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(a) Summary

This abilitation thesis presents the most significant scientific accomplishments | have
achieved since | received the PhD degree in January 2005, and also my future professional,
scientific and academic career development and evolvement plans. Besides this summary, it is
composed of a main part b, containing three subparts.

The major subpart b(i), entitled Scientific and professional achievements, describes in
three chapters the most important results obtained in the period 2005-2014. In these almost ten
years my research activity has lied at the intersection of computer science, digital signal
processing, and applied mathematics. | have essentially followed four main research directions in
this period: image pre-processing, machine learning, biometrics and computer vision.
Mathematical models, mostly based on partial differential equations (PDEs), have been
introduced in all these domains. Since the most important of these domains, which are biometrics
and computer vision, are mainly based on image and voice signal analysis, many speech and
image analysis techniques for biometrics and computer vision have been developed by us. The
other two approached domains have the role to facilitate the tasks related to biometrics and
computer vision. The proposed image pre-processing techniques are based on PDE models and
enhance the images, thus facilitating the potential image analysis tasks. The machine learning
algorithms are widely used in both biometrics and computer vision. Our machine learning
solutions represent novel media feature vector classification algorithms using some specially
created metrics. Each chapter is composed of several sections, each section being related to a
subdomain and composed of subsections corresponding to various techniques, ending with a
conclusion section.

First chapter, entitled Mathematical models for image processing and machine learning, is
related to my first two directions. In the first section there are described our proposed image
filtering methods using hyperbolic second-order equations. The developed image noise reduction
approaches based on nonlinear diffusion are presented in the second section. The third section
describes the proposed variational PDE image denoising and restoration techniques. Some
special metrics for media (audio, image and video) feature vectors and several automatic feature
vector clustering techniques modeled by us are explained in the fourth section.

Second chapter, entitled Biometric authentication techniques, describes our main results
achieved in the biometrics domain. The developed voice recognition techniques based on mel-
cepstral speech analysis are discussed in the first section. The second section presents the
proposed facial recognition models, while the third section presents our fingerprint
authentication approaches. The investigated multi-modal biometric technologies are described in
the fourth section.

The third chapter is entitled Image analysis based computer vision models and presents my
accomplishments in computer vision area. Its first section describes the proposed image
segmentation techniques, while our temporal video segmentation approaches are described in the
second section. The third section presents the variational PDE-based image reconstruction
models introduced by us. The considered image and video recognition solutions are discussed in
the fourth section. In the fifth section there are described content-based image indexing and
retrieval systems. The developed image and video object detection and tracking technologies are
outlined in the sixth section.

All research results described in these chapters have been soft-implemented, and
disseminated in numerous publications. Since January 2005, | have authored over 66 published
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works disseminating the major achievements in the mentioned domains, including 2 books, 1
book chapter, 33 articles published in recognized international journals (18 ISI journals and 15
journals indexed by international databases) and 30 papers published in volumes of international
scientific events (including 2 conferences ranked as A, 5 ranked as B, 3 ranked as C, by ARC).
Besides these works, the research results have been disseminated in 20 scientific reports
elaborated at our institute, under my coordination. The scientific impact of my works is also
proven by the 160 citations (no self-citations) received by them, according to Google-Academic.

The second subpart Db(ii), entitled Professional, scientific and academic career
evolvement and development plans, disscuses the future research results, first. In the future |
will continue to follow the mentioned research directions, improving the proposed techniques,
developing new methods and approaching new subdomains. In b(ii) | suggest how our existing
approaches can be further improved, and how new image restoration, biometric authentication
and computer vision solutions would look like. Several new PDE models for denoising and
inpainting are mainly discussed. New subdomains of the major domains will also be considered.
In b(ii) 1 explain how new biometrics subdomains, such as iris recognition and text-independent
voice recognition, or new computer vision areas, like image registration and optical flow, will be
approached as part of my future research.

Then, my academic career evolvement and development plans are outlined. I consider and
explain in detail the following major objectives of the career development plan: forming a new
generation of well-prepared researchers in my domains of interest; building and coordinating
effective research collectives capable to conduct important projects; establishing more scientific
collaborations with well-known researchers and institutes from Romania or abroad; performing
teaching activities.

My abilitation thesis ends with the bibliography b(iii), where references of top 10 selected
papers are marked in bold.



(a) Rezumat

Aceasta teza de abilitare prezinta cele mai importante dintre realizarile mele stiintifice
obtinute de la primirea titlulul de doctor, in ianuarie 2005, pana in prezent, si de asemenea
planurile de dezvoltare si evolutie a carierei mele profesionale, stiintifice si academice. Pe langa
acest rezumat, teza este compusa dintr-o parte principala b, continand trei subparti.

Subpartea principala b(i), intitulata Realizari stiintifice si profesionale, descrie in cele trei
capitole ale sale cele mai importante rezultate obtinute in perioada 2005-2014. In acesti aproape
zece ani, activitatea mea de cercetare s-a situat la intersectia dintre informatica, procesarea
semnalelor digitale si matematica aplicatd. In respectiva perioadd am urmat in principal
urmatoarele patru directii de cercetare: pre-procesarea imaginilor, nvatare automata, biometrie si
vizune computerizatd. Modele matematice, n majoritate bazate pe ecuatii cu derivate partiale, au
fost introduse in toate aceste domenii. Deoarece cele mai importante dintre aceste domenii, si
anume biometria si viziunea computerizatd, sunt bazate mai ales pe analiza semnalului de
imagine si voce, numeroase tehnici de analiza a vorbirii si imaginilor, utilizabile In biometrie si
viziunea computerizata, au fost dezvoltate de catre noi. Celelalte doud domenii abordate au rolul
de a facilita procesele biometrice sau ale viziunii computerizate. Tehnicile de pre-procesare a
imaginilor pe care le-am propus sunt bazate pe modele PDE si prin imbunatatirea imaginilor
faciliteaza potentialele procese de analiza imagistica. Algoritmii de Invatare automatd sunt des
utilizati atat in biometrie, cat si in viziunea computerizata. Solutiile noastre de Invatare automata
reprezintd noi algoritmi de clasificare a vectorilor de trasaturi media, care utilizeaza metrici
special construite. Fiecare capitol este compus din cateva sectiuni, fiecare sectiune abordand un
anumit subdomeniu si compusa la randul sau din subsectiuni corespunzand unor diverse tehnici,
si se Incheie cu concluzii.

Primul capitol, intitulat Modele matematice de procesare a imaginilor si invatare
automatd, se refera la primele doua directii. In prima sectiune sunt descrise metodele propuse
pentru filtrarea imaginilor utilizand ecuatii hiperbolice de ordinul II. Tehnicile de reducere a
zgomotului din imagine bazate pe difuzia neliniard, dezvoltate de noi, sunt prezentate in
sectiunea a doua. Cea de-a treia sectiune prezinta tehnicile PDE variationale propuse pentru
curatirea de zgomot si restaurarea imaginilor. Metricile speciale pentru vectorii de trasaturi
media (audio, imagistici si video) si tehnicile automate de clusterizare automata a vectorilor de
trasaturi, pe care le-am modelat, sunt explicate in sectiunea a patra.

Al doilea capitol, intitulat Tehnici de autentificare biometrica, descrie cele mai importante
rezultate pe care le-am obtinut in domeniul biometric. Tehnicile dezvoltate pentru recunoasterea
vocii, bazate pe analiza mel-cepstrala a vorbirii, sunt discutate in prima sectiune. Cea de a doua
descrie modelele de recunoastere faciala propuse, iar a treia sectiune prezintd metodele noastre
de autentificare a amprentelor digitale. Tehnologiile biometrice multi-modale investigate sunt
descrise in cea de-a patra sectiune.

Capitolul trei este intitulat Modele de viziune computerizata bazate pe analiza imagistica
si prezintd rezultatele obfinute Tn domeniul viziunii computerizate. Prima sectiune descrie
tehnicile de segmentare a imaginii propuse, in timp ce metodele noastre de segmentare temporala
video sunt descrise Tn a doua sectiune. A treia sectiune prezinta modelele variationale de tip PDE
pentru reconstructia imaginilor, pe care le-am introdus. Solutiile considerate pentru recunoastere
a imaginilor si secventelor video sunt discutate in a patra sectiune. In sectiunea cinci sunt
descrise sisteme informatice de indexare si regasire de imagini pe baza de continut. Tehnologiile



construite pentru detectarea §i urmarirea obiectelor imagistice si video sunt prezentate in
Sectiuneca a sasea.

Rezultatele cercetarii descrise in aceste capitole au fost implementate soft, si diseminate in
numeroase publicatii. Incepand cu ianuarie 2005, am publicat peste 66 de lucrari diseminand
principalele realizari in domeniile mentionate, incluzand 2 carti, 1 capitol de carte, 33 articole
publicate in jurnale internationale recunoscute (18 jurnale ISI si 15 jurnale indexate de bazele de
date internationale) si 30 articole publicate in volume ale evenimentelor stiintifice internagionale
(incluzand 2 conferinte tip A, 5 de tip B, 3 de tip C, conform ARC). Inafara acestor lucrari,
rezultatele cercetarii au fost diseminate in 20 de rapoarte stiintifice elaborate la institutul nostru,
sub coordonarea mea. Impactul stiintific ridicat al acestor lucrari este demonstrat de cele 160
citari (excluzand auto-citarile) primite, conform Google-Academic.

Cea de-a doua subparte b(ii), intitulata Planuri de dezvoltare si evolutie a carierei
profesionale, stiintifice si academice, ia mai intai in discutie viitoarele rezultate in cercetare. In
viitor voi continua sa urmez directiile de cercetare mentionate, imbunatatind technicile propuse,
dezvoltand noi metode si abordand noi subdomenii. In b(ii) sunt sugerate modalittile prin care
metodele noastre existente pot fi imbunatatite, precum si modul in care vor arata noile solutii de
restaurare imagisticd, autentificare biometrica si viziune computerizata. Cateva modele noi de tip
PDE pentru filtrare si reconstructie sunt in principal abordate. Totodata, noi subdomenii ale
domeniilor principale vor fi considerate. In b(ii) sunt apoi explicate modalitatile de abordare in
cadrul cercetarii viitoare ale subdomeniilor nou-introduse, precum recunoasterea irisului ori
recunoasterea vocii independentd de text, in cazul biometriei, sau inregistrarea imaginilor si
fluxul optic, in cazul viziunii computerizate.

In continuare sunt prezentate planurile de evolutie si dezvoltare ale carierei academice.
Am considerat si explicat in detaliu urmatoarele obiective majore ale planului de dezvoltare a
carierei: formarea unei noi generatii de cercetatori bine pregatifi in domeniile mele de interes;
organizarea si coordonarea unor colective de cercetare eficiente, capabile sa duca la indeplinire
proiecte importante; stabilirea de noi colaborari stiintifice cu personalitati si institutii de renume
in cercetare; desfasurarea unor activitati didactice, de predare.

Teza de abilitare se incheie cu bibliografia b(iii), in care referintele lucrarilor selectate in
top 10 sunt marcate in bold.



(b) Scientific achievements and career development plans

(i) Scientific and professional achievements

This main part of the abilitation thesis presents the most important scientific results
accomplished in the last 10 years that is the period following my PhD award. It is composed of 3
chapters, each of them describing the major achievements in one of these main areas of interest:
image enhancement, biometrics and computer vision. Besides the proposed PDE-based image
denoising and restoration models, first chapter outlines also some machine learning algorithms.
The most significant results achieved in the biometrics field are described in the second chapter,
where both supervised and unsupervised biometric recognition models, based on voice, face,
fingerprints and combinations of these identifiers, are presented. The third chapter illustrates the
main computer vision achievements, representing original image and video segmentation, image
reconstruction, image and object recognition, CBIR and object detection/tracking techniques. My
major contributions to the approached domains, described in the next 3 chapters, are as follows:
= A linear PDE-based image denoising technique using hyperbolic second-order equations
= A nonlinear anisotropic diffusion model for image restoration
= Image noise removal approach based on diffusion porous media flow
= A 4"-order diffusion-based model for image noise reduction
= Two novel PDE variational models for image denoising
= A Hausdorff-Pompeiu derived metric for different-sized 2D feature vectors
= A novel similarity metric constructed for images characterized by key points
= Automatic unsupervised classification models using region-growing and validation indexes
= Text-dependent voice recognition system using a robust DDMFCC-based feature extraction
= Anautomatic unsupervised speaker recognition model
= An eigenimage-based facial recognition technique
= A 2D Gabor filtering-based face recognition approach
= A SIFT-based automatic unsupervised face recognition model
= Minutia-matching based fingerprint recognition solution
= Pattern-based fingerprint matching methods using 2D Gabor filters and DWT decomposition
= Multimodal biometric technologies combining voice, face and fingerprint recognition models
= Automatic moment-based image segmentation techniques
= A PDE level-set based contour tracking model
= An automatic temporal video segmentation technique
= A robust PDE variational image reconstruction approach
= Novel image and video recognition models using various content-based feature vectors
= Object recognition model using moment-based shape analysis and content-based recognition
= Automatic clustering-based image indexing and retrieval techniques
= Content-based image retrieval systems using SAM indexing and relevance-feedback schemes
= Automatic face detection technique based on skin filtering and cross-correlation procedures
= A SVM-based human cell detection technique using HOG-based feature vectors
= Object detection and tracking models using temporal-differencing and object matching
= Video tracking technique using a novel N-Step Search algorithm and HOG features.

The results described in these chapters have been disseminated in over 66 published works
(books, chapters, articles in recognized international journals or conference volumes). My
selected most relevant 10 papers contain the most accomplishments from the above list.



1. Mathematical models for image processing and machine learning

During the past three decades, the mathematical models have been increasingly used in
some traditionally engineering domains like signal and image processing, analysis, and computer
vision. This chapter describes several robust mathematical models for image pre-processing
(processing images for future analysis tasks) and machine learning.

The most important image pre-processing tasks, namely the image denoising and
restoration, are performed using some partial differential equation (PDE) based mathematical
models. The partial differential equations have been successful for solving various image
processing and computer vision tasks since 1980s [1]. The variational and PDE-based
approaches have been widely used and studied in these domains in the last decades, mainly
because of their modeling flexibility and some advantages of their numerical implementation [1].

Image noise reduction with feature preservation is still a focus in the image processing
field and a serious challenge for the researchers. An efficient denoising technique has to not only
substantially reduce the quantity of image noise but also preserve the image boundaries and other
characteristics. The conventional smoothing models, such as the averaging, median, Wiener, or
the classic 2D Gaussian filter succeed in noise reduction, but could also have undesired effects
on edges or other image details and structures [2,3]. The PDE-based models provide efficient
image filtering while preserving the features [4].

Some novel linear and nonlinear PDE-based image noise removal techniques are described
in the next three sections. Thus, a modified Gaussian filter kernel provided by second-order
hyperbolic diffusion equations is introduced in section 1.1. Several nonlinear diffusion equation
based filtering techniques are discussed in the second section. The third section describes our
PDE variational image restoration models.

Several mathematical models are introduced for the classification of various media feature
vectors. Supervised and unsupervised classification models are described in the fourth section,
related to machine learning. Some metrics specially created for complex feature vectors and used
by these classifiers, are also modeled mathematically and presented in 1.4.

1.1. Image filtering methods using hyperbolic second-order equations

Gaussian noise, representing the statistical noise having the probability density function
equal to that of the normal distribution is very often encountered in acquired digital images. So,
the Gaussian noise reduction represents a very important image processing task that has been
approached using both linear and nonlinear filtering algorithms [2,3].

Many classical image processing techniques can be reinterpreted as approximations of
PDE-based models. Thus, the classic 2D Gaussian filtering model can be provided by the heat
equation. This Gaussian filter, like other conventional linear filters such as the average filter [2],
is efficient in smoothing the noise, but also has the disadvantage of blurring image edges. For
this reason, | proposed a linear PDE-based denoising model using a modified Gaussian filter
kernel in a 2012 paper [5].

The introduced mathematical model differs from the classic Gaussian model provided by
heat equations, by a localization property. The classical filter has no localization property, the
heat equation solution propagating with infinite speed, and this fact affects the edges. The
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_Xey?
classical Gaussian kernel, G,(x,y)= ﬁe “ (x,y)eR?,t>0, is replaced with a modified
kernel provided by some second-order hyperbolic equations [5]. The new improved kernel,

E(t,x, y):(O,oo)x R* - R, is obtained as the solution of the following PDE hyperbolic
model:

2
T S
ot ot

&

, t>0,(x,y)eQcR? (1.1)

E(0,x,y)= 45, %(O,x, y)=0

where >0, >0 and & is the Dirac measure in R® concentrated in 0. Therefore, the Gaussian
restoration process u(t, x, y) = (G, *u,)(x, y) becomes:

u(t, X, y) = (E®*U)( y) = [ E(tx—& y—mu,(&,m)d&dn (1.2)

where U, =U,(X,Y), (X,y) € Q= R? is the image affected by noise, while u represents the
restored image and is also the solution to the second-order linear differential equation:
o°u  aou :
2 +y——Au=0,in (0,00)x R?
u(0, x,y)=u,(x, y)gt—u (0,x,y) =0,V(x,y)e R?

