see
Fig. 9.1). Mandatory in every camera processing pipeline, we have the white bal-
ance and the so-called debayering, which generates a full-color image (linear RGB,
I tuii—color)- To transform this linear image to monitor displayable image, additional
color transformation are needed. A minimal color transformation would be a color
space conversion to, e.g. SRGB and a gamma transformation. This, however, is not
sufficient for high image quality. We present the workflow published by Andriani
et al. [2]. For this pipeline, the color transformations include first a color space
conversion from camera to a wide gamut color space, a logarithmic transformation
called LogC, subsequently the tone mapping and the gamma correction. The color
transfomations are required to transform the linear data to displayable monitor data

White Color Tone Color Gamma
Balance Demosaicking Conv. LogC Mapp. Conv. Corr.

— /Pl B

Fig. 9.1 The camera processing pipeline from raw sensor data to a display domain image. The
pipeline starts with the sensor output, followed by the white balance and the demosaicking. These
two steps are mandatory in every camera processing. The color conversions transform the linear
data to monitor gamma and color space. In many cameras, nonlinear curves (here LogC and tone
mapping) additionally adapt high dynamic range data for standard monitors
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adapted to the monitor’s gamma and color space, but the exact type of transformation
may differ. All the steps described lead to a noise characteristic that is fundamentally
different from the usually assumed AWGN: the noise is signal dependent in the raw
data; through debayering, it becomes spatially and chromatically correlated; and after
the nonlinear color transformations, the noise distribution no longer corresponds to
a Gaussian distribution. The workflow discussed here is based on the processing
presented for a motion picture camera. However, as cameras for consumer market
also reach higher and higher dynamic range and resolution, we expect our findings
and methods also to be applicable to other signal-sensor camera data.

Different approaches can be used to tackle the problem of spatially correlated
camera noise: either apply the denoising to the raw sensor data, before debayering
leads to spatial correlation, or take the correlation into account. Despite the vast
number of proposed denoising methods for AWGN, only a few try to employ one of
these strategies.

Applying denoising to the raw sensor data requires a signal-dependent noise
model. Denoising methods for images containing signal-dependent noise have been
studied using two different approaches. The first is to include the signal-dependent
noise characteristic in the denoising methods. The second strategy is to apply a
transformation of the input signal to a signal with approximately constant variance
[18, 19, 23]. Including a signal-dependent noise model, however, is not enough: at
this level, the raw data is mosaicked in real single sensor camera images, so that
denoising methods must be adapted accordingly. There are different approaches of
denoising mosaicked data using the traditional noise model [8, 10, 24, 61, 63], which
are mostly trained on a standard dataset. Results for demosaicking real camera data
[2] show that algorithms trained on the standard dataset need to be adapted to sig-
nal characteristics of camera data. Hence, besides the noise model and the missing
neighboring values, denoising algorithms for raw camera data have to cope with the
linear signal values.

A combined study of the noise characteristics in images taken with a single sensor
camera must consider all three aspects: signal dependence, debayering, and the signal
domain. We will evaluate the noise characteristics with respect to the signal domain
and work out the differences between the real camera noise in digital color images and
the traditional noise model. To evaluate the impact of these differences, we compare
the visual quality of noisy images using both noise models based on a subjective
test, which enables us to discuss the impact of the noise model on human perception.
Additionally, we show how the noise characteristic influences denoising results.

The structure of this chapter is as follows. First, we show the camera processing
pipeline in Sect. 9.2: we start with the basic transformations that are required to
present image data captured with a digital sensor correctly on a monitor (color space
conversion and gamma transformation), and second present the nonlinear transfor-
mations that are used additionally for rendering images that contain a relatively high
dynamic range (logarithmic transformation and tine mapping). Section 9.3 discusses
the camera noise in the raw domain. In Sect. 9.4, we show the difference of the
noise in the raw domain to the display domain. We describe the processing of the
raw images and the relevance of the processing steps to the noise characteristics.
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In Sect. 9.5, we then evaluate the noise characteristics after the processing, in partic-
ular, the spatial correlation in the display domain. The visual perception of different
noise types is analyzed in Sect. 9.7 based on a set of subjective tests. In Sect. 9.6, we
apply denoising to a simulated video sequence with different noise types, thus we
can evaluate the effect of different noise characteristics on denoising results.

9.2 Camera Processing Pipeline: From Sensor Data to
Monitor-Ready Image Data

The sensor data contains only one value per pixel, which is green, red, or blue
depending on the location of the pixel. The most usual CFA is the Bayer pattern. To
obtain a full-color image with three color values per pixel, an interpolation method
is applied, called color demosaicking or debayering.

IBayer(nl,nz):///LC(A,nl,nz)r(u,v,A)h(nl —u,ny —v)didudv + N(ny,np) (9.1)
vV A

the data captured by a digital sensor can be described as a function of the incident

radiance r., which depends on the spectral response L., which is defined by the IR
and UV cut-off filters, the color filters for R, G, and B and the sensitivity of the
sensor’s photo site. The resulting image pixel values at the spatial sampling location
ny, ny additionally depend on the spatial response /, which is mainly determined by
an optical low- pass filter and the sensor’s pixel pitch. We include an additive noise
term N.

The task of debayering is to reconstruct the full-color data 1y,;—coror from
the observed sensor data /p,y.-. Andriani et al. [2] presented an evaluation of a
camera-optimized method compared to methods trained on artificial test images and
introduced a new dataset of real images. This dataset includes a test image with a
real full-color reference, which is obtained by a monochromatic sensor equipped
with alternating color filters for every captured image. Thus, the above-mentioned
I ruii—color 1s available as a reference. The evaluation shows that the quality of the
debayering depends strongly on the data it was optimized for. We, therefore, first
have a more detailed look on camera data characteristics.

The sensor output /.y, (11, n2) depends linearly on the incident light and cannot
be displayed directly. This is especially severe when the camera output is of high
dynamic range compared to what the display is capable of. Such a linear image
directly displayed appears mostly black, only the highlights are visible. When the
image is normalized according to the exposure, the main part of the image content
can be displayed (Fig. 9.2a). The histogram is scaled such that a certain range of
signal values fall inside the display values, however, highlights are clipped and black
tones are densely packed, visible as a peak in Fig. 9.2b.
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(a) linear data, normalized

(b) x 10° linear data, normalized
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Fig.9.2 Image example (a) and histogram (b) of alinear image. After normalization to the exposure
index the main part of the signal values is fitted in the signal range [0, 1], which is indicated by the
yellow lines

The normalized output data I, is calculated from 1,,, by adjusting the range
from x-bit-range to [0, 1] and correction depending on the exposure index EI with
a multiplying factor. This normalization scales the values such that middle gray
captured using an 18%-reflectance gray card, is mapped to the RGB values (0.18,
0.18, 0.18).

_IBEI  lq — 256
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9.2)

The next step is the reconstruction of the color values. To convert the color from
camera RGB (R, G, B.) to the usual SRGB monitor color space a color matrix
conversion is applied. First, the data is converted into a wide gamut color space
(Rugs> Gug, Bug), whose primaries are chosen to avoid clipping in all but the most
extreme cases. Subsequently, the conversion from the wide gamut color space to
the color space defined in the ITU Recommendation 709 [25], which has the same
primaries as sSRGB.

The output SRGB images are displayed in Fig. 9.3c, the histogram in Fig. 9.3a. The
last step missing for a monitor image is the compensation for the nonlinear electro-
optical conversion function (EOCF) of the display device (gamma transformation).

Figure 9.3d shows the final display domain image after these two basic steps
described: color space conversion and gamma transformation. Although this image
has been converted correctly using the basic conversion steps, in the very bright areas
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Fig. 9.3 1If the color space conversion is applied directly to the linear data, linear sSRGB data is
obtained (a, ¢). This image visualizes that the color space conversion is not enough: although the
color values are corrected, the SRGB values additionally need a compensation for the monitor
gamma. The result of this gamma compensation is shown in (b, d)

the highlights are clipped. This may also be observed in the histogram of the output
image in Fig. 9.3b.

This basic processing, therefore, is not adequate for high dynamic range data
delivered by today’s image sensors. Figure 9.4 shows the image when transformed
using the camera processing procedure published in [2], which—additionally to the
basic processing steps—includes nonlinear transformations to better convert the full
image information of the higher dynamic range linear image into the low dynamic
range display domain representation.