£
(1.3)

This equation, representing the telegraphist’s equation, is used also as a non-Fourier
model for heat propagation (the Cattaneo-Vernotte model). It is well known that the solution u to
(1.3) propagates with finite speed [6], and so, taking (1.3) as a model for image denoising, it
behaves better than the standard Gaussian model. A robust mathematical treatment of the
proposed restoration model is also provided. We have demonstrated in [5] the existence and
uniqueness of the hyperbolic equation’s solution. The equation (1.3) has a unique weak solution
u =u (t, x, y) which is continuous in t with values in L?(R?).

The described PDE hyperbolic model is approximated in [5] using an implicit finite
difference scheme. The following numerical approximation scheme has been provided in our

paper:
(52 +]/h).lk+l—(282 +7h)1" +g%u“t +h*Aukt =0 (1.4)
where h > 0 and A is the elliptic operator Au =—Au.

The convergence of the numerical scheme given by (1.4) is also demonstrated in [5]. For
simplicity, the following explicit scheme can be used instead of it:
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uk+1 :_zh—AUk " 26‘2 +]’huk . 23 Auk—l =O, k =1’2’“_ (15)
e +7h g +7h g +7h

This scheme converges to a solution representing the restored image u in a low number of
iterations. Our iterative smoothing algorithm not only removes a great amount of Gaussian noise
from the image, but also preserves the image edges very well. It has been tested on hundreds
images corrupted with various levels of Gaussian noise, very good denoising results being
obtained [5]. Also, our PDE restoration technique outperforms most classical image filtering
algorithms, as resulting from the performed method comparisons. Such a method comparison is
described in the next figure.

a) Ongmnal image b) Image afected by Gaussian noise

Fig. 1.1. The modified Gaussian filter comare with some conventional filters

One can see in Fig. 1.1 the original grayscale Lena image (a), the image affected by
Gaussian noise characterized by a standard deviation value of 0.5 (b), the smoothing result
obtained by a [3 x 3] 2D Gaussian filter kernel (c), the averaging filtering result produced by a [3
x 3] mean filter kernel (d) and, finally, the image filtered by our modified Gaussian model. The
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improved Gaussian filter substantially increases image quality. It not only removes a greater
amount of noise than the classic Gaussian kernel and also provides a better image contrast. Also,
this hyperbolic denoising procedure executes very fast, being characterized by a low complexity
and computational time [5].

Also, the linear PDE-based model described here can be further transformed into more
sophisticated nonlinear diffusion schemes [5]. Such a nonlinear hyperbolic filtering model,
which makes the focus of our current research, has the following form:

( 2
Ztl; + B2 Z—l: —div(y, ([Vu[)- Vu)+ 2(u—u,)=0
u(0, x, y)=uy(x,y)

ou
2 0,x,y) = ty(x,¥)
u(t,x,y)=0, Vvt=>0, (x,y)eoQ

(04

, (x,y)eQ (1.6)

“

Other nonlinear 2" and 4™ order hyperbolic diffusion models derived from (1.3) are also
considered. It should be said also that PDE hyperbolic model (1.3) can be used as a filtering
technique to extract the coherent and incoherent components of a forced turbulent flow and to
identify coherent vortices as in [7]. We expect to give more details in a forthcoming article.

1.2.  Nonlinear diffusion based image noise removal approaches

The diffusion equations have proved their usefulness in domains like physics and
engineering sciences for a very long time. Since 1980s, these PDEs have played an important
role in the image processing and analysis domains [1]. Diffusion equations offer numerous
advantages for image denoising and restoration [8]. They are the mathematically best-founded
approaches in image pre-processing. Also, they allow a reinterpretation of some classical
filtering techniques under a new unifying framework. Thus, the idea of using the diffusion
equations in image denoising and restoration arose from the use of the classic Gaussian filter in
multiscale image analysis. The convolution of an image with a 2D Gaussian kernel amounts to
solve the diffusion equation in two dimensions (heat equation).

A diffusion equation having the form Zt—u=div(C(x, y,t)-Vu) becomes linear if the

diffusion tensor C does not depend on the evolving image u (t, X, y). The linear diffusion models
are the simplest PDE-based image denoising techniques. The main drawback of the linear PDE
denoising algorithms is the blurring effect that can affect image details. The linear diffusion has
no localization property and may dislocate image boundaries when moving from finer to coarser
scales. The nonlinear diffusion is characterized by a tensor that is a function of the image u:
C(x, y,t) =g(u(t, x, y)). The nonlinear diffusion based techniques overcome the blurring and
localization problems faced by the linear approaches [8]. They perform the image smoothing
along but not across the edges.

1.2.1. Related work

These nonlinear PDE models have been extensively studied since the early work of P.
Perona and J. Malik in 1987 [9]. The influential Perona-Malik denoising scheme represents the
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most popular nonlinear anisotropic diffusion technique. If the diffusion tensor is constant over
the entire image domain, one speaks of isotropic diffusion, while a space-dependent filtering is
called anisotropic. The filter proposed by Perona and Malik reduces the diffusivity at those
locations having a larger likelihood to represent image edges and is characterized by the
following nonlinear diffusion equation:

u, = %” = div(g (vul*)- Vu) (1.7)

with the noisy image u, as the initial condition. Perona and Malik considered two variants of the

monotonous decreasing diffusivity function that controls the blurring intensity, g : [0,00] [0, 0],
which are:

2

S
—z 1

g(s®)=e ¥; g(s’)=—F"— (1.8)

S

1+ —

(kj
where parameter k > 0 represents the diffusivity conductance [9]. They discretized the PDE model
as following:

ut*t =u' +;L-[CL Vut+cg-Vou' +cp-Veu' +a, -VWu‘] (1.9)
where
VU =U'ay -Uy, V' =Uay —U'y, Veu' =U'aya-U'yy, VUt =utay —U'xy  (1.10)
and
cl, = g(]VNu“) ct = g(]VSutDc‘E = g(]VEutDc\‘N = g(]VWutD (1.11)

Perona-Malik scheme provides an efficient edge-preserving image smoothing that has
been further improved in many nonlinear diffusion based techniques derived from it in the recent
years. There are numerous papers that investigate the mathematical properties, the numerical
implementations and the possible applications of this denoising framework. The stability of
Perona-Malik model has been extensively studied in the last two decades [8,10]. The nonlinear
PDE-based techniques inspired by the influential Perona-Malik scheme differ from each other
through the diffusivity (edge-stopping) function. The function g has to satisfy some certain
conditions, such as positivity, decreasing monotony, g (0) = 1 and convergence to 0.

1 . . :
—, and its regularized version

|

1 : . .
g(s?) = T represent popular edge-stopping functions [11]. Charbonnier et al. proposed
S +¢

The total variation (TV) diffusivity, given by g(s?®) =
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2

-1/2
the Charbonnier diffusivity [12], that is g(s®) :(1+ E—Zj , and J. Weickert [8] proposed an

Cn

anisotropic diffusion model based on edge-stopping function g(s?)={1-¢ Tt |S| >0,
1, if s=0

where 1=¢° .(1+2C,-m), me{2,3,4}, C, =2.3366, C,=2.9183 and C, =3.3148. Black et al.

developed the robust anisotropic diffusion (RAD) [13]. They used robust estimation theory to

2 \? 2
(1—5—2j Cif 2<k?
model the diffusivity function called Tukey’s biweight: g(s*) = Sk 5
s,
0, if —>k
5

These nonlinear diffusion techniques may also differ through the way they choose the
diffusivity conductance parameter. When the gradient magnitude exceeds the value of k, the
corresponding boundary is enhanced. Some methods, including the Perona-Malik filter, use a
fixed k value. Other approaches make this parameter a function of time, k (t). A high k (0) value
is considered at the beginning, then k (t) is reduced gradually, as the image is smoothed. Other
approaches detect automatically this parameter as a function of the current state of the evolving
image. Various noise estimation methods can be used in the detection process [14]. A solution is
to estimate the noise at each iteration as the difference between the averages of images processed
by the morphological operations of opening and closing. In this case the conductance parameter
is computed as k = avg(ueS)-avg(ueS), S being a structuring element. Another solution is

ol
m

to estimate the noise using the p-norm of the image: k = , Where m is the number of

pixels and , is proportional to the average intensity [14]. Other solutions determine the
conductance diffusivity as the robust scale of the image, by using statistics like the median [13]:

k = o, =1.4826 - median (u)||Vul| - median (u)|Vu]|

1.2.2. Novel anisotropic diffusion models for image restoration

We developed a nonlinear anisotropic diffusion-based restoration technique that improves
the Perona-Malik denoising scheme and outperforms the other nonlinear PDE based smoothing
algorithms [15,16]. It is based on the following PDE parabolic model:

{;—u = diV(g K (u) QVU|2)' Vu)’ (x, y) e (1.12)
u(0,x,y)=u,

where U, is the initial (noised) state of the image and Q — R? represents its domain. The

nonlinear diffusion equation provided by (1.12) uses a novel edge-stopping function
Ok - [0,00) — [0,0) that is modeled as following:
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/ K(u) .
gK(u)(SZ): @ ﬂ-32+7/’ it s>0 (1.13)

1, if s=0

where the parameters «, 8 €[0.5,0.8] and » < [0.5,5). The function given by (1.13) is based

on a conductance diffusivity parameter that depends on the current state of the image. We
compute automatically this parameter in [15], on the basis of image noise estimation at each time
t, as following:

d
K (u) = TERER) 'na(’;()“) Jul (1.14)

where & <(0,1], |u|. is the Frobenius norm of image u, median(u) represents its median value

and n(u) is the number of its pixels.
Then we demonstrate that the proposed diffusivity function is properly modeled, satisfying
the conditions required by an edge-stopping function. We have g, ,(0)=1. Also, function

K(u)
B-s®+y

. / K(u) K(u)
decreasing, because sN=q+ |—2L <ag- |——~L = s2),Vs, >5s
9 gK(U)(l) ﬂ312+7/ ﬂ322+7/ gK(u)( 2) 1 2

, Also, we have lim g, (s*)=0 [16].

Ok Is always positive, because « - >0,VseR. It is also monotonically

The proposed edge-stopping function has also an important property related to the flux. If
one considers the flux function defined as ¢(s):s-gK(u) (s?), the image enhancement and edge

sharpening process depends on the sign of its derivative, ¢@' (S) [17]. Thus, if the derivative of
the flux function of a diffusion model is positive (¢'(s)>0), then that model is a forward

parabolic equation. Otherwise, for ¢'(s)<0, that nonlinear diffusion model represents a

backward parabolic equation [15-17]. The derivative of the flux function of our PDE model is
computed as following:

oK) aK(u)s? S

S e (S 25% Gk (s 1.15

¢ ( ) g ( )( )+ g (u) ( m ﬂS +7/ m ( )
which leads to

#(s) = a,/K(u aw/K(u)s Yij aK(u) ayK(u) (1.16)

=¢'(s) = 3/218S ﬂsz =7 w2
ity Bty gty (552 +7) | | (8% +7)
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ay+/K(u)
(,6’52 +7)3/2

denoising model is a forward parabolic equation that is stabile and quite likely to have a solution.

We investigated the existence of this solution in the first selected paper (see Barbu &
Favini [16]), where we provide a rigorous mathematical treatment for our anisotropic diffusion-
based model. While, in general, the problem (1.12) is ill-posed, we have proved the existence
and uniqueness of a weak solution in a certain case that is related to some values of the model’s
parameters. We have demonstrated that our nonlinear PDE model converges if y = a®. The

following modification of the edge-stopping function has been considered:

o & if 0O<s<M
N Bs*+7 (1.17)

< if s=0

N

where M >0 is arbitarily large but fixed. If the parabolic model (1.12) uses g, given by

Since >0,Vs one obtains ¢'(s)>0 for any s, which means our PDE

9., (8) =

(1.17) for each u, € L*(€2) (the space of all Lebesgue square integrable functions on €2 ) there

is a unique weak solution u to the PDE problem (see [16]).
The proposed nonlinear anisotropic diffusion model was discretized using a 4-nearest-
neighbours discretization of the Laplacian operator. So, from the equation (1.12) one obtains

%J - div(gK(u) Q|Vu||2 )Vu):> u(x,y,t+1)—u(x, y,t)= g, Q|Vu||2)Au +V(gK(u) (“Vu”)) vu,

which leads to the next numerical approximating scheme:

U™t =u"+2> gk QVU o (t)‘)2 “Vu, (1) (1.18)

geN,

where 1¢(0,1), N, is the set of pixels representing the 4-neighborhood of the pixel p (given by
pair of coordinates x, y) and Vu,(t) =u(q,t)—u(p,t) is the image gradient magnitude in a
particular direction at iteration t. The iterative procedure given by (1.18) is applied on the image
for each t €{0,1,..., N}. The smoothed image u" is obtained from the noisy image u® =u, in a

relatively low number of steps, N [16].

Many image enhancement experiments using the described anisotropic diffusion-based
technique were performed by us. The proposed denoising technique have been tested on
hundreds images corrupted with various levels of Gaussian noise, satisfactory restoration results
being obtained. The following parameters of the PDE-based filtering model provided the best
results: &« =0.7, #=0.65,» =0.5,£=0.3, 1 =0.33 and N = 15, respectively. Because

we have a® =y, the denoising scheme has a unique solution for these parameters. The iterative
scheme converges fast to that solution, the number of iterations, N, being quite low. The
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performance of our restoration method is assessed by using the norm of the error image measure,

computed as lei W™ (x, y) —u, (X, y))? [16].

x=1 y=1

Method comparisons have been also performed, the performance of our technique being
compared with those of the state of the art denoising methods. Our approach performs much
better than conventional smoothing methods and linear PDE-based denoising algorithms. Also,
the anisotropic diffusion restoration model proposed here outperforms many other nonlinear
diffusion-based techniques [15]. It produces better noise filtering results and converges faster
than Perona-Malik algorithm and other improved versions of it. Some compared image denoising
results are displayed in Fig. 1.2. One can see in this figure the original [512><512] Lena image,

the image corrupted by a Gaussian noise characterized by x=0.21 and var = 0.02, the image
smoothed by our AD method, image denoised by the two versions (diffusivity functions) of the
Perona-Malik framework, and the filtering results produced by the [3><3] 2D Gaussian, average,
median and Wiener kernels.

a) Original image b) Image corrupted by noise ) Image filtered by our AD model

d) Perona-Malik denoising 1

g) Average filtering result

HNE \
b ‘

Fig. 1.2. Noised image filtered with various denoising techniques
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Table 1.1. Norm-of-the-error image values for several denoising algorithms

Our AD

P-M1

P-M 2

Gaussian

Average

Median

Wiener

5.1x10°

6.1x10°

5.9x10°

7.3x10°

6.4x10°

6x10°

5.8x10°

Obviously, the best denoising result was produced by our model (c). The corresponding
norm of the error image values are registered in Table 1.1. The minimum NE value, representing
the best smoothing, corresponds to the AD approach described here. Our nonlinear PDE-based
restoration approach not only removes a high amount of image noise, but also preserves the
boundaries very well. Its edge-preserving character is also obvious from the above figure.

We have also investigated other edge-stopping functions, besides (1.13) and (1.17), and
achieved effective anisotropic diffusion schemes. A newly developed PDE restoration model is

{3—“div<w<u)mw||>vu>z<uuo>

u(0,x,y)=u,

(1.19)

where K(u) =& - u(|Vu|)+r-ord(u), ord () = order in evolving sequence, & €(2,3), r €(0,1) and

S ,Vs>0

vew®=1( %«u)]z +K@llogie %i¢ (u)j‘
1,

fors=0

£ e(1,8), (1.20)

its image denoising results being disseminated in a paper under consideration (not yet published).

1.2.3. Image denoising approach based on diffusion porous media flow

We also designed a nonlinear filter for image noise removal based on the diffusion flow
generated by the porous media equation [18]. The proposed nonlinear diffusion-based restoration
model provides a robust edge-preserving smoothing, while also removing the staircasing effect.
It has the following form:

{%“ (t,X) —AB(u(t,x)) = 0,in (0,00) x Q (1.21)

B(u(t, x)) =0,(0,0) x o

where u(0,x)=u,, €2 represents a bounded domain of R? with a sufficiently smooth
boundary &€2 and A : R — R is monotonically increasing, £(0) =0 and Iir+n L(r) = +oo.

We demonstrate in [18] that PDE model (1.21) has a unique strong solution
u:[0,00) > H™(Q) that is given by the exponential formula u(t)=|im(| +£Aj u, where the
n

nonlinear operator A: D(A) = H™(€Q)— H™ () is defined by the following equation:
Au =-Ap(u), YueD(A) (1.22)
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with D(A):{u el (Q); Bu) e Hé(Q)}. In particular, (1.22) amounts to saying that the
implicit finite difference scheme u,,, +hAu,,, =u,, u, =9, k=0,1,..., where k = [%} is

convergent to u(t). A rigorous mathematical investigation of the existence, uniqueness and
strength of this PDE model’s solution is provided in our 2013 article (see [18]).