The first nonlinear curve is a logarithmic transformation, called LogC transforma-
tion, which is applied in the wide gamut color space. The LogC image is a format that
can be captured with most ARRI cameras. Other camera manufacturers have similar
logarithmic formats that allow preserving most image information but already pro-
vide visible image content when displayed on a monitor. The format was designed
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Fig. 9.4 Monitor data, image example, and histogram. With a nonlinear tone mapping function,
more pleasant shadows and more details in the highlights can be preserved
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Fig. 9.5 a Shows the LogC curve for two different exposure indices plotted with linear x-axes. b
Shows the tone mapping curve

to match the characteristics of negative film: it is linear to the exposure over a wide
range of signal values. The LogC curve, shown in Fig. 9.5a, hence, transforms the
linear data into a representation that is linear to the exposure around the middle of
the signal range. To avoid clipping and to keep the information at the borders of the
signal range, the curve flattens depending on the chosen exposure index.

The second nonlinear curve is the tone mapping, applied on the LogC data.
Tone mapping is long known to be an important factor in reaching high photo-
graphic image quality. It compresses the highlights and shadows and provides a steep
slope in the main signal range, which leads to a high-contrast monitor image [53].
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(a) LogC - (b) ieo

Fig. 9.6 LogC image (a) and the final tone mapped monitor image (b)

The tone mapping curve, shown in Fig. 9.5b, has a steep slope to increase the contrast
matching the display-specific range and compresses the highlights and shadows to
avoid clipping.

An example of a LogC image is shown in Fig. 9.6 on the left, the resulting display
domain image is shown on the right.

9.3 Camera Noise Characteristics

To measure the camera noise in the raw images at different signal levels, we take a
series of exposures with the ARRI Alexa camera. To measure the camera noise, we
use the photon transfer method [1]. Two frames A and B are used to calculate the
variance as the sum of the squared differences in the active area of size N x M.

M—-1N-1

= onap 2 (A — Bij)? 9.3)

i=0 j=0

The curve in Fig. 9.7a shows the variance plotted over the respective mean value.
The signal value is the digital 16-bit value of the sensor output, which represents the
light intensity level. The variance of the sensor noise can be approximated by a linear
curve. This result matches the results with other cameras in [55]. In Fig. 9.7b, we show
the distribution at a fixed signal level. The distribution is very similar to the Gaussian
distribution. That means we can well approximate the sensor noise using a Gaussian
distribution with signal-dependent variance. x,, = x + n with n ~ N'(0, o (x)) and
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Fig. 9.7 Variance and distribution of sensor noise
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Fig. 9.8 The noise variance over mean signal value is plotted for raw data after white balancing at
3200K (left) and for display-optimized monitor data at EI 800 (right)

o (x) = 4/mx + t where m is the slope and ¢ the intercept of the linear approximation
of the curve in Fig. 9.7a.

As we have Bayer data at this point, the noise level, of course, depends on the
signal value of one color. With different signal values of R, G, and B, the variance of
neighboring pixels is quite different depending on the color in the image (Fig.9.8).

9.4 Camera Noise in the Processing Pipeline

As explained in the introduction, the raw data is in the linear domain, i.e., the signal
value is proportional to the amount of light collected by the sensor. When processing
the sensor output, multiple steps are performed to achieve a monitor color image.
The steps are

1. White Balance,
2. Debayering,
3. Color Transformations.
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Applying these steps gives a displayable image, but they also influence the sensor
noise.

White balance is a known gain factor g, different for each color. It directly influ-
ences the noise 7. in different colors.

ne =§8eh v~ N(O’ gca(x)) 9.4

The debayering step creates three color values by interpolation using the pixel and
the neighbor values. Therefore, a spatial and chromatic correlation of the three color
channels is introduced. The spatial correlation of the noise n4., in the debayered
image is usually disregarded in common state-of-the-art denoising methods.

The third step, the color transformations, is a nonlinear tone mapping and color
space conversion to map the linear values to displayable signals. Color transforma-
tions can strengthen the spatial and chromatic correlation.

Figure 9.10b shows the noise distribution after color transformation: We observe
a more compact distribution around the mean value and longer tails. The color trans-
formations, however, are an individual choice and this distribution can vary over the
signal range. Hence, we cannot expect a Gaussian distribution in real camera data.

9.5 Local Correlation Introduced with Debayering

When looking at the noise power spectrum (R channel) of digital camera noise, Fig.
9.10a shows that real camera noise is not white: due to the spatial correlation intro-
duced with debayering the noise is more prominent in lower noise frequencies than in
high frequencies. To evaluate the influence of debayering for different methods, we
first use the standard test images from Kodak. This choice is since most debayering
algorithms in the literature are optimized using that test set.

The spatial correlation of the noise is evaluated after debayering a noisy and a
noise-free image. The difference image contains the error introduced by the noise.
We use this difference image to calculate the correlation matrix C and a scatter
plot. We compare different debayering algorithms and their influence on the noise
characteristics.

To visualize the distribution, we plotted 2-dimensional histograms of the noise.
The difference of the noisy and the reference image is the error due to noise. In the 2D
histogram, the densities of two neighboring pixels are plotted. The color represents
the density; the position in the plot represents the value of the error. The resulting
scatter plots for an image with AWGN without debayering are given in Fig. 9.9a.
The distribution is symmetric as expected for uncorrelated noise. Figure 9.9b, ¢ show
the scatter plots of the noise after debayering using bilinear interpolation and using
the debayering method proposed by Lu/Tan [39]. The scatter plots of the debayered
noise are dispersed into the diagonal direction, which indicates a correlation: it is
more likely for a pixel to have the same or a similar value as its neighbors (Fig.9.10).
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(c) Lu/Tan debayering

Fig. 9.9 Scatter plot of the noise in a noisy Kodak image before (a) and after debayering (b, ¢);
the first Kodak image was used and AWGN with ¢ = 20 added. From left to right, the G and B
channel. The R channel is not shown, because as the debayering methods interpolate the B and R
channels the same way and the scatter plots of B and R look very similar

In Sect. 9.4, we discussed the influence of processing on the noise. An additive
model for the noisy image 7, is to be the sum of the image / and the noise n. For
denoising applications, it is quite usual to assume white Gaussian noise,

L,=14+n; n~N(Q,o) 9.5)

spatially independent with a fixed variance 0. This assumption is far from real camera
noise, which is correlated spatially and signal dependent. We calculated the corre-
lation matrices C, given in Table 9.1. The matrices contain the correlation between
a pixel (i, j) and its neighbors; more precisely the entry (k, /) in the matrix corre-
sponds to the correlation of the neighbor pixel (i + k, j + /). Numbers for bilinear
interpolation, DLMMSE [62], and Lu und Tan method [39] are given. The matri-
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Fig. 9.10 The noise power spectrum (R channel) of digital camera noise (left) shows that real
camera noise is not white. On the right is displayed the noise distribution after color transformation:
we observe a more compact distribution around the mean value and longer tails

Table 9.1 Correlation matrices for different debayering methods, calculated using AWGN and the
Kodak dataset. While in the usual uncorrelated noise model the noise values do not correlate with
the neighboring values and thus lead to a matrix with only a one in the upper left matrix position,
these correlation matrices show that a strong correlation to the neighboring pixels is present after
debayering

Cpilin = Cdimmse = Ciu=
1 0.5693 0.1243 1 0.2239 —0.0066 1 0.3173 0.01578
0.5715 0.3214 0.07181 0.375 0.06351 0.03626 0.2947 0.1007 0.04422
0.1284 0.07425 0.0191 —0.003771 0.03715 0.03545 0.01689 0.04548 0.04233

ces are 3 x 3 because numbers outside of this region are very small. The bilinear
interpolation has the strongest correlation.

We propose to approximate the noise after debayering by a multivariate Gaussian
distribution with a covariance matrix X

I,~I+n; n~N@©,BX;B") 9.6)
with ¥ = B X, BT

We expect the expression to be separable with a diagonal matrix X;, whose entries
linearly depend on the corresponding pixel intensities (c.f. Fig. 9.7a) and a matrix
B depending on the spatial correlation introduced by the debayering. For linear
debayering methods, the above approximation is exact.
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9.6 Influence on Denoising

To answer the question what impact the difference between the traditional indepen-
dent noise and the camera noise has, we want to evaluate the effect on denoising in
this section. We already showed that the spatially correlated noise is more disturb-
ing, thus reduces the visual quality. We thus can expect that the visual quality is also
reduced with debayering when rating the denoising results. To evaluate if there is
also an effect on the denoising error, we use the PSNR, as it directly measures the
error of the denoised image quantitatively.