One then determines the explicit version of the implicit scheme. The next iterative finite-
difference based explicit numerical approximation model is obtained:

it =ui; + A .[(uilifj )% + (uik—_l%j )é + (uikyil )% ” (uik’ﬁl )é - 4(Uik';l )Ollj (1.23)

uy; =uo (i, j), Vij

[y

where k = 1,...,K. The initial degraded image is successfully filtered in K steps by using the
iterative scheme (1.23) with some properly selected parameters, « and 4. The resulted u®
represents the final image denoising result.

A proper selection of the parameter values is quite important and cannot be a priori
defined. The selection of K in our simulation was dictated by the many experiments performed in
specific examples. It turns out the selection of a high number of iterations, for example K > 40
value, could produce a blurring effect on the processed image, while using a low K value, such as
K <5, may provide an unsatisfactory image smoothing result. Also, a great K value increases the
computational complexity of this image filtering process, producing a much higher computation
time. Also, using a large enough A value, such as A >5, could increase the image degradation.
A very small 1 parameter, like 1 <0.1, produces no visible restoration results. The parameter ,

must satisfy the condition 1 e (0,1), for an efficient noise removal.
(04

Our diffusion porous media flow based denoising algorithm was compared with other
well-known nonlinear diffusion schemes. In [18] we performed mathematically supported
method comparisons with the Perona-Malik framework, the PDE denoising model developed by
Kacur and Mikula [19], and the total variation model [11]. In order to perform these comparisons
we transformed our nonlinear diffusion model into an equivalent variational model, given by this
minimization problem:

i A
u_ =arg mm{jn(u(x)dx+5||u —u0||2Hl(Q)} (1.24)
Q

where uel'(Q) nH™(Q) and 77 is the potential function corresponding to the nonlinear
diffusivity function f: R — R.

2

Hq TEPresents a penalty term that forces the restored

Thus, the function u — u —u,|
image U =u(X) to stay close to the initial image. The fact that the distance from u to u, is
taken in the norm ||-||H,1(Q) that is considerably weaker than the L*(€2)- norm used by the
Perona-Malik scheme, as well as the most diffusion techniques, has the advantage that it allows
to work with very degraded initial images that practically are not represented by Lebesgue
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integrable functions but by distributions. However, it should be said that our model has a
considerable better denoising effect than Perona & Malik algorithm. Also, it outperforms the
Kacur-Mikula image restoration scheme that is based on a boundary value problem which
converges to a weak solution (see [19]). The present PDE technique is also more convenient that
the total variation model [11], that is constructed in a non-energetic space (the space of functions
with bounded variation) and so difficult to treat from the computational point of view. As a
matter of fact, by regularization necessary to construct a viable numerical scheme, the TV model
loses most of the theoretical advantages regarding the sharp edge detection and elimination of the
staircasing effect [20]. The staircasing effect, representing creation in the image of flat regions
separated by artifact boundaries [20], is common in denoising procedures with high smoothing
effect. Unlike other nonlinear diffusion based techniques, like Perona-Malik and its versions, this
restoration approach succeeds in removing this staircase effect, this fact representing another
important advantage of our PDE model.

The diffusion porous media flow based denoising method described here was tested on
various image datasets, satisfactory filtering results being obtained. Hundreds of grayscale
images affected by various levels of Gaussian noise were filtered by using the presented
approach. The optimal noise reduction results were achieved using the following set of
parameters of the diffusion model: « = 2, corresponding to the physical model of diffusion in
plasma, 2 =1.5 and N = 20. One can see the image smoothing example based on these parameter
values that is displayed in Fig. 1.3. As we have already mentioned, numerous method
comparisons were also performed, the denoising results of our technique being compared against
the results obtained by other nonlinear diffusion based methods. Obviously, the proposed PDE
model outperforms not only both versions of the Perona-Malik method, but also some well-
known conventional filters, such as 2D Gaussian filter and the averaging filter.

So, the standard [512 x512] image of Lena is displayed in the grayscale form in Fig. 1.3
(@). Its version corrupted by an amount of Gaussian noise characterized by parameters 0.2 (mean)
and 0.02 (variance), is depicted in Fig. 1.3 (b). In Fig. 1.3 (c) there is displayed the image
smoothing result produced by the classic [3><3] Gaussian 2D filter kernel, while the noise
reduction obtained by the [3><3] averaging filter kernel is represented in Fig. 1.3 (d). The noise
removal achieved by the Perona-Malik scheme is displayed in Fig. 1.3 (e), while the denoising
result provided by our nonlinear PDE model is represented in Fig. 1.3 (f). One can observe in
these figures the better smoothing effect of our approach, its edge-preservation character and the
efficient removing of the staircasing effect.

The norm of the error image is also computed here, in order to assess the performance
levels of each denoising approach. These NE values corresponding to all these image filtering
techniques are registered in the next table. As one can see in Table 1.2, the porous media
equation based smoothing technique developed by us outperforms all the other image filters,
minimizing the respective error (see the lowest value, 5.15x10%). Also, our denoising algoritm
executes quite fast, given its low time complexity. The values of the Peak Signal-to-Noise Ratio
(PSNR) measure [2,3] were also computed to asses the method performance and gave us the
same conclusion.
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c) Classic Gaussian filtering result

e) Perona-Malik denoising scheme

a) Original Lena image b) Image affected by Gaussian noise

Fig. 1.3. Gaussian noise removal results of our model compared with those of other methods

Table 1.2. Values of norm of the error image parameter for several noise removal approaches

Denoising technique Gaussian Filter Average Filter

Perona-Malik filter

Proposed filter

Norm of the error 6.40 x 103 6.05x10°

6.84x10°

5.35x10°
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1.2.4. Fourth order diffusion models for image noise reduction

The fourth order PDE models are more effective at staircasing effect removing during the
image smoothing process than the second-order PDEs. The most popular fourth-order PDE
restoration scheme is the nonlinear isotropic diffusion method proposed by Y. L. You and M.
Kaveh in 2000.

Also, the static and video images, especially those based on ultrasounds, are often
affected by speckle noise, which represents a multiplicative noise that is locally correlated and
prevents a proper feature extraction and analysis from the affected images. In recent years
numerous speckle denoising techniques have been developed. The most important are the Frost
filtering [21], that replaces the pixel of interest with the weighted sum of the values in a moving
kernel, the Discrete Wavelet Transform based approaches, using complex DWT - 2D and DWT -
3D [22], and the fourth-order PDE based smoothing techniques derived from You-Kaveh [23].

We developed an effective nonlinear diffusion-based method for removing both the
Gaussian and speckle noise from images and video sequences. This image denoising approach
proposed in [24] is based on the following fourth-order PDE model:

Zt_“ + Alp(Au)Au) =0 (1.25)

where the Laplacian Au = V?u and y represents a diffusivity function modelled as following:

w(s)= (1.26)

s? +k

where k > 0 represents a chosen constant. Obviously, this function ¥ is monotone decreasing and
converges to 0. Thus, it satisfies the main conditions of a noise filtering function [23]:

limy/(s)=0 1.27
{ w(0)=0 (20

In our 2011 paper one demonstrates rigorously the well-posedness of the problem (1.25)
[24]. Thus, we prove that this problem is indeed well posed if the function u — y(u)u = g(u)

is continuous and monotonically nondecreasing (see [24] for more).
Then we perform a robust discretization of the proposed PDE-based model [24]. We set

d; = z//(Akyju)Akyju , Where A, ;u is a finite-difference based discretization of Au, and obtain
the following iterative approximation scheme for the differential model:

i+1

U j :ulicj +[dli+l,j +dli<—1,j +dli<,j+l +dli<,j—1 _4dli<,j] , (1.28)

where i =12,...,n. We also impose some boundary value conditions of zero flux boundary type,
which have the following form for an [M X N] image:

{UNJrl,j =Uy Uy =Ug ;] =00 M (1.29)

U1 =Uor U g =Ugm k=0,..,N
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A lot of noise removal experiments using the proposed PDE based technique have been
conducted, satisfactory results being achieved. The iterative scheme (1.28) has been successfully
applied on hundreds sonar images and video frames affected by noise. That image noise has been
substantially reduced by our PDE filter, as one can see in the next example.

In Fig. 1.4 there is displayed a video frame from a radar movie, depicting a military
vehicle moving on a battlefield, which is seriously affected by Gaussian and speckle noise. The
denoising result is displayed in Fig. 1.5. The object of interest, that vehicle, can be more easily
visualized and detected in the second figure.

From the performed method comparison we have found that our PDE-based filtering
model outperforms many other image denoising approaches. Our technique provides much better
speckle noise reduction results than Frost filters [21] or 2D conventional filters. Also it performs
better at staircase effect removal than 2"%-order PDE methods, although it still suffers from the
blurring effect. So, we are trying to improve the class of 4"-order PDE models given by (1.25),
by proposing new versions for function ¥ that would lead to a better deblurring. We have

achieved encouraging denoising results by modelling w(S) as in (1.13), (1.17) or (1.20) and also
by combining 2" and 4" order diffusions, which are disseminated in some articles yet to appear.

Fig. 1.5. The image denoising result
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1.3. Variational PDE techniques for image denoising and restoration

The variational approaches have important advantages in both theory and computation,
compared with other techniques. They can achieve high speed, accuracy and stability using the
extensive results of the numerical PDE algorithms. Variational PDE methods represent useful
tools for solving various image processing and analysis tasks, one of them being the image
denoising.

Each variational denoising technique is based on a minimization of an energy functional
composed of a data component and a smoothing term. The variational denoising and restoration
approaches differ with regard to the modeling of these components.

An influential variational image smoothing model was developed by Rudin, Osher and
Fetami in 1992 [25]. Their filtering technique, named Total Variation (TV) denoising, is based
on the minimization of the TV norm. TV denoising is remarkably effective at simultaneously
preserving image edges whilst smoothing away noise in flat regions, but it also suffers from the
staircasing effect and its corresponding Euler-Lagrange equation is highly nonlinear and difficult
to compute [25]. In the last two decades, numerous PDE techniques which improve this classical
variational scheme have been proposed [26]. We developed two variational models that provide
an efficient noise reduction while eliminating the staircasing effect [27,28]. The proposed
techniques are described in the next subsections.

1.3.1. A robust variational PDE model for image denoising

The general variational framework used for image denoising and restoration is based on
the following the energy functional:

E[u]= _f(u —u,)? +ou//(“Vu||2) a>0 (1.30)

where the function  is the regularizer, or penalizer, of the smoothing term and « represents

the regularization parameter or smoothness weight [29].
We modeled a robust smoothing component, based on a novel penalizer function and a
proper value of the smoothness weight [27]. Thus, we consider in [27] the following regularizer,

w :[0,00) —[0,0):

(//(S):n\/%ln(s+ [Sz +%j+v-s; k>0,n07ve(0l (1.31)

We use some proper values for the penalizer’s parameters. Then, we compute a minimizer
for the energy functional given by (1.30), using the function provided by (1.31):

U, =arg min E(u) =argmin j(u —Ug)? + at//(“Vu”Z)jxdy (1.32)
Uoa

ueU ue

The minimization result U.;, represents the restored image. The minimization process is
performed by solving the next Euler-Lagrange equation [26,29,30]:
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u —uy — adivly (vu[* Jou) = 0

This leads to the following PDE equation:

X divly (vl ou)-5

where the positive function ' is obtained by computing the derivative of the function given by
(1.32):

° _ div(y 'Q|Vu||2)Vu)=o (1.33)

(1.34)

pi(s? )= N+ y +nvVk

(1.35)
NOST +y
So, the partial differential equation (1.34) becomes
\Y% —
ou_ g MAIVUE -y ek ey,
\V4 (04
< VBVl + 7 a8
u(0, x, y) = uy

“

One can demonstrate the PDE model given by (1.36) converges to a unique strong
solution, that is u*=u_,,. In [27] we propose a robust discretization scheme for solving it. The
numerical approximation of our PDE model uses a 4-NN discretization of the Laplacian operator
[27]. So, from (1.34) we obtain:

u(x, y,t+1) = u(x, y,t) + div(z//'mVu”Z)Vu)— u (1.37)

that leads to

u —u,

u =ut+ 4 ZW'Q\VUM (t)HZ)vUp,q t) — (1.38)

9eN(p)
where 1 <(0,1), t =1, ...,N, N(p)={(x-1y),(x+Ly),(X,y—-1),(x, y+D}, p = (x, y) and
vu, () =u(g,t)-u(p,t).

The variational PDE model developed by us converges fast to the solution u™ =u_. , the

parameter N taking quite low values. The effectiveness of the proposed denoising technique and
its numerical approximation is proved by the satisfactory image smoothing results obtained from
our experiments [27].
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Other numerical approximation schemes can also be applied to the continuous model
(1.36). We have tested successfully some discretization solutions based on finite-difference

method, which provide a more mathematically correct approximation of the div(w'(“Vu”z) Vu)

component, but also lead to somewhat weaker restoration results.

Thus, the described variational approach has been successfully applied on hundreds of
images corrupted with various level of Gaussian noise (various mean and variance values). The
algorithm is applied with some properly chosen parameters providing optimal results:

a=9k=257n=0.7,=0.66,y =0.5v=02,1=0.3,N =15.

From the performed method comparison we have found that our method outperforms
many other noise reduction algorithms. Our approach achieves considerably better edge-
preserving denoising results than non-PDE filters, such as the average, Gaussian, or median
filters. It also obtains a better restoration and converges faster than other PDE variational
schemes, like the quadratic variational model, characterized by a regularizer 1//(82): s?, or the

2

Perona-Malik variational scheme, given by 1//(32)= A{Iog[ﬂ Z_ZD [29]. The proposed

model also outperforms the well-known TV denoising algorithm [25], because it removes the
staircasing effect.

Some image denoising results and method comparison are described in the next figure and
table. In Fig. 1.6, there are displayed: a) the original [512x512] Baboon image; b) the image
corrupted with Gaussian noise given by x=0.211 and var = 0.023; c) the image restored using
the described variational model; d) the quadratic denoising; €) the Perona-Malik noise reduction;
f) — i) the image denoising results achieved by the 2D Gaussian, average, median and Wiener 2D
[3x3] filter kernels. Obviously, the image in c), corresponding to our variational approach,
represents the best smoothing result [27].

The corresponding norm of the error values are displayed in Table 1.3. One can see in the
following table that the minimum NE value, 5x103, corresponds also to our PDE variational
scheme. More image denoising results obtained from our tests are provided in my 2013 paper
(see [27]).

Table 1.3. Norm-of-the-error values for some noise removal techniques

Our Quadratic Perona- 2D Average Median Wiener
algorithm Malik Gaussian 2D
5x10° 6=<10° | 5.9x10° 7.3%x10° | 6.5x10° | 6.1x10° | 5.8x10°
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a) Original Baboon image b) Gaussian noised image  €) Our PDE variational denoising

x

a-Malik denoising

“:c TN 1,"""

Fig. 1.6. The Baboon image smoothed using various denoising techniques

1.3.2. Variational image restoration approach

Another variational image denosing and restoration technique developed by us is
described in [28]. It is based on the minimization of a convex energy functional of gradient under
minimal growth conditions. This PDE-based approach is related to minimization in bounded
variation norm and has a smoothing effect on the degraded image while preserving the edges and
other features very well [28]. Thus, we considered there the following minimization problem to
be solved:
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u.,, =arg min{% I (U(X) —uy(X))? + IWQ|VU(X)”2 )}dx (1.39)

ueX ()

where U, is the initial image, affected by noise. In order for the minimization problem to be well
posed one assumes that ¥ is convex and lower semicontinous and X(Q) must be taken, in
general, as a distribution space on Q. The following regularizer function is considered for this
PDE variational model: y(s)=|s,|-log(|s,|+1)+|s,|-log(s,|+1) s = (s,,s,). The minimization
problem is then associated with a boundary value problem having the following form:

{ u—div, S =u,,in Q } (1.40)
(B(Vu),v)=0,0n oQ
where /S represents the subdifferential of y . In [28] we demonstrate that the PDE variational
problem (1.39) has a unique minimizer that represents the weak solution to the boundary value
problem (1.40).

A numerical approximation based on the discretization of the variational PDE model is
then provided (see [28] for more). Thus, we obtain the following explicit finite difference
scheme:

ut =kblul  + (1—k—2kQ'j1 —2kdj Ui +kbiul, ; +kdfu,  +kdiu,,, +kup (1.41)
where
; =B(uly; —ul).d, =B, —uly ;) (1.42)
with
B(u) = |u|—+2 (1.43)
(Ju[+1)?