The PSNR of the denoising results is shown in Table 9.2. We compare signal-
dependent camera noise with a variance as in Fig. 9.7a, to Gaussian noise added in
display domain. The variance of the Gaussian noise was fixed with the objective of
a similar visual impression in display domain. We process the frames in two ways:
without debayering (called “RGB” in Table 9.2) and with debayering (“dem.” in
Table 9.2). All these cases then are denoised, either in linear domain or in display
domain (sRGB). Two different denoising algorithms are used: BLS-GSM [45] and
BM3D [9]. The parameters are picked to obtain the most visually pleasing results.
We calculated the PSNR of each frame and took the mean over 20 frames.

While the visual quality in the last section was shown to be lower with debayering,
the PSNR of the noisy sequence shows that the debayering has a slight denoising
effect, which leads to a higher PSNR of the debayered noise. However, the PSNR of
denoised images is up to 8 dB lower when the debayering is included and thus the
noise is correlated. Hence, denoising is significantly harder due to the spatial corre-
lation in the debayered images. BLS-GSM denoising brings lower PSNR improve-
ment for the signal-dependent noise, thus it shows similar to the noisy case a slightly
higher PSNR with the demosaicked noise. BM3D seems to be more robust to the
signal dependence, for both it leads to an improvement of above 10 dB in PSNR, but
it seems more sensitive to the spatially correlated noise as the improvement of 5.54
dB for AWGN and 2.82 dB for signal-dependent noise is much smaller.

Table 9.2 PSNR results for denoising the city sequence with BM3D [9] and BLS-GSM [45].
Two noise types are used: Gaussian noise added in display domain (AWGN) and signal-dependent
camera noise added in linear domain (SD). Denoising is either performed in linear domain (lin.) or
in display domain (SRGB)

Noisy BLS-GSM BM3D

RGB dem. RGB dem. RGB dem.
AWGN/sRGB |35.51 35.35 44.47 38.81 46.33 38.17
SD/sRGB 31.51 33.95 36.45 37.43 43.11 39.49
SD/lin 31.51 33.95 39.40 36.61 41.99 38.34
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BLS-GSM works better in linear domain, we think because the noise character-
istics differ less from the assumed model. In contrast, the similarity-based method,
BM3D, works better in display domain. Hence, denoising methods must be tested
on linear domain data explicitly and it depends on the methods if denoising in the
linear domain or in the display domain works better. In total, the results show that it
is very important to adapt the standard methods to the correct noise model.

Besides the noise model, also the signal domain of the images is important to
incorporate in the development of denoising algorithms. The very successful BLS-
GSM method shows severe artifacts when applied to linear data of a high dynamic
range scene (Fig. 9.12). This it not special for the algorithm, we obtain artifacts
around highlights with many denoising methods optimized on standard datasets,
because they were not optimized for linear high dynamic range data (Figs.9.11, 9.13
and 9.14).

(b) landscape

(a) ci_ty

Fig. 9.11 The computer-generated test sequences

Fig. 9.12 The image crops
of the arch sequence from [2]
denoised with BLS-GSM
demonstrate that denoising
optimized for standard test
data can lead to strong
artifacts when applied on
high dynamic range camera
data
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Fig. 9.13 Crop of the sequence “City”. Noisy image (left) and noisy image with debayering (right).
In the second row, the respective difference image I, scaled for display (/4 scaled = 1 - 4 + 128)
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Fig. 9.14 The MOS results for the test sequences “City” and “Landscape” using the traditional
AWGN model (dashed) and the realistic signal-dependent noise (solid lines). The uncorrelated
noise, processed without debayering, is shown on the left, the results with debayering on the right

9.7 Visual Perception of Spatially Correlated Noise

Building on the discussed characteristics of realistic camera noise in the last sections,
we now study the human perception of the traditional model compared to the more
realistic camera noise model. We use computer-generated video sequences combined
with a simulation of the camera parameters.

The “city” sequence is a pan over a city, see Fig. 9.11a. The frames are rendered in
high resolution and in linear signal domain. To incorporate the optic of a camera sys-
tem, the images of the sequence are multiplied in the Fourier domain with the optical
transfer function of the camera. This step takes into account the diffraction-limited
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Fig. 9.15 Processing of simulated sensor data for the test using signal-dependent noise (SD) and
AWGN

lens, the optical low- pass filter and the pixel aperture, as described by Schoberl et al.
[52]. The videos used in a test to compare the different noise types are simulated with
the signal-dependent camera noise added before the white balance, which is a real-
istic noise model, and compared to the traditional model, AGWN added on standard
images that are processed for display. The camera noise is added in accordance to the
measured values in Sect. 9.3 using a Gaussian distribution with a signal-dependent
variance defined by the linear approximation of the measurement data. This gives us
simulated raw images with a reference. The processing for the different noise types
is visualized in Fig. 9.15.

To compare the effect of debayering on the noise characteristic, the processing
with debayering is compared to the processing without debayering. The last one is
only possible with the simulated RGB values; in real raw data, the debayering can-
not be omitted. A crop of the city sequence with noise and with/without debayering
is shown in Fig. 9.13. The degraded video (noisy, with and without debayering) is
compared to the reference. The difference of one frame from the noisy video com-
pared to reference frame, shown in Fig. 9.13, visualizes the effect: When debayering
is included the noise is structured and of coarser grain. The difference images are
scaled the same way to be comparable. We also observe that the correlated noise
after debayering appears more colorful. This may be caused by the lower frequency
of the signal. As the maximum of the luminance contrast sensitivity is in higher
frequencies, the color might be perceived stronger for a low-frequency signal.

To obtain reliable information about the human perception of the different noise
characteristics, we perform a subjective test with 18 participants. We used the double
stimulus impairment scale (DSIS) methodology with an undistorted reference and
impaired noisy sequence according to ITU-R BT.500. The observer sees the reference
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video, subsequently, the impaired video, and afterward is asked to rate the second
video on animpairment scale. A discrete scale from 1 to 10, representing aimpairment
range of “very annoying” to “imperceptible”’, was used. The task for the participants
was to assess the perceived impairment of the videos. The test was performed in the
ITU-R BT.500 compliant video quality evaluation laboratory at the Institute for Data
Processing at Technische Universitidt Miinchen. For displaying the videos, a color
calibrated Sony BVM-L230 reference LCD display with a screen diagonal of 23 in.
was used. To get reliable results, the outliers were removed in the post processing
of the subjects’ votes. Votes were removed, if they deviated more than 2¢ from the
mean for a sequence. Using this criterion, 4.6% of all votes were discarded. After
outlier removal, the mean opinion score (MOS) was determined for the different test
videos.

The MOS provides reliable values for the subjective quality of the test videos.
Four different noise models were used in our test: the usual AWGN model, AWGN
with debayering, signal-dependent noise without debayering. and finally the realistic
camera noise model—signal-dependent noise with debayering. Based on the MOS,
we evaluate the visual quality of the noisy test sequences and analyze the main differ-
ences between the realistic camera noise and AWGN: spatial correlation introduced
through debayering and signal dependence.

The spatially correlated noise is perceived as more annoying. While the MOS is
different depending on image content and noise type, Fig. 9.14 shows a lower MOS
for the all the demosaicked sequences compared to the sequences with uncorrelated
noise. This may be due to the higher visibility of spatially correlated noise, which
shows coarser grain and appears more colorful. The MOS of the city sequence with
AWGN is about 3 scores lower when debayering is included. Regarding the sequences
with signal-dependent noise, the MOS is 0.5 lower for the city sequence and 2.3
lower for the landscape sequence when debayering is included. We thus showed the
significant effect of the noise characteristic on the visual perception of color video
sequences: the spatial correlation of the noise decreases the perceived image quality.

Our test results show that the noise characteristics have a significant effect on the
image quality perception. We, therefore, conclude that a more detailed study on the
perception of noise in different frequency bands could be helpful to obtain a more
detailed understanding of human perception.

9.8 Noise Perception in Videos

Based on the analysis of noise in digital videos presented in the first part of this
chapter, we know that the nois