This explicit approximation scheme is stable and convergent for k <0.5 [28]. The
iterative algorithm that applies the scheme on the evolving image for n =1, 2, ... , N, produces

an efficient smoothing u" of the initial noisy image u® =u, in a relatively low number of

iterations, N.

The proposed variational approach has been tested on numerous images affected by
Gaussian noise, these experiments proving its restoration effectiveness. Method comparisons
have been also performed and we have found that our technique outperforms the most
conventional denoising filters, such as Gaussian, Laplacian, Laplacian of Gaussian (LoG),
Wiener adaptive filter, average, and median filter. Some color image denoising results are
displayed in Fig. 1.7. One can see that our PDE approach provides a better noise reduction than
average, median and Wiener filters and also corresponds to the minimum error (NE) value.
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(a) Original noise-free image. (b) Image corrupted by locally variant noise.

(c) Image mstored using the present filer (e = 4.87 x 10°). (d) Image restored using the Average filter ferr = 6.18 x 10°).

(2) Image restored using the Median fider emr = 6.39 x 10°. (f) Image mstored using the Wieper filler err = 7.48 x 10
Fig. 1.7. Method comparison: restoration results obtained by various image filters
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1.4. Mathematical models for media feature vector classifiers and metrics

If in the previous sections we described several mathematical models related to image
processing, herein we present some machine learning models related to image, and generally
media, analysis. As one will see in future chapters, digital media analysis consists of the
extraction of meaningful information from media objects, such as images, videos and sounds,
and produces feature vectors that describe the content of these objects.

The feature vectors are very useful in some important media analysis processes like
recognition, segmentation or tracking. These analysis procedures work with distance values,
therefore they require proper metrics to measure the distances between these feature vectors. The
conventional metrics, such as the well-known Euclidian distance, cannot always be used,
because the media feature vectors can be computed in various forms, depending on the featured
object and the intended analysis goal. These feature vectors could often represent complex
structures and not common vectors or matrices. Even if they represent common vectors (1D, 2D,
3D), their dimensions may differ, therefore the distance between them cannot be computed using
conventional metrics.

For this reason, we have introduced some special metrics for certain media feature vectors.
Their mathematical models are described in the next two subsections. The proposed metrics were
used by various classifiers modeled by us. Any media pattern recognition process consists of a
feature extraction operation and a classification of the resulted media feature vectors. We
developed both supervised and unsupervised media feature vector classifiers during our research
activity. Some supervised recognition (classification) techniques will be presented in the next
chapters. Several automatic unsupervised classification models are described in the last two
subsections.

1.4.1. A Hausdorff-derived metric for different-sized 2D feature vectors

Some important media analysis tasks approached by us require computing distances
between different-sized two-dimension feature vectors that have one equal dimension. As we
will see in the next chapter, the vocal recognition techniques described there use 2D speech
feature vectors of this type (see selected paper 2 in [31]). We also developed a reputation
system based on an automatic web community user recognition approach that models feature sets
containing vectors having only one equal dimension [32].

To measure distances between such feature vectors, we proposed in [31] a special metric
working properly for matrices having at least one equal size, that was further investigated in next
papers [32,33]. It is derived from the Hausdorff-Pompeiu metric for sets [34]. If X and Y are two
compact subsets of a metric space M, the Hausdorff-Pompeiu distance between them, dn (X,Y), is
defined as the minimal number r such that the closed r-neighborhood of any x in X contains at
least one point y of Y and vice versa. So, if dist(x, y) denotes the distance in M, then the
Hausdorff-Pompeiu metric is computed as follows:

d,(X,Y)= max{supim; dist(x, y),supinI dist(x,y)} (1.44)

xeX Y€ yey X<

We have derived this metric, considering 2D feature vectors instead of sets [31-33]. Thus,
we represent the two feature vectors to be compared as two matrices having the same number of
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rows: A= (), and B =(b;),.,. Two more helping vectors are introduced: y = (y;) 4
and z=(z),,., then, [ly| /= max|y,| and [z], =max|z]| are computed. With these notations we
0<i<p 0<i<m

created a new metric d having the following form:

d(A,B)= max{sup inf |By — Az|, sup inf |By — Az||} (1.45)

Iyl <tlzln=t I, <2I¥l,<t

This restriction based metric represents the Hausdorff-Pompeiu distance between the sets
B(y:|y], <1 and A(z :|Z] <) in the metric space R", so, it can be written as:

d(AB)=d, (B(y: ||y||p <1),A(z:|z| <1)) (1.46)

. 1)
I<i<n

From By — Az = ibik Y _iaijzj , one gets ”By_ AZ”n = Max
k=1 =1

p m
Zbikyk _Zaijzj
k1 =

which leads to:

sup inf By — Az| = sup inf max

y| <t lzl,<t y| <tlz],<1 1<isn
P p

(1.47)

p m
Zbikyk _Zaijzj
k=1 =t

This can be seen as a max min optimization problem and according to the classical J. von
Neumann min max theorem [35] we have:

sup inf |[By — Az| = inf sup|By — Az|_ (1.48)

Iyl <tz =t Izl <tjy) <t

Moreover, the saddle point (y,,z,) of this problem could be computed by solving the next
system:

{VZ(“By ~fel)em =0 (17,,77,) € N(y, 2) (1.49)

v, (By - Az|, )+, =0

where N(y,z) is the normal cone to the set {y; ||y||p sl}x {z;||z||m sl} and which can be

expressed in terms of the Lagrange multipliers. Finally, {Vy,VZ} represent gradients taken in

generalized sense of convex analysis (see [36]). However, since (1.48) is hard to compute for
large dimensions of A and B we replace it by a simpler one. So, the set {y | ||y||p < 1} is replaced
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with F =<{10,...,0},{0.1,...,0},....,{0,0,... 3+ and the set {z|||z] <1} with

p components

=+{10,...,0},{01,...,0},...,{0,0,...,1} - [36]. Thus, we may take:

mcomponents

suplnf||By Az| = sup inf sup‘bIk a; (1.50)

zeG Lj<m 1<i<

While the above formula is not identical with (1.48), it can be regarded as a good
approximation for it. As a matter of fact, we replaced optimization problem on convex set

{y; £1}>< {2' Iz 31} with one on a simpler FxG on its boundary. Similarly, we
could replace sup inf |By — Az| in (1.44) with sup inf sup‘bIk a;|. Thus, the transformed
l], <2 I¥lp<t 1<i=m 1=k<P1<i<n

formula (1.45) becomes the following Hausdorff-based distance:

d(AB) = max{sup inf supb,, — sup!

1<k<p SI<M 1<j<p ’ <iem 1=k=P 1o

by — a; \} (1.51)

The resulted nonlinear function d verifies the three main properties of a metric: positivity
(d(A,B)>0), symmetry (d(A,B)=d(B,A)) and triangle inequality (d(A,B)+d(B,C)2
d(A,C)). So, this Hausdorff derived function represents a distance, although it does not

represent the standard Hausdorff-Pompeiu metric anymore [36]. It defines a new metric topology
on the space of all matrices {A}, that is not equivalent but comparable with that induced by the
Hausdorff topology [36]. This metric has been successfully used in the classification processes,
representing a powerful discriminator between feature vectors.

1.4.2. A special metric for complex feature vectors

The feature vectors corresponding to some media objects do not represent always 1D, 2D
or 3D vectors. Often they represent very complex structures, therefore the distances between
them cannot be computed using conventional metrics, like the Euclidian distance. For example,
some biometrics-related image analysis techniques, such as face [37] and fingerprint recognition
[38], could produce this kind of feature vectors. These methods developed by us identify a set of
keypoints in the image, such as SIFT points (for faces) [37] and minutiae points (for fingerprints)
[38], and model a feature vector for each keypoint. Such a feature vector could be a complex
structure, whose components may represent names, locations, orientations or codify other
information. The global feature vector is composed of all the feature vectors corresponding to the
keypoints (see selected paper 4 [38]).

We have modeled a generic metric for this type of feature vectors that is based on the
number of matches between them. Therefore, if v =[v,,....,v,] and w=[w,,....,w_] represent

two different-sized feature vectors of this kind, then the distance between them is computed as
following:
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d(v,w) = % —card (M (v,w)) (1.52)

where card (M (v, w)) is the number of pairings (matches) between v and w. Thus, (V; ,Wj)

represents a match between these feature vectors if V; = W; , which means these components

are closed enough to each other, in terms of the criteria related to that image analysis task [37-
39]. The set of the matches is modeled as:

M, w) ={i, i)lv, 2w, &(V(k,t) e Mv,W) =k =i &t = )| (1.53)
where

v, =w; < dist(v;,w;)<T (1.54)

where dist is a proper metric that works for the feature vectors V; and w; , and T is a properly

selected low threshold value.
The function d satisfies the main properties of a metric [37-39]. The non-negativity is
demonstrated easily as follows:

card (M (v, w)) < min(m,n) < — g (v, w) >0 (1.55)
The Leibniz rule is satisfied because:
d(v,w) = 0 < card (M (v, w)) = % ocardM,w)=m=n<v=w (L56)
Obviously, the symmetry property is satisfied by d:
M (v,w) = M (w,Vv) < d(v,w) =d(w,V) (1.57)
The sub-additivity, or triangle inequality, is also verified because we have:
d(v,w) +d(w,u) >d(v,u) < n=>card (M (v,w)) + card (M (w,u)) — card (M (v, u)) (1.58)

We introduced M (u, v, w), the set of matches between all the three feature vectors, and
M, (v,w), representing the set of matches between v and w but cannot be found in u. Obviously,

card(M (v,w)) = card(M (u,v,w)) + card (M, (v,w)), so (1.58) is equivalent to:

n>card(M (u, v, w))+card(M, (v,w))+card(M, (u, w)) —card(M , (v, u)) (1.59)

which is true because n>card(M (u,v,w)) +card(M, (v,w)) + card(M, (u, w)) .
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1.4.3. Automatic unsupervised classification algorithm

The machine learning techniques represent essential tools for our research. While
biometric systems, described in the next chapter, are mostly based on supervised classification
(recognition) algorithms, the image analysis methods, described in the third chapter, make use of
unsupervised classification models. An unsupervised classification, or clustering, approach must
be able to group a set of feature vectors (and consequently the corresponding media objects) in a
number of classes (clusters), having no previous knowledge about these classes. In fact the only
available knowledge about them could be their number.

If the number of classes is a priori known, or set interactively by the user, then we have a
semi-automatic unsupervised classification technique. Semi-automatic clustering methods, such
as hierarchical agglomerative clustering and K-means algorithms, have been widely used by us.
Very often, the number of classes cannot be known, therefore some automatic clustering
solutions are required. We have proposed several automatic classification techniques that are
described in this subsection and the next one [39-42]. The clustering model described here
represents an extended and automatic version of the hierarchical agglomerative clustering, or
region growing, scheme [39]. If {V,,...,V,} represents a sequence of media feature vectors to

be classified, the automatic unsupervised classification algorithm developed by us to solve this
task is modeled as following:

1. Addistance set is initialized: D = ¢

2. One starts the classification process with all the feature vectors as the n initial clusters:
C, =M}...C, ={V,.}.

3. Each feature vector is labeled: Vi €[1,n],C(V;) =1i.

4. At each iteration one computes the overall minimum distance between clusters and merges
those being at that distance from each other:

Vi<j’ dCl(Ci’Cj):dminjci:CiUCjaCj:¢, (160)
where
dmin = i:trjrli[[]n]du (Ci,Cj) (161)

and the distance between the clusters could be computed as a single linkage clustering metric

de(Ci,C;)= min_d(v,w), (1.62)

veC; ,weC;
a complete linkage clustering metric

dei(C,,C)) = max d(v,w), (1.63)

or an average linkage clustering, described as
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> > d(v,w)

veC; WeCj

- card(C,)-card(C;) "’

d. (C.C)) (1.64)

where d is a proper metric for the feature vectors v and w [39].

5. Minimum distance is then registered: D = Du{d .}

6. When a single cluster is obtained, a new clustering process is performed on the distance set
D, using a hierarchical agglomerative clustering (region-growing) algorithm: steps 2 and 3
are applied, then step 4 is repeated until the number of clusters becomes K = 2. Two classes
containing distance values are thus obtained.

7. One element from each class is randomly selected and the two distance values are then
compared. The class corresponding to the greater value represents the set of large distances,

let it be D,. The smaller value belongs to the set of small distances, D,. Obviously,
D=D, uD,.

8. For any small distance, it searches for all pairs of vectors corresponding to it and the feature
vectors from each identified pair are inserted in the same class:

vdist e D,,Vi < je[Ln], if d(V,,V,)=dist=C(V,) =i (1.65)

The resulted labeling, {C(V,),...,C(V,)}, represents the final media feature vector

classification result [39]. The described automatic clustering algorithm has been successfully
applied in various recognition tasks, and also in important domains like database indexing.

1.4.4. Automatic clustering models based on validity indexes

We also developed some robust automatic unsupervised classification models that use
semiautomatic clustering approaches and validation index based measures [40-42]. Thus, we

considered the same feature set, {V;,...,V,}, to be clustered. An integer value T e[1,n]

representing the maximum number of possible feature vector clusters was selected first. A high T
value could lead to better classification results, but also raises the computation volume and the

. : e ni.
time complexity of the classification process. Usually, we have used the value T = {E—l in our

experiments.
For each K e [1,T] one applied a semi-automatic unsupervised classification procedure to

the feature vector set [40-42]. We generally used a K-means algorithm [40,42] or a hierarchical
agglomerative procedure [41] for this clustering task, but some other unsupervised recognition
solutions, like Fuzzy K-Means [43] or Self Organizing Maps (SOM) [44], could also be used.

In the previous sub-section we described how a hierarchical agglomerative clustering
algorithm works: each observation starts in its own cluster, and pairs of clusters are merged as
one moves up the hierarchy. The K-means clustering, proposed by MacQueen in 1967, represents
one of the simplest unsupervised learning algorithms [45]. In statistics and machine learning, K-
means is a method of cluster analysis which aims to partition n observations into K clusters in
which each observation belongs to the cluster with the nearest mean. The clustering procedure is
composed of the following steps:
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1. One selects K initial centroids, as much as possible far away from each other, each centroid
representing a point in the feature vector space.

2. Each feature vector is associated to the closest centroid (in terms of the used distance)

3. The centroids of the obtained clusters are recomputed, as means of the vectors in those
clusters.

4. Steps 2 and 3 are repeated until the centroids of the classes no longer change their positions.

In the next phase, one determines the optimal number of clusters, from 1 to T. Some
cluster validity indexes are used for this purpose [40-42]. We modeled a measure based on a
combination of Dunn and Davies-Bouldin validation indexes in [40]. The Dunn index aims to
maximize the inter-cluster distances and minimize the intra-cluster distances [46]. The number of
clusters that maximizes the Dunn index is considered the optimal number of clusters. This
validity index has a linear time complexity, its computational complexity being O (n), this fact
representing an advantage. Its main disadvantage is the vulnerability for noise in the data. The
index proposed by Davies and Bouldin is a function of the ratio of the sum of within-cluster
scatter to between-cluster separation [47]. Its lowest value indicates an optimal clustering
operation. The Davies-Bouldin index becomes computationally expensive when the number of
clusters grows very large.

Therefore, for each K we obtain the feature vector clusters Cl,,...,Cl, . Then, the optimal

number of classes is determined by performing the following minimization [40]:

. 1
K optim = arg KT[{,Q](DB(K) + D(K)j (1.66)

where the Davies-Bouldin index is computed as

1 & d(cl,)+d(cl,)
DB(K)=—> max ' ! 1.67
() KiZ_ll i+ d(c,,C;) (6
and the Dunn index is obtained as
D(K) = min< min M (1.68)
ic1,K] joi I!’Qla)K(]d(Clk)

where C; is the centroid of the cluster CI,, while d(CI, ) represents the intra-cluster distance
of ClI,, that is the absolute squared distance between all pairs of points in that cluster. So, the
final feature vector classification result is Cl,...,Cl

optim

The automatic clustering models described here have been successfully used by numerous
media pattern recognition and indexing techniques developed by us. The voice recognition [41],
image classification [48], shape recognition [40], image segmentation [42] and media indexing
[33] approaches using these clustering solutions are described in the next two chapters.
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1.5. Conclusions

In this chapter we described some robust mathematical models that have been developed
by us to facilitate the biometric and computer vision techniques presented in the following
chapters. These models are grouped into two main categories. The first one contains the PDE-
based mathematical models for image and video enhancement, while the second category
contains machine learning models.

We proposed in our recently published papers some effective PDE-based image denoising
and restoration techniques that provide very good results and outperform not only the
conventional filtering methods but also many other PDE-based approaches. Our PDE denoising
algorithms are divided into diffusion-based methods and variational approaches. We brought
important original contributions in the diffusion-based restoration field, which were described in
this chapter. Thus, a linear diffusion technique, based on a 2" order hyperbolic PDE model, was
presented first. It reduces substantially the Gaussian noise and also enhances the image contrast.

Nonlinear diffusion-based smoothing algorithms were also described in this chapter. Thus,
we provided a detailed overview of the state of the art nonlinear diffusion techniques derived
from the Perona-Malik framework. A novel anisotropic diffusion-based model developed by us
is also introduced and compared with those state of the art approaches. Another proposed PDE-
image filtering solution, which could be also represented as a variational problem, is based on a
diffusion porous media flow and outperforms some influential PDE denoising schemes, like
Perona-Malik, TV and Kacur-Mikula models. A 4"-order PDE diffusion model that achieves
satisfactory Gaussian and speckle noise reduction results was also described here. Two PDE
variational models developed by us are described in this chapter. They provide an efficient noise
reduction, obtaining much better results than conventional filters. Also, our techniques overcome
the drawbacks of other existing variational models, such as the TV model.

All the PDE-based image filtering solutions described in this chapter represent original and
effective denoising technigques developed by us and published in some prestigious international
journals [5,15,16,18,24,27,28]. A rigorous mathematical treatment was performed for each
proposed PDE model, its convergence and stability being mainly investigated. More detailed
mathematical investigations of these models are provided in those papers disseminating our
research results in PDE-based image enhancement domain. Robust discretization schemes were
constructed for all these differential models and explained in this chapter.

The effectiveness of these numerical approximation algorithms was demonstrated by the
successful denoising experiments, some of them described in the chapter. All PDE denoising
models proposed by us have also a strong edge-preserving character. Method comparisons were
also provided for all our restoration techniques. We have found that our PDE filtering schemes
not only achieve much better results than conventional algorithms, but also outperform the
influential schemes of the same class. Thus, our nonlinear diffusion methods outperform the
Perona-Malik models, while our variational approaches outperform the TV denoising. Since all
our described PDE techniques succeed also in removing the staircasing effect, they can represent
better denoising solutions than many state of the art PDE-based technologies. Also these
methods can be applied successfully to the edge detection domain, and consequently to object
detection.

Our original contributions to media feature vector classification domain, disseminated in
important scientific publications [31-33,37-39], were then described. The two novel metrics
introduced by us represent important contributions in this field, because they can perform some
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difficult tasks that conventional metrics are unable to solve: measuring the distances between
different-sized feature vectors or special feature vectors representing not matrices but complex
structures. A robust mathematical treatment is provided by us for each metric. Also, these
proposed metrics can be applied successfully to feature vectors belonging to various media,
eventually adapted to those media. So, our metric derived from the Hausdorff-Pompeiu metric
for sets is used not only for the DDMFCC-based 2D speech feature vectors, but also for 2D
video feature vectors. Our second metric represents a similarity metric that is specially modeled
for images whose content is characterized by some key points. It is applied with some adaptations
to both SIFT-based facial feature vectors and minutiae-based fingerprint feature vectors.

The proposed automatic unsupervised classifiers, described in the last section, constitute
other significant machine learning contributions. Our media feature vector clustering models,
derived from semi-automatic clustering algorithms, like region-growing, or using these semi-
automatic clustering solutions in combination with some validation index based measures, are
very useful to any automatic unsupervised recognition task. For this reason, our classification
approaches are applied successfully to both biometrics and computer vision domains.
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2. Biometric authentication techniques

Biometric authentication, or simply biometrics, refers to measuring and analyzing
biological data with the purpose of uniquely identify the humans by their physical or behavioral
characteristics. The physiological biometric identifiers are related to the human body shape and
include, but are not limited to: face, fingerprint, palm print, iris, DNA and the odour/scent. The
behavioral characteristics, or behaviometrics, are related to the individual’s behavior of a person,
including voice, typing rhythm, gait, signature and handwriting [49].

The most important application areas of biometrics include access control [50],
surveillance and security systems [51], law enforcement and missing person searching. The main
properties that must be satisfied by a strong biometric identifier are: uniqueness, measurability,
performance and acceptability [52]. Each biometric characteristic can be represented through a
digital media signal and corresponds to a media pattern recognition process. Thus, we have voice
recognition, face recognition, fingerprint recognition, iris recognition, handwriting recognition
and other such recognition tasks [53]. While a biometric like voice is described by a 1D sound
signal, the most other identifiers are represented by 2D image signals. For this reason, the most
biometric recognition tasks belong to the image analysis domain [53].

A biometric system represents a computer system that performs person authentication on
the basis of one or more biometrics [49-53]. A unimodal biometric system is based on a single
biometric identifier, while a multimodal biometric system uses more biometric characteristics to
authenticate the humans. The biometric system performs two major operations: person
registration and recognition. It is composed of the following main components: sensor, pre-
processing device, biometric database, feature extractor device, classifier and verification system
[53].

The first task, related to registration, is performed using the first three components. The
input biometric sequences are captured by the media acquisition device of the sensor and
transformed into digital signals. The obtained signals, often affected by noise during the
acquisition process, are sent to pre-processing device, where some proper filtering procedures,
like the PDE-based restoration operations described in previous chapter, are applied on them.
Then, the biometric signals are registered in the biometric database. The person recognition
process is performed by the next three devices of the system. Biometric recognition consists of
two main operations: person identification and verification. Human identification is based on a
feature extraction that produces biometric feature vectors, and a classification procedure
performed by a supervised classifier that uses a training set obtained from the system’s database.
The person verification either validates or invalidates a determined identity, usually using some
certain threshold values.

We developed both unimodal and multimodal biometric systems based on several
biometric identifiers. We used mainly the voice, face and fingerprint for person authentication,
our recognition approaches based on these biometrics being described in next sections. We have
recently started to conduct research in the iris recognition domain, obtaining some encouraging
results [54]. Since our research in this biometric field is in the beginning stages and we do not
have enough published results on it [54], the iris analysis has not been detailed in this thesis. Our
voice recognition techniques are described in next section. The proposed face recognition models
are then presented in the second section, while the fingerprint recognition approaches are
described in the third one. The multi-modal biometric authentication systems are discussed in the
last section.
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2.1. Voice recognition approaches using mel-cepstral analysis

Human voice represents a behavioural biometric identifier, although it could also be
considered a physiological feature, because every person has a different pitch. Voice (speaker)
recognition is the computational task of validating users’ claimed identity using characteristics
extracted from their voices. A speaker recognition system is able to recognize who is speaking
on the basis of individual information included in the speech signals [55]. Speaker recognition
technology is successfully used in controlling the access to various services such as banking by
telephone, database access services, information services, voice mail, security control for
confidential information areas, and remote access to computers [55]. Audio surveillance systems
also make use of voice recognition techniques.

The voice recognition approaches can be divided into text-dependent (speech-dependent)
and text-independent (speech-independent) techniques. The former methods discriminate the
individuals based on the same spoken utterance and deal with cooperative subjects [31]. The
latter techniques do not rely on a specific speech and deal with non-cooperative subjects [56],
being useful for surveillance applications.

As any biometric recognition system, the speaker recognition encompasses both person
identification and verification. Human voice identification represents the process of determining
which speaker provides a given vocal utterance, consisting of a feature extraction process and a
classification one. Depending on the character of its classification stage, the speaker recognition
can be either supervised or unsupervised. Speaker verification, on the other hand, represents the
procedure of accepting or rejecting the identity claim of a previously identified speaker.

We developed both text-dependent [31] and text-independent voice recognition techniques
[57], and also both supervised [36] and unsupervised recognition approaches [41]. We have
achieved much better speaker recognition results in the speech-dependent case, so we describe
only the text-dependent approaches in this thesis. Since the Mel Frequency Cepstral Coefficients
(MFCCs) represent the dominant features used in speech and speaker recognition domains [58],
we proposed a voice feature extraction based on the mel-cepstral analysis for these methods. The
MFCC-based vocal feature extraction is described in the next subsection. In the second
subsection, a supervised speech-dependent voice recognition approach is proposed. Then, an
automatic unsupervised speaker recognition algorithm is described in the last subsection.

2.1.1. MFCC-based speech feature extraction solutions

There are various speech feature extraction solutions used by the voice recognition
systems. The most popular are the MFCC analysis, Linear Predictive Coding (LPC) analysis, and
the autoregressive (AR) coefficients. The speaker recognition techniques developed by us are
based on AR coefficients [59,60] or MFCC analysis [31,36,41,53] in the feature extraction stage.

We describe here a robust MFCC-based voice analysis on whose basis we modeled some
efficient speech feature vectors for speaker recognition. Thus, we consider a vocal sequence
represented by a 1D digital signal, to be featured, and perform a short-time analysis on it. The
speech signal is divided into overlapping frames with 256 samples and overlaps of 128 samples
[31,33,57]. Each resulted segment is then windowed, by multiplying it with a Hamming window
of 256 coefficients. The spectrum of each windowed sequence was then computed, by applying
the FFT (Fast Fourier Transform) to it (see selected paper 2, Barbu 2005 [31]).

The cepstrum of each windowed frame could be determined by applying the inverse
Fourier transform to its log-spectrum, but we considered the melodic cepstrum a much better
featuring solution. The regular frequencies were translated to a scale that is more appropriate for
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human speech [33,36,53]. The mel-scale approximates the human auditory system's response
more closely than the linearly-spaced frequency bands used in the normal cepstrum. The
difference between the cepstrum and the mel-frequency cepstrum is that in the MFC, the
frequency bands are equally spaced on the mel scale. The mel-frequency cepstral coefficients
(MFCCs) were obtained as following:

1. The windowed signal was processed using FFT.

2. The powers of the spectrum obtained above were mapped onto the mel scale, using
triangular overlapping windows.

3. The logs of the powers were applied at each of the mel frequencies.

4. One computed the DCT (Discrete Cosinus Transform) of the set of mel log powers, as if
it were a signal.

5. The MFCCs were obtained as the amplitudes of the resulting spectrum.

Thus, a sequence of mel-cepstral coefficients resulted for each frame, each such MFCC set
representing a melodic cepstral acoustic vector. These acoustic vectors could work as feature
vectors but we intended to achieve more powerful speech features. A 2D feature vector could be
obtained as the MFFCC-based matrix having these acoustic vectors as columns. Another
featuring solution proposed by us was the 1D feature vector composed of the pitch values of the
acoustic vectors [60]. A 2D feature vector having on each column the greatest n coefficients of
the corresponding acoustic vector was also proposed [60].

Much better recognition results are obtained if the acoustic vectors are further processed.
Therefore, a derivation process can be performed on those MFCC acoustic vectors. We compute
the delta mel cepstral coefficients (DMFCCs), as the first order derivatives of the mel cepstral
coefficients. Then, the delta delta mel frequency cepstral coefficients (DDMFCCs) are derived
from DMFCCs, thus representing the second order derivatives of the MFCCs [31]. We derive
these mel-cepstral coefficients because we intend to model the intra-speaker variability. These
computed DDMFC coefficients indicate how fast the voice of a speaker is changing in time.

A DDMFCC acoustic vector is obtained for each frame of the initial vocal signal. Each
acoustic vector is composed of 256 samples, but the speech information is encoded mainly in its
first 12 coefficients. So, we truncate each vector at its first 12 samples, then consider it as a
column of a matrix. This truncated DDMFCC acoustic matrix has been used as a robust 2D voice
feature vector and provided satisfactory recognition results [31,57]. Another type of vocal feature
vector is determined as the mean of the DDMFCC-based acoustic matrix (1D vector composed
of the mean values of the matrix columns) [36].

The notation V(S) was used for the feature vector of the vocal sequence S. These 2D or 1D
speech feature vectors have the same number of rows, but a different number of columns
depending on their length. Since they cannot be compared using conventional metrics, we used
the Hausdorff-derived metric described in 1.4.1 to measure the distance between them [31,41].

2.1.2. Supervised text-dependent voice recognition technique

The existing text-dependent speaker recognition systems classify the speech feature
vectors, obtained from voice analysis based on MFCCSs, LPC or AR coefficients, using various
classifiers, such as the K-Nearest Neighbor (K-NN) [61], Hidden Markov Models (HMM) [62],
Vector Quantization (VQ) [63], Gaussian Mixture Models [64], various neural networks [65],
Dynamic Time Warping (DTW) [66] and ART-based classifiers [60]. In the past we proposed
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some voice recognition techniques using autoregressive coefficient based feature vectors that are
classified by Multi Layer Perceptron (MLP) and RBF (Radial Basis Functions) networks [59]. In
the last ten years, representing the period targeted by this thesis, we have developed some robust
speaker recognition models using MFCC-based feature vectors and supervised classifiers [67].

A supervised text-dependent speaker recognition approach is proposed in [31]. It classifies
properly any input vocal utterance using a speech training set. So, one considers {S,,..., S}, the

set of input same-speech utterances (signals) to be recognized. A set of N registered (known)
speakers is also considered. Each of them generated a set of vocal utterances having the same
spoken text as the input sequences. The training set of the system is composed of all the sets of
spoken utterances provided by the registered speakers, being modeled as Sp ={Sp,,...,Sp\}.

where each Sp, ={s;,..., s;(i)} represents the set of vocal sequences corresponding to the it
speaker [31].
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Fig. 2.1. Supervised speaker identification scheme

In the identification stage, one applies a melodic cepstral analysis based feature extraction
process, like that described in 2.1.1, on both the input and training sets. So, the feature set

{V(S,),--,V(S,)} and the training feature set {{V (51),---,V (Spy )} - AV (81 )V (Spny )}
are determined [31,36]. In selected article [31] the feature vectors are modeled as DDMFCC-
based 2D matrices having 12 rows and a variable number of columns.

Then, a supervised classification procedure is performed on these feature vectors. We
propose a minimum average distance classification technique, representing an extended version

of the minimum distance classifier. This algorithm inserts each input vocal sequence S, in the
class of the speaker corresponding to the smallest average distance between the input feature
vector and its training vectors. Thus, the closest speaker is identified as the n™ registered
speaker, where:
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n(i) _
D> dV(S).V(s))

_ H k=1 R
=arg J_rer[11|’rN1] (i) , Vie[1n] (2.1)

n.

where d is the special metric given by equation (1.51). The classification result, consisting of N
classes of speech utterances: C,,...,C,, , represents also the voice identification result [31]. A
supervised speaker identification framework is depicted in Fig. 2.1.
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The next stage of the recognition process, the speaker verification, decides for each
identified sequence if the associated speaker is the one who really produced it. We have
proposed a threshold-based verification procedure to be performed within each resulted voice
class [31]. So, each average distance computed in any speaker class could not exceed a special
chosen threshold value T:

n(i) _
> d(V(S),V(s.))
Vie[L,N],VS eC, : *= - <T
n(i) (2.2)

A threshold — based speaker verification scheme is represented in Fig. 2.2. The task of
choosing a proper threshold value is solved by developing an automatic threshold detection
approach [31]. Thus, the overall maximum distance between any two training vectors belonging
to the same training feature subset is considered as a threshold. Therefore, a proper threshold
value is obtained as:

T = max max %d V(s),V(s))) (2.3)

i<N k=t

A lot of numerical experiments on various speech datasets have been performed,
satisfactory recognition results being obtained [31,36]. A high recognition rate, approximately
85%, has been achieved by our speech-dependent voice recognition system that outperforms
other speaker recognition techniques. A recognition example based on our method is described in
the next figures and table. The 5 input speech signals are displayed in Fig. 2.3, their 2D feature
vectors being displayed in Fig. 2.4. The training set of the system is described in Fig. 2.5, where
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there are displayed the 4 training utterances generated by 3 speakers, and their training feature
vectors. All the input and training sequences have the same speech: Hello!
The computed average distance values are registered in Table 2.1. From this table, the

following voice identification results: Speaker 1 =>{S,,S,}, Speaker 2 =>{S,,S.} and Speaker 3
=>{S,}. We computed the threshold value T = 1.35, which leads to the final recognition result:
Speaker 1 =>{S,,S,}, Speaker 2 =>{S,}, Speaker 3 =>{S,}, Unregistered speaker =>{S,}.
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Fig. 2.3. Input vocal sequences
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Fig. 2.5. Training set of the system

Table 2.1. Average distance values
Speaker 1 | Speaker 2 | Speaker 3

Vocal Input 1 0.7532 1.0857 1.3415

Vocal Input 2 0.9360 0.7495 0.2956

Vocal Input 3 1.2512 1.4123 1.5452

Vocal Input 4 1.7814 1.4814 1.5013

Vocal Input 5 1.4756 1.2137 1.5123
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2.1.3. Automatic unsupervised speaker classification model

We also considered the unsupervised speech-dependent voice recognition problem [41],
which represents a much more difficult task and has other application areas. While supervised
voice recognition is mainly used by the security systems that control access to various services,
unsupervised speaker recognition is very useful for voice database indexing and retrieval [68].
Also, this unsupervised recognition could be used to cluster the speakers from unlabeled
conversations.

The existing unsupervised voice recognition systems use no a priori knowledge about the
identity of the speakers, therefore no voice training set is available to them, but most of them
have knowledge about the number of these speakers, as is the case with the SOM-based
recognition techniques [44]. Unlike these approaches, the unsupervised recognition method
proposed by us has also a completely automatic character [41]. It used no knowledge about the
speakers’ identities and their numbers, no interactivity being used. This makes our technique
appropriate for voluminous sets of vocal utterances.

We formulate the following automatic unsupervised speaker recognition task in [41]. One

considers {S,,..., Sy}, the set of speech utterances to be recognized. These same-speech voice

sequences are generated by an unknown number of speakers. There is no available knowledge
about these speakers. All vocal signals S;, characterized by the same speech (text), have to be

clustered in a proper number of classes, each voice class containing all voice sequences produced
by a speaker.

A voice feature extraction was performed on these sequences first, the MFCC-based
analysis described in 2.1.1 being utilized. In [41] we compute the 2D feature vectors
{V(S,),....V (S )} as truncated DDMFCC acoustic matrices. The obtained vocal feature vectors

are clustered automatically in a proper number of classes. All the automatic unsupervised
classification algorithms described in section 1.4 could be used in this case.

In [41] we use the validation index based automatic clustering technique described in
1.4.4. 1t applies repeatedly an agglomerative hierarchical clustering algorithm on the feature
vector set, until the optimal number of clusters, provided by the validity index based measure
from (1.66), is finally achieved. The unsupervised classification result, Cl""'CKopﬁm , represents

also the speaker recognition solution.

The developed automatic unsupervised text-dependent voice recognition model has been
successfully tested on numerous speech datasets. A high recognition rate (around 80%) and good
values for the performance parameters have been obtained. We have recorded tens of speakers at
a frequency of 22050 Hertz, with various speeches (spoken words), achieving hundreds of vocal
sequences. The automatic voice recognition algorithm has been applied only on sets of same-
speech vocal utterances [41].

Its effectiveness is proved by the high values obtained for the performance parameters:
Precision = 0.88, Recall = 0.85 and F1 = 0.86. These scores indicate there are very few false
positives and false negatives (missed hits) produced by the recognition technique [41]. Also, our
speaker recognition method executes quite fast, but its speed and recognition rate depend to
some extent on the threshold parameter T used in the classification process, that is selected as

T :[%—‘ If that threshold is increased, then the performance of our technique also rises, but the

computational complexity and running time will be increased, too. For example, if we consider
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the ideal case T = N, we get the optimal speaker recognition, but the execution time would be
very high for a great number of vocal sequences (high N).
A simple voice recognition example using the described approach is displayed below. A

set of speech signals S, ; characterized by the same text, Start, is displayed in Fig. 2.6. Their
computed DDMFCC-based 2D feature vectors, V (S,),...,V (Sg) , are depicted in Fig. 2.7.
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Fig. 2.6. The set of signals to be recognized
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The values of the distances between these vectors, d; =d(V (S;),V (S;)), are registered

in Table 2.2. One can see some of these values are low, while others are much higher One
applies the automatic feature vector clustering algorithm with these distance values, obtaining

K,y =3 and the following voice classes: {S,,S;,Ss}, {S,,S, } and {S,,S¢,Sq }.

Table 2.2. Distances between vocal feature vectors

dij S1 SZ 83 S4 SS SG S7 SS

S, |0 432|098 509|167 |4.88|3.87]|6.11

S, 4320 3.96 | 456 | 4.83 | 5.32 | 1.25 | 4.29

S, 109839 |0 3.78 1 0.95| 531|514 |6.01

S, 509456378 |0 417 1103 |3.28 | 1.23

S, | 167 483|095 |417|0 461 | 4.11 | 5.87

S, |4.88 (532|531 |103|461|0 3.94 091

S, |387]125|514(328|411(394|0 4.03

S, |611[429|6.01|123|587(091|4.03|0

Method comparison have been also performed. We have determined that our automatic
speaker recognition technique provides comparable good results to some non-automatic
unsupervised recognition approaches, like those using Self Organizing Maps (SOMs) [44], when
applied on quite small voice sets. But when applied to medium or large sets of vocal utterances,
our method achieves much better recognition results than SOM-based approaches or other
techniques which require that speakers’ number to be known. Those methods need interactivity,
so they become very difficult to apply for large sets.

Also, we have compared the proposed automatic clustering algorithm with other voice
classification solutions. Thus, we have replaced the agglomerative hierarchical clustering region-
growing procedure with some K-means algorithms [45]. We have obtained a faster recognition
process with K-means and its variants (C-means, Fuzzy K-means) [43,45] but, unfortunately, the
obtained speaker recognition results have been considerable weaker. That means a lower
recognition rate, lower values for performance scores and more voice classification errors.

The described unsupervised voice classification technique can be used successfully to
cluster-based indexing of large speech databases, given its automatic character. The resulted
indexes, composed of feature vector clusters, would facilitate considerably the speaker retrieval
process.
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2.2. Robust face recognition techniques

Artificial facial recognition represents a very important biometric authentication domain,
the human face being a physiological biometric identifier that is widely used in person
authentication. A facial recognition system represents a computer-driven biometric application
for automatically authenticating a person from a digital image, using the characteristics of its
face [69]. As any biometric recognition system, it performs two essential processes:
identification and verification. Facial identification consists in assigning an input face image to
a known person, while face verification consists in accepting or rejecting the previously
detected human identity. Also, the face identification is composed of a feature extraction
process and a classification procedure.

Face recognition technologies have a variety of potential applications in commerce and
law enforcement, such as database matching, identity authentication, access control for various
services, suspect recognition, information security and video surveillance [69]. Also, these
technologies can be incorporated into more complex biometric systems, to achieve a better
human recognition.

Facial recognition techniques are divided into two main categories: geometric and
photometric methods. The geometric approaches represent feature-based techniques and look at
distinguishing individual characteristics, such as eyes, nose, mouth and head outline, and
developing a face model based on position and size of these features. Photometric techniques
are view-based recognition methods. They distill a face image into values and compare these
values with templates [69].

Numerous face recognition algorithms have been developed in the last decades. The most
popular techniques include Principal Component Analysis (PCA) using Eigenfaces [70,71],
Linear Discriminant Analysis (LDA) using Fisherfaces [72], Elastic Bunch Graph Matching
(EBGM), Hidden Markov Models (HMM) [73] and the neuronal model Dynamic Link
Matching (DLM) [74].

Proposed in 1991 by M. Turk and A. Pentland [71], the Eigenface approach was the first
genuinely successful system for automatic recognition of human faces. Their model represented
a breakaway from contemporary research trend on face recognition which focused on identifying
some individual facial characteristics. | developed an eigenimage-based face recognition
technique derived from the influential work of Turk and Pentland, which is described in the next
subsection. Then, a face recognition system using 2D Gabor filtering, proposed by us, is
described in the second subsection. | also modeled an automatic unsupervised face recognition
scheme based on SIFT characteristics and a hierarchical agglomerative clustering algorithm. It is
presented in 2.2.3.

2.2.1. Eigenimage-based face recognition approach using gradient covariance

In the selected paper 3 [75] we proposed an eigenimage-based face recognition method
based on the well-known technique of Turk and Pentland [71]. Their approach considered a
large set of facial images, representing a training set. Each image was transformed into a vector

I, 1=1..,M, then one computed the average vector W . The covariance matrix was
computed next as C = A- AT, where A=[CDl,...,<I>M] and @, =I; —y . The eigenvectors

and eigenvalues of C (a very large matrix) were obtained from those of A" - A. Thus, A- AT
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and A" - A have the same eigenvalues and their eigenvectors are related as follows: U, = Av, .

One kept only M~ eigenvectors, corresponding to the largest eigenvalues, each of them
representing an eigenimage (eigenface). Each face image was projected onto each of these

eigenfaces, its feature vector, containing M coefficients, being obtained. Any new input face
image was identified by computing the Euclidean distance between its feature vector and each
feature training vector. Next, some verification procedures were applied to determine if the
input image represented a face at all or one of the registered persons.

We developed a derived version of this PCA (Eigenface) approach in 2007 [75]. So, in
that paper we propose a continuous mathematical model for face feature extraction, first. The
2D face image is represented there by a differentiable function u =u(x, y) and the covariance

matrix is replaced by a linear symmetric operator on the space (L?(€2)) involving the image

vector u and its gradient Vu [75]. Thus, Q represents a 2D domain of R? and u:Q >R, the
face image. We denote by L*(Q) the space of all L2- integrable functions u with the norm

u, :(Luz(x, y)dxdy)u2 and by H*(Q) the Sobolev space of all functions ueL?(Q) with

W,

,D.u
OX

y . The norm of H'(Q) is computed as

the distributional derivatives D,u =
Ul ey = [ (U7 (6 V) +(Du(x, ) +(Dyu(x, ) Yaxdy = [ (u* (%, y)+[Vu(x,y)|*)dxdy .
We consider an initial set of facial images, representing the face training set:
M
{u,,....u, y= (H())™. The average value is computed as: z(X, y) :%Zui (X,y), xyeQ.
i=1

Then, one computes @, (x,y) =u,(X,y)—u(x,y), i=1...,M and
W, =vu, ={D,u;,D,u;}, i=1..,M (2.4)

We consider the covariance operator Q e L((L*(€2))°,(L*(€2))®) associated with the
vectorial process {®@, W}V, ,i.e., for h={h,h,,h.}e L*(Q)x L*(Q)xL*(QY):

(Qh)(x,y) = {Zcbi 06 [ @ EN(AE + D Wi (x, )| WHE, (£)dE +
i=1 i=1 (25)

£ WE () W n, (cf)dcf,} Vh, e L (©), k=123

where W, ={W',W,*}, W' (x, y) = DU, (xy),W,*(x, y) = DU, (xy), i =1...,M . Equivalently we
view Q as covariance operator of the process @ ={®,}", in the space H!(Q) endowed with
norm |s|,... The operator Q is self-adjoint in (L*(€2))* and has an orthonormal complet system

of eigenfunctions {¢;}, i.e., Qp, = 1,¢,, 4, >0. Moreover, ¢, e (H*(Q)), Vj .
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We associate with operator Q the 3M x3M matrix Q= ATA, where A:R™ — (L2(Q))°
~ P~ 10~ 1,i Y =Ly V! i\M T.[2 3 3M
AY =D Dy, D> Wiy, D> Wy, |, ={Y1, Y2, ¥s}i& and AT:(LX(Q))* ->R™,
i=1 i=1 i=1
which represents the adjoint operator, is provided by
Ah { [@.(&hde,..., [0, hdg [WHE,AE,.., [Wy ()h,dg, (W2 (&)hdE..., [Wy; (§)h3d§}
Q Q Q Q Q Q

where h=(h,,h,,h,) e (L*(©))°. We obtain:

M

|®,®,dé 0 0
Q
ATA=| 0 @@ dé 0 (2.6)
Q
0 0 Jo,@,d¢ i‘

j=1

We consider {4, }}4 and {;}}i = R™ a linear independent system of eigenvectors for

Q,ie, Qu,=4y,,j=1..3M. Then, we demonstrate in [75] that {p,} " defined by
@, =y,@, for 1< j<M, ¢, =y W/, forM+1<j<2M, and ¢, =y W/}, for
2M +1< j<3M are eigenfunctions of operator Q, i.e., Qp; =4,¢;, j=1...,3M . It should be
recalled that the eigenfunctions {(pj} to covariance operator Q maximizes the variance of

projected samples i.e.,

@; =arg{max <Qh,h > h|(L2(Q»3 =1 (2.7)

(2(@)° ;|

In this way the eigenfunctions {qoj}sji"l capture the essential features of the training
images. From {p,} we keep a smaller number of eigenfaces {(pj}i.‘i"l', with M <M

corresponding to largest eigenvalues /Ij , and consider the space
X =lin{p; ¥ = (L) (2.8)
We assume that system {goj} has been normalized (i.e. orthonormal in (L*(©))*), so we
project any initial image {®,,W,',W,*} e (L*(€2))® on X by formula

3M’
P =20, (V) <0 T > 201 =10,3M (2.9)
j=1

where T, ={®; W, W’} i=1..3M and <> . represents the scalar product in
L*(@Q)xL*(Q)xL*(Q) [6]. We compute the weights w! =<g,,T, > 2@y 1 =1-3M, and

model the feature vector corresponding to image Uu;, as following:
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VU) =W, wM), i=1..3M (2.10)

Then, the continuous model proposed in our paper is discretized. One assume that
Q=[0,L,]1x[0,L,] and set x; =ig,i=1..N, and y; = je, j=L1..N;, £>0. Thus one

obtains M matrices of size N, xN,, representing the discrete images, and denote their

corresponding N, - N, <1 image vectorsas I,,..., l,, . Also, Q=A"-A ,where
D,,..,D,, 0
A= 0 W Wy 0 (2.11)
0 0 W2, Wi
and
N2vN1
@, ZH(Dk(Xi’yj) i it

N5, Ny

(2.12)

W, :Hq)k(xmayj)—q)k(xivyj')
W, :Hq)k(xi7yj+1)_q)k(xi1yj)

i,j=1
NZ*Nl
i,j=1

The obtained matrix has a 3M x3M dimension. One determines the eigenvectors ¥/; of
the matrix Q , then, the eigenvectors of the discretized covariance operator Q are computed as:

@ =Ay, i=1..,M (2.13)

We keep only M <M eigenimages corresponding to largest eigenvalues and
considered the space X = linspan{g,}*" . Then, the projection of [®,,W',W.*] on X,
given by the discrete version of \P,, is computed as:

P, ([P, , W}, W,?2]) = BZMWJ @, 1=1...,3M (2.14)

j=1

where Wij = 5: [®,, W', W.?]" . So, for each facial image I, a corresponding feature vector

is obtained as V (I,) =[W},...,w™ 17, i=1,...,3M . We then perform a supervised classification

process for these feature vectors. So, we consider an unknown image | to be classified using the
face training set {I,,..., 1, }.

M
The input image is normalized, first. So, ® =1 —¥, where W = %Zli . The
i=1
vectors W* and W ? are computed from @ using (2.12). Then it is projected on the eigenspace,
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M' ]~ H —
by using P(®)=> W@, where W =g -[®,W"W?]", its feature vector being

i=1
computed as V(1) =[wW*,...,w™ ]"[75]. A threshold-based facial test can be performed to
determine if the given image represents a real face or not. So, if ||P(®)—®||£T, T being a

properly chosen threshold, then | is a face, otherwise it is not.
We consider K registered (authorized) persons whose faces are represented in the training

set. We redenote this set as {1, ,..., 1@ ..., 1 1O 1 1209 where K < M and

{Iil,..., Ii”(i)} is the training subset provided by the i authorized person. A minimum average

distance classifier, like that described in 2.1.2, is used. The input image is associated to the user
corresponding to the minimum mean distance value. That user must be the k™ registered person,
where:

n(i) .
> dv DV (1)
n@)

k = arg min (2.15)

where d is the Euclidean metric. After performing this face identification process, a face
verification is also conducted in [75]. A threshold-based face verification technique is proposed,
the proper threshold value being determined as the overall maximum distance between any two
feature vectors belonging to the same training feature subset, like in 2.1.2.

Numerous experiments, using this developed approach, have been performed on various
facial datasets, very good face recognition results being achieved [75]. We used Yale Face
Database B [76], containing thousands of [192x168] facial images corresponding to many
subjects, for the tests. We found that our proposed technique achieves a high recognition rate, of
approximately 90%, and get high values for the performance parameters, Precision and Recall.

Let us describe here one of the performed face recognition experiments. In Fig. 2.8 one
can see a set of 10 input faces to be recognized. The training set, containing 30 facial images
belonging to 3 persons, is illustrated in Fig. 2.9, where each registered individual has 10 photos
positioned on 2 consecutive rows. So, one computes 90 eigenfaces for this training set but only
the most important 27 (M~ = 9) of them are required. They are represented in Fig. 2.10.

The corresponding feature vectors are then determined and the average distance values
between these input image feature vectors and the 3 feature subsets are registered in the next
table, where each row i, marked by D, , contains the distance values from the 10 feature vectors

to the i feature subset.

It results from Table 2.3 that input images 1, 3 and 8 are identified as faces of the third
registered person from Fig. 2.8, the images 2, 6 and 10 are identified as faces of the first person
and images 4 and 7 are identified as the second person. Also, the face images 5 and 9 are
identified as belonging to the first registered person but their distance values, 5.795 and 5.101,
are greater than the computed threshold, T =2.568, so the verification procedure labels the
person with faces 5 and 10 as unregistered.
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Fig. 2.9. Face training set
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Table 2.3. The mean distance values

Fig. 2.10. The main eigenfaces

1 2 3 4 5 6 7 8 9 10
D: | 2573|1919 | 2557 | 2.736 | 5.795 | 2.2702 | 2.108 | 3.147 | 5.101 | 1.923
D, [3.090 | 3.859 | 2.788 | 1.954 | 6.716 | 2.5956 | 1.789 | 2.623 | 6.959 | 3.467
D; | 2351|3257 | 2273 | 2.534 | 6.103 | 3.1354 | 3.293 | 2.331 | 5.143 | 2.926
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2.2.2. Face recognition technique using 2D Gabor filtering

The Gabor filters are successfully used in various image processing and analysis domains,
such as: image smoothing, image coding, texture analysis, shape analysis, edge detection,
fingerprint and iris recognition. The Gabor filter (Gabor Wavelet) represents a band-pass linear
filter whose impulse response is defined by a harmonic function multiplied by a Gaussian
function. Thus, a bi-dimensional Gabor filter constitutes a complex sinusoidal plane of particular
frequency and orientation modulated by a Gaussian envelope [77]. It achieves an optimal
resolution in both spatial and frequency domains. The 2D Gabor filters have been increasingly
used in the face recognition domain, too [77,78].

| developed a supervised 2D Gabor filtering-based face recognition technique that is
described here [79]. My approach designs 2D odd-symmetric Gabor filters for facial image
recognition, having the following form:

X2 2
Gy 1o, (X Y) =e><p{—{ 9; + y(,,; :U'COS(ZﬂfIXg +(p) (2.16)
y o k
X y
where X, =Xcos6, +ysing,, y, =ycosg, —xsing,, f; provides the central frequency of

the sinusoidal plane wave at an angle 6, with the x — axis, 0, and o, represent the standard

deviations of the Gaussian envelope along the two axes, x and y. We set the phase ¢ =x/2 and
compute each orientation as g, = k_”, where k ={1,...,n}[79,80].
n

The two-dimensional filters ng,fpxyay , provided by (2.16), represent a group of wavelets

that optimally captures both local orientation and frequency information of the image. Each face
image must be filtered with G at various orientations, frequencies and standard

ﬂk,f,cx,ay
deviations. So, we consider some proper value for the filter parameters (variance values, radial
frequencies, orientations): o, =2, o, =1, f, €{0.75,1.5} and n = 5, which means

0, € {————;r} So, we construct 2D Gabor filter bank {ng 1, ,2,1}

f;e{0.75,1.5},ke[1,5] ’

composed of 10 channels [79,80].

The modelled filter set is applied to the current face, by convolving that facial image with
each Gabor filter from this set. The resulted Gabor responses are then concatenated into a three-
dimensional feature vector. If | represents a [X xY] face image, then the proposed feature

extraction model can be expressed as:

V(DIxy. z] :VH(z),f(z),o-X,o-y (DIx,y] (2.17)
where x e[1, X], ye[LY] and

O(7) = g,, ze[1,n] ; L ze[1,n] 218
(Z)_{ez_n,zE[n+1,2n]’ (Z)_{fz,zE[nﬂ,Zn] (2.18)

and
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Vot t o, (DX V1= 1Y) @ Gy 0y (X, Y) (219

A fast 2D convolution could be performed using the Fast Fourier Transform (FFT) [2],
therefore (2.19) is equivalent 10 V) ¢ ()0, 0, (1) =FFT FFT (1) FFT (Goyt@yo0, )] - FOT

each facial image | one obtains a 3D face feature vector V (), having a [ X xY x 2n] dimension
and representing a robust content descriptor [79]. A face image (marked with a red rectangle)
and its 10 Gabor representations (components of the corresponding feature vector) are displayed
in Fig. 2.11.

Fig. 2.11. Face image and its 2D Gabor representations (feature vector components)

Feature vector classification represents the second step of the face identification process.
In [79] | provide a supervised classification approach for these Gabor filter-based 3D feature
vectors. The training set of this classifier is created first. Thus, one considers N registered
individuals, each of them providing a set of faces of its own. The training face set is modeled as

{{Fji } N , where F represents the j™ face image of the i user and n(i) is the
i=1,...n() Jiz, .. N

set is then performed on the input face set, each face being inserted in the class of the user
corresponding to the minimum average distance. The classification model is described as:

n(i) _
> dv () V(FD)

i) = in =L i 2.20
Class(j) arg min ey Vjel K] (2.20)
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where Class(j) € [1, N] represents the index of the face class where input | ; Is introduced and

d is the squared Euclidian metric. The facial identification result, represented by the obtained
classes C,,...,C, , is followed by a threshold-based face verification process [79,80], modeled as:

n(i) )
2. dvV(1)V(F))
Vie[LN]vIeC,: 2 e >T=C, =C, -{I} (2.21)

where the threshold value is automatically computed as T = max( max d (V (Fji ),V (Fki))j .

i<N Jj=ke[1,n(i)]

The performed recognition experiments demonstrate the effectiveness of the described
approach [79,80]. A high face recognition rate (over 80%) is achieved by our technique, on the
basis of experiments involving hundreds frontal images. We have obtained high values for the
performance parameters, Precision and Recall. We have used Yale Face Database B, containing
thousands of [192><168] facial images at different illumination conditions, representing various
persons, for our recognition tests [76]. While we obtain very good recognition results for frontal
faces, considerable lower recognition rates are achieved for images representing rotated or non-
frontal faces.

Method comparisons have been also performed. The performance of this approach has
been compared with those of Eigenface-based systems. We have tested the Eigenface algorithm
of Turk & Pentland [71], the Eigenface method proposed by us [79] and this Gabor filter based
technique, on the same face dataset. The values of statistical parameters Precision and Recall,
computed for these algorithms, are registered in Table 2.4. As one can see in this table, the three
face recognition techniques provide comparable good results. The original Eigenface-based
technique performs slightly better than our two methods.

Table 2.4. Performance parameter comparison

Eigenface (T&P) | Eigenface (Barbu) | Gabor filter based method
Precision 0.95 0.85 0.88
Recall 0.94 0.85 0.90

A face recognition example is described next. A small facial training set, composed of the
faces of three authorized persons, is represented in Fig. 2.12. A small sized input image set, with
K = 6, is displayed in Fig. 2.13. The computed average distance values are registered in Table
2.5.

From this table, it results the following face identification: User 1 => {I,,1,}, User 2 =>
{I,15}, User 3=> {1 1,}. We also compute T = 0.9759, so, the face verification provides the
final recognition result: User 1 => {I,,1,}, User 2 => {l,}, User 3 => {I,,1,}, Unregistered =>

s}
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Fig. 2.13. Input face set

Table 2.5. Resulted average distance values:

I

s

I,

User 1 1.0970 0.6208 1.5475 0.7779 1.6175 1.0379
User 2 0.5581 1.4291 1.7623 1.2103 1.1313 1.2551
User 3 1.2154 1.0946 0.9278 1.2548 1.3562 0.6333
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2.2.3. Automatic unsupervised face recognition system

In the previous subsections we described two supervised facial recognition techniques that
work properly for cooperative human subjects, being very useful for access control. Now we
describe an unsupervised face recognition method that could deal with non-cooperative subjects
and can be successfully used by the surveillance systems [51].

Most of the existing face authentication techniques perform the recognition in a supervised
manner, but numerous unsupervised methods have been developed recently. Thus, we mention
the SOM-based face recognition techniques [81], the unsupervised methods based on PCA or
ICA (Independent Component Analysis) [82], and the unsupervised face recognition by
associative chaining [83]. We modeled an unsupervised facial recognition system having also an
automatic character [37].

In [37] we considered the following unsupervised recognition task. The set of faces
{Fi, ..., E,} must be clustered automatically, on the similarity basis. The faces from each resulted
cluster have to belong to the same person. Because of the unsupervised character of the process,
the persons are unknown and no facial training set is available. Even the number of these persons
IS unknown, given the automatic character of the process.

A robust SIFT-based facial feature extraction is performed on F, images [37]. Published

by David Lowe in 1999, Scale Invariant Feature Transform represents a computer vision
algorithm that locates and describes local image features [84]. SIFT characteristics are widely
used in computer vision areas like object tracking and recognition. The SIFT algorithm
determines the main keypoints from the image to produce a proper feature description. The
extracted features are invariant to scaling, orientation, affine transforms and illumination changes
[84], so they are well-suited for face description.

The SIFT characteristics of a face image are obtained in several steps. First, one computes
the maxima and minima values of the result of Difference of Gaussians (DoG) filters applied at
different scales on the face image. Then, the low contrast points are discarded. A dominant
orientation is then assigned to each of the identified keypoints. For each keypoint one computes a
local feature descriptor on the basis of the local image gradient, transformed according to
keypoint orientation to obtain orientation invariance. So, one obtains a SIFT feature vector of
128 coefficients for each face keypoint. The face feature vector corresponding to F, is modeled

as follows:

v, (F,) loc, (F;)
V(F)= , (2.22)
v, (F) | | loc,, (F)
where v, (F,) is the feature vector of the k™ keypoint of F, and loc, (F,) is a pair of coordinates
representing its location in the face image [37]. The keypoints are positioned in the feature vector
given by (2.22) from left to right and from top to the bottom. Since V(F) represent complex

feature vectors, the distances between them could not be measured using the Euclidean metric or
other conventional metrics. So, the special metric introduced in subsection 1.4.2 is used for this
purpose [37]. The set of matches used by that metric and given by (1.53) is replaced in this case
with:
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M, = {(k.t)] de (v, (F), v, (F,)) < T, &4 (loc, (F) loc, (F))) < T, } (2.23)

where the threshold values T, and T, are detected empirically, and d. represents the Euclidean
metric.

The face feature vector classification is performed in [37] by applying the validity index-
based automatic clustering model described in 1.4.4 on the feature set {V (F) }i-1..n. The
clustering algorithm used repeatedly in that model is now a hierarchical agglomerative one that
computes the distance between clusters using the average linkage clustering approach, and the
distances between facial feature vectors are computed using (1.52) and (2.23).

The described unsupervised facial recognition method has been tested on the same Yale
Face Database B, containing thousands of 192 x 168 faces, used in the previous cases [76]. A
high face recognition rate, of approximately 90%, is obtained, being influenced also by the
threshold value selection. The optimal values used in (2.23) are T, =0.65 and T, =15. High
performance parameters values have been also achieved: Precision = 0.93, Recall = 0.91 and F:
= 0.92. These values prove that our recognition technique produces very few missed hits and
very few false positives.

An unsupervised face recognition example is described next. Image set displayed in Fig.
2.14 contains 8 faces, {Fl,..., FS}, belonging to 3 persons (2 males, 1 female). Face feature vectors,

V(F_,), are obtained from (2.22). The automatic clustering process is applied, resulting the
optimal number of clusters K, =3 and the final recognition result: C, = {F,,F,,F,}, C, = {F,,F,}
and C,={F, F,F,}. These classification results are displayed in Fig. 2.15, each row of it
containing the faces from a class and their SIFT characteristics: keypoints and their orientations.

optim

Fig. 2.14. The set of faces to be recognized
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Fig. 2.15. SIFT characteristics and face clustering result

Method comparison was also performed [37]. Because of its automatic character, the
proposed recognition technique executes much faster and provides better results for large face
sets than non-automatic approaches. Also, our SIFT-based method produces better recognition
results than unsupervised techniques using other face features, such as Eigenfaces [70,71] or 2D
Gabor filtering based characteristics [78,79]. We also considered some other versions of the
automatic classification algorithm. Thus, we tested it with various K-means algorithms [45] and
Self-Organizing Feature Maps (SOFM) [81], instead of the region-growing procedure, on the
same face feature sets, but achieved weaker recognition results and also slower execution times.

The performance parameters of several face recognition techniques are registered in the
next table. One can see their values for this SIFT-based unsupervised method, the PCA
(Eigenface) algorithm [70,82], the ICA-based technique [82], unsupervised version of Barbu’s
2D Gabor filtering approach [80], and an algorithm using SIFT characteristics with K-means
clustering. As it results from Table 2.6, the recognition technique provided here achieves the
highest values for Precision, Recall and F1, which means it outperforms the other approaches.

Table 2.6. The performance parameters for several face recognition approaches

This method | Eigenface (PCA) ICA Unsupervised SIFT/K-means
Gabor filter-based
Precision 0.93 0.92 0.90 0.88 0.88
Recall 0.91 0.90 0.88 0.86 0.91
F1 0.9199 0.9099 0.8899 0.8699 0.8947
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The recognition techniques measured by performance parameters registered in Table 2.6
have been tested on hundreds [192 x 168] faces of Yale Face Database B. Their corresponding
RPC (Recall versus Precision Curves) are displayed in Fig. 2.16. The RPC of our model, marked
in blue, also proves its performance.

Recall

Propoased
Eigenface [PCA)
SIFT/k-means
1CA
Gabor filtering

[
ta

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.a 0.9 1
Precision

Fig. 2.16. RPC curves for several face recognition approaches

Because of its automatic and unsupervised character, the facial recognition technique
described here can be successfully applied not only for non-cooperative subjects in video
surveillance systems [85], but also for voluminous face sets. So, an important application area of
our unsupervised recognition approach is face database indexing and retrieval. Some robust
clustering-based face indexing methods [86] can be developed using our face recognition system.

2.3. Person authentication via fingerprint recognition

The fingerprint represent one of the most known forms of biometrics used to authenticate
human persons. Because of their uniqueness and consistency over time, fingerprints have been
used for person recognition for over a century [87].

Fingerprint recognition represents the computerized automated process of determining the
identity of an individual using the characteristics of his fingerprints. Obviously, a fingerprint
recognition system is a biometric authentication system that performs two main operations:
fingerprint identification and verification. Fingerprint identification associates each input
fingerprint with a registered user of the system, consisting of a fingerprint feature extraction and
a feature vector classification. Fingerprint verification represents the task of validating the
associated identity of a fingerprint, usually using proper threshold values.

The main application area of fingerprint recognition systems is law enforcement. Another
important application field of fingerprint authentication is access control to various services,
numerous security systems being based on fingerprints [88].

The fingerprint recognition approaches are divided into two major categories: minutiae-
based [89] and pattern-based techniques [90]. We developed recognition methods from both
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categories. Thus, a robust minutiae-based fingerprint authentication model is described in the
next subsection. Then, a pattern-based fingerprint recognition technique using 2D Gabor filters is
presented in 2.3.2. Another pattern-based recognition approach, but based on 2D Wavelet
Decompositions, is described in the last subsection.

2.3.1. Minutiae-based fingerprint authentication approach

The fingerprint is composed of ridges and valleys. The minutia points represent unique
features found within the fingerprint patterns. There are various types of minutia details such as:
ridge endings, bifurcations, short ridges, dots, crossovers, spurs and islands [38,89]. The most
important fingerprint points are the ridge endings, short ridges and bifurcations.

Most modern fingerprint recognition technologies are based on minutiae matching [89].
The idea of minutiae-based matching is if one can find enough minutiae in one image that have
corresponding minutiae in another image, then those images are most likely from the same
fingerprint. The most commonly used minutiae points by the existing fingerprint recognition
approaches are the ridge endings and bifurcations. Any minutiae-based fingerprint recognition
technique performs a minutiae detection process before minutiae matching.

We proposed several minutiae based recognition methods in our past works [38,53,91].
The same minutiae detection procedure was performed by each of them. First, a fingerprint
image enhancement process, consisting of denoising and restoration operations, was applied.
While there exist some direct minutiae extraction techniques that identify the fingerprint minutia
points by following the ridge line in the grayscale image of the fingerprint [92], we considered a
binarization-based solution. The enhanced image was converted from grayscale to the binary
format using a thresholding algorithm.

age 2. Binarization

Fig. 2.17. Minutiae detection process
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Then, the skeletonization, performed using a thining algorithm, produced the
morphological skeleton of the binary image of the fingerprint [93]. Image thinning represents a
morphological process that is similar to erosion and opening and produces very thin ridges,
having a width of one pixel [93]. The most popular thinning algorithms are medial axis method,
contour generation method, local thickness based thinning approach, sequential and parallel
thinning [94].

The thinned ridges facilitated the fingerprint minutiae detection task. We considered 8 —
neighborhoods of black pixels in this identification process. For each black pixel (0 value) of the
skeleton, one determined if it represents either a minutia point or an ordinary pixel. The detection
algorithm counted the number of neighbours of the current black pixel. There could be three
possible situations. If the pixel has only one neighbour, then it represents a ridge ending. If the
pixel has at least 3 neighbours, then it represents a bifurcation. If the pixel has 2 neighbours, then
it is an intermediary pixel. A minutia point detection process is described in Fig. 2.17.

The identification process is followed by the minutiae matching. In [91] we develop some
minutiae-based fingerprint matching approaches based on neural networks. The modeled NN-
based classifiers operated on minutiae-based feature vectors obtained using some Zernike
moments. We will not insist on those NN-based recognition techniques here, describing the most
recently developed fingerprint matching approach instead.

So, in selected paper 4 (Barbu 2011[38]) we introduce a robust fingerprint recognition
system based on minutia point matching. In its feature extraction stage, one models the
fingerprint feature vector on the basis of the feature vectors corresponding to the detected
minutiae [38]. The sequence of the minutia points identified in the fingerprint F is noted as

{M e M ,E(F) } The fingerprint feature extraction process is modeled as follows:
VF) =NV MP),..V(ME,))] (2.24)

where V (M) represents the feature vector of M, i e[1,m(F)]. Each of these vectors contains

the essential information related to the corresponding minutia: its type (ridge ending,
bifurcation), its position (provided by coordinates) and its orientation, representing the angle of
the minutia tangent and orizontal axis [89,95]. So, the feature vector of a fingerprint minutia is
constructed as:

V(MF)=[Typef , x7,yf,0F | (2.25)

E
i

where Type represents the minutia type of M7, x and y§ are its coordinates, and &

represents the orientation of M. These measures of a minutia, which compose the feature

vector, are represented in Fig. 2.18.
From relations (2.24) and (2.25) we determine the final form of the feature vector of
fingerprint F:

V(F) =[(Type] . X7, .07 ). (Typel ey Xy Yiney - Oy ) (2.26)
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Fig. 2.18. The minutiae used in the matching process

The components M " are arranged in the sequence corresponding to F in the order given
by their coordinates. They were aligned from left to right and from top to the bottom, as follows:

F F F
{xl <L SX << X (2.27)

F F
1= Yi <VYia

Obviously, the fingerprint feature vectors computed by (2.26) represent complex
structures that cannot be classified using conventional metrics. We use the special metric
described in 1.4.2 to measure the distances between these feature vectors [38]. The metric given
by (1.52) took in this case the next form:

m(F,) + m(F,)
2

dv(R).V(F)) = - PV (F).V(F)) (2.28)

where

p(V (F),V(F,)) = card {i < min(m(F), m(FZ)XTypeiFl =Type™, x* =x"2,yr =y 6" =g~ }(2.29)

Then, a supervised fingerprint classification is performed, using the minimum average
distance classifier [38] or the K-NN [61]. So, we may consider a set of input fingerprint images

{F,....,F,} to be authenticated. We model a training set composed of templates representing the
fingerprints of N registered individuals. The training set is obtained as {{T; } , each

T j‘ being the j" template of the i registered user. Each fingerprint is associated to the

registered user corresponding to the minimum average distance between the fingerprint’s feature
vector and the training vectors of that user. Thus, the class of the current input fingerprint results
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n(i) _
D AV (F)V )
as Ciq(¢j) » where ind (j) =arg rr[1in] <1 A ,Vj e [1,n] and the distance function d is
ie[1,N n(1

given by (2.28) - (2.29). Next, a fingerprint verification process is performed within the resulted
N fingerprint classes, C,,...,C,, to validate the identifications [38]. The verification procedure

uses a properly chosen threshold.

We have performed numerous fingerprint recognition tests using the described
authentication approach. Satisfactory results have been obtained and a high recognition rate, of
approximately 90%, has been achieved for this minutiae-based method. One of the FVC2004
fingerprint databases has been used for our recognition experiments. It contains 80 fingerprints
of 10 different fingers, and was created using low cost fingerprint scanners [95].

Our technique produces a low number of false positives and false negatives (missed hits),
obtaining high values for the performance parameters such as Precision, Recall (almost 1) and
the combined F, measure. Also, we have compared this minutiae-based technique with some

other fingerprint recognition algorithms, and found it provides a lower execution time and better
recognition results.

2.3.2. Fingerprint pattern matching using 2D Gabor filtering

The basic fingerprint patterns are arch, whorl and loop. The pattern-based authentication
algorithms compare these basic patterns between a input fingerprint image and a previously
stored template. This is done by registering digital fingerprint images based on a so called “core
point” identified as a reference point in the pattern of fingerprints [96]. Then the fingerprint
image is globally represented by using 2D Gabor filters [90], Fourier descriptors, Wavelet
transforms [99] or the quantified co-sinusoidal triplets.

We approached the pattern-based fingerprint recognition in several papers [53,97-99],
efficient matching techniques based on Gabor filtering and Wavelets being developed. A two-
dimensional Gabor filter based fingerprint pattern matching techniqgue modeled by us is
described in this subsection, while a 2D Wavelet Transform based recognition approach will be
described in 2.3.3.

Some fingerprint pre-processing operations must be performed before the feature
extraction, in order to improve the fingerprint image to a certain standard. We apply three
techniques of preprocessing: normalization, segmentation and reference point detection. By
normalization we improved the contrast of the fingerprint and this was done by distributing the
range of gray levels in the image through the entire [0, 255] range [53,97]. The normalization
form of the initial grayscale image A of dimension [ M x N ] is computed as:

A, j)—min(A)

max(A)—min(a)’ * <EM1VI <L NI (2.30)

A(i, j)=255-

By segmentation one gets the region of interest where the fingerprint is positioned inside
the image, as fingerprint images could contain white regions around the real fingerprints. One
divides the image in [8x8] blocks, computing the percentage of gray level pixels as opposed to
white pixels in each of these blocks and applying a threshold in order to qualify such a block as
belonging to the region of interest (percentage higher than the threshold value) or not.
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The reference point, or core point, of the fingerprint, used as the center of the feature map
corresponding to the fingerprint, is detected as the point where the curvature of the fingerprint
ridge is the most accentuated [53,90]. We construct an orientation map of all ridges in the
fingerprint image and then on this map one detects the pixels for which their orientation is more
different than the one of its neighbors [90,97].

As we have already mentioned, the 2D Gabor filtering represents a very useful tool for
many areas of image processing and analysis. We use it here to extract global and local features
of the fingerprint valleys and ridges. These two-dimensional filters capture local orientation and
frequency information, very useful in characterizing fingerprint patterns [90]. We model an even
symmetric 2D Gabor filter, given by:

2

G, 1y, (X0 Y) = exp(— {X—i +y—iD .cos(2fx, ), (2.31)

X O-y

where X, =xcos@, +ysing, and y, =ycoso, —Xsin @, [53, 98]. The parameter f is determined

in relation with the frequency of the ridges, which corresponds to the average distance between
the ridges. For a 500 dpi image, the average distance between ridges is 8 pixels, hence we

considered the value f =1/8=0.125. We also set 0,=0,= 4 as a compromise between the

robustness to noise and the filtering precision [98]. We also consider 8 orientations for filtering,
therefore {6,,...,0,}={0",22.5",45",67.5,90",112,5 135" ,157,5 }. The fingerprint image
is filtered by convolution with the modeled 2D Gabor filter set, for the 8 considered orientations.

Due to performance reasons, the results of the Gabor filtering cannot be used directly as
feature vectors. Instead, the Gabor filtered image is processed through a grid centered in the core
point of the fingerprint [53]. That rectangular grid is composed of [10 x 10] cells, each cell
having 16 by 16 pixels.

Fig. 2.19. Rectangular grid applied to fingerprint (L), Gabor filtered fingerprint (C), feature map (R)
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For each rectangular cell we calculate the standard deviation of the filtered fingerprint,
which corresponds to the local energy of the Gabor filter response [53]. The collection of
standard deviation values extracted from the grid forms a feature map for the fingerprint. There
are obtained 8 such feature maps, one for each orientation. In Fig. 2.19 one can see the applied
grid, the filtering result and the obtained feature map.

On the basis of these feature maps, we create a tridimensional feature vector for each
fingerprint [53,98]. Therefore, for the analyzed fingerprint A, its 3D feature vector is modeled as
follows:

V(A)x, y,i]=H,(A) Vi e[18] (2.32)

where H,(A) is the feature map of fingerprint A corresponding to the &, orientation of the

Gabor filter defined by (2.31). To measure the distance between two such feature vectors, the
sum of absolute differences (SAD) between the vector components is used as a metric.

This pattern feature extraction is followed by a supervised classification of these 3D
fingerprint feature vectors. The input fingerprints {Aa,..., An} are classified using a training set of

based recognition case. Each fingerprint A; has to be inserted into the fingerprint class Cingg),

> dv (A, v (amp )
where ind(j)=arg min, ot =0

fingerprint verification process is performed using the already described threshold-based
algorithm, the proper threshold value being detected automatically, as in (2.3).

A lot of fingerprint recognition experiments have been performed using the proposed
approach, satisfactory results being obtained. The described recognition method has been applied
to a database of 140 fingerprint images of 300 by 600 pixels including multiple images selected
for each finger of 5 individuals. The experiments produced an authentication rate of over 80%.

Using a larger number of orientations for the Gabor filters can increase the recognition rate
of our technique at the expense of computational time. The complexity of the 2D Gabor filtering
in one direction is of the order O(n), as it is normalization and segmentation, while the detection
of the reference point has a complexity of O(n?).

,Vj e [1,n] and function d is the SAD metric. The

2.3.3. Pattern-based fingerprint recognition using 2D Wavelet Decomposition

The wavelet features are used by certain minutiae-based recognition techniques. While
minutiae-based fingerprint authentication uses both 1D and 2D wavelet analysis [100], the
pattern based fingerprint recognition uses the two-dimensional wavelet transforms only [101,
102]. In [99] we proposed a fingerprint authentication technique based on 2D — DWT.,

The 2D Discrete Wavelet Transform (2D DWT) represents a multi-resolution analysis
technique for two-dimensional signals. Applying a multi-level 2D DWT decomposition on a
digital image produces its conversion from the spatial domain into the frequency domain, while
providing a series of sub-images known also as sub-bands [101]. The implementation of the
Discrete Wavelet Transform is performed by using two filters for 2D signal processing: a low-
pass filter and a high-pass filter. The discrete wavelet analysis passes the two-dimensional signal
through these two complementary filters, the result of this processing being two 2D distinct
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signals. The first filter extracts the low frequency components, the most important ones, known
as approximations of the 2D signals. The second one extracts the high frequency components,
known as the details of such signals. In Fig. 2.20 one describes the block diagram of the
decomposition of a two-dimensional discrete signal S on the basis of these two types of digital
filters. The two resulted component signals are A, containing the approximations of signal S,
respectively D, containing the details of the same signal [53,99]. The decomposition process may
continue iteratively on several levels, the approximations’ component signal, A, being the one
reprocessed through DWT. At each level the approximations’ signal is filtered and decomposed
in the two 2D signals of lower resolution, and so on.

h S
j FILTER I—C

lowpass highpass

T

Fig. 2.20. Wavelet decomposition of a signal

The wavelet decomposition tree corresponding to an image | is schematically represented
in Fig. 2.21. In the next figure one can see 3 decomposition levels.

s

A1 D1
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-
-

Fig. 2.21. DWT decomposition tree of the digital image |
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We applied such DWT decompositions in the process of their recognition. In Fig. 2.21
there is represented an example of Discrete Wavelet Transformation on 4 levels for a fingerprint
image.

Fig. 2.22. DWT decomposition of a fingerprint

The preprocessing operations described in 2.3.2 are performed in this case, too. The most
important of them is reference point detection. After preprocessing stage one models a feature
vector on the basis of the wavelet characteristics of the preprocessed image. In our approach
[99], we cut a [MxN] rectangular region inside the fingerprint F, centered on the identified
reference point. Resulted image was then divided into non-overlapping [K X K] blocks [99].

For each B, from the sequence of resulted blocks {B,,..,B,}, we apply the multi-
resolution 2D-DWT analysis down to the k level. So, we start with Al = B, , and on each level j
the current block A}fl is decomposed in the sub-images A} and D; corresponding to
approximations and details. From here on we take into consideration only the sub-images
corresponding to the resulted details, {Dli veeey Dy } for each of them computing the normalized

energy. The obtained sequence of the k values is considered as the feature vector of the block B; .

The feature vector of the fingerprint results by concatenating the vectors belonging to each
component block, and this is done by placing them on the rows of a matrix [53,99]. The model of
the wavelet-based feature extraction for the F fingerprint image is given by:

VP, il=vB)li] viel,n] jeLk] (2.33)
where
D'
V(Bi)[j]zw,we[l,n],je[l,k] (2.34)
2 |od,
t=1
and ||||2 represents the Euclidean norm of the signal taken as an argument [53,99].
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The 2D fingerprint feature vector V(F) resulted from (2.33), has a [n x< k] dimension and

a high discrimination power between fingerprints because it approximates the energy of the
fingerprint image on several levels. The distances between these fingerprint feature vectors can
be measured using the Euclidean distance (and its variants) or SAD.

The fingerprint identification is performed by applying a similar minimum average
distance based supervised classification procedure to these DWT-based feature vectors [99]. A
K-NN feature vector classification could also be performed in this case. A threshold-based
fingerprint verification operation is performed next, to validate the identifications [53,99].

The pattern-based authentication technique described here has been tested on many
fingerprint datasets. The numerous performed experiments produced satisfactory results. A high
fingerprint recognition rate, of approximately 85%, has been achieved and also high values have
been obtained for Precision and Recall parameters. The same database as in the previous case,
containing 140 fingerprint images of size [300 x 600], including 10 images per finger of 5
individuals, has been used for these tests. These images have been selected from database based
on the fingerprint pattern inside the image, being preferred those having the reference point
located close to image center. The poor quality images or those having the core point too close to
their margins have been rejected. The reference point detection process executes quite fast, its
execution taking approximately 1.5 seconds. The detection algorithm has a complexity of O(n?).

2.4. Multi-modal biometric technologies

The unimodal biometric systems must deal with various problems, such as the noisy
biometric data, intra-class variability, inter-class similarity, restricted degrees of freedom, non-
universality, spoof attacks and unacceptable error rates. Multimodal biometrics was introduced
to address some of these limitations [103].

A multimodal biometric system can be understood in various ways. Thus, one
distinguishes the following multimodal biometric system categories: multi-sensor systems, which
have multiple sensors (optic, chip-based, ultrasound-based and others); multi-method systems,
using multiple feature vector classification techniques; multi-sample systems, using various
samples of the same identifier; multi-characteristic systems, using data from multiple biometric
identifiers [103].

The architecture of a generic biometric system consists of four main modules: sensor
module, feature extraction module, matching (classification) module and decision (verification)
module. Biometric information fusion represents an important process performed within a
multimodal biometric system. The information fusion can occur in any of the mentioned modules
[103,104]. The fusion at the sensor level consists of fusing the biometric data originating from
multiple sources (sensors). The fusion at the feature extractor level unifies the feature vectors
computed for multiple identifiers. Classifier level fusion consists of combining the results
generated by more classifiers. The decision level fusion combines the obtained authentication
decisions using techniques like that based on majority vote [103,104].

Obviously, performing the integration of the biometric information at the first levels would
produce optimal recognition results, because the feature set contains more information about
input data than the matching score or the output decision. Unfortunately, the low level fusion is
difficult to achieve because of incompatibilities between feature vectors corresponding to
different biometric identifiers. Also, the fusion at the decision level is considered too rigid due
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to the availability of limited information. For this reason, the fusion is performed more often at
the matching module level [103,104].

Combining multiple classifiers can be performed using fusion techniques such as simple
sum rule [105], HyperBF networks [106], Borda count based methods [107], and other
approaches [103,104]. The fusion strategies at the decision level include, besides the already
mentioned majority voting, the behavior knowledge space method [108], the AND/OR rules
[109] and weighted voting based on Dempster-Shafer theory of evidence [110].

In our 2012 book we provided an overview of the multimodal biometrics. Also, we
considered multimodal biometric systems based on the three biometric identifiers (voice, face
and fingerprints) and their corresponding authentication techniques [53]. Various multimodal
biometric systems could be developed using voice, face and fingerprints [111], or combinations
of two of the three biometrics. Thus, there exist numerous bimodal systems based on speech and
face [112], voice and fingerprint [113], or face and fingerprint [114].

We have combined the unimodal biometric systems described in the previous sections of
this chapter to obtain more complex multimodal recognition systems. Thus, in [91,115] we
describe some multimodal biometric systems based on voice, face and fingerprint recognition
methods. Our multi-characteristic systems contain some text-dependent voice authentication
components based on the described DDMFCC-based speech analysis. The facial recognition is
performed by using parts-based representation methods and a manifold learning approach. The
fingerprint recognition performed within these systems is approached by minutiae detection and
matching technique using neural networks [91]. The biometric information fusion is applied at
the decision level, the final decision being taken by using a majority voting technique applied to
the three biometric identifiers [91,115]. The developed multimodal biometric authentication
approach achieved a high person recognition rate, of about 92%.

VOCAL BASE
SENSOR
W’ — FEATURE EXTRACTOR IFIER VERIFICATION —— |IDECISION
®_}E_}._}. ®—}.—}. ©— W] ._}DEC'S'{’“ {+3—= Decision
SENSOR Decision Decision
9 —_— FEAIURE EXTRACTOR IFIER VERIFICATIUN ——[DECISION
FACE BASE

Fig. 2.23. Bimodal biometric system based on voice and face identifiers
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Bimodal recognition solutions are also proposed in some of our papers. Thus, such a
biometric system, using DDMFCC — based voice recognition and minutiae-based fingerprint
matching, and a majority voting based decision, is proposed by us in [113].

Another bimodal biometric system developed by us, which combine a mel-cepstral based
voice recognition technique and an eigenimage-based facial recognition approach is provided in
[116]. The architecture of such a bimodal authentication system, based on speech and face, is
described in our 2012 book [53], its scheme being displayed in Fig. 2.23. In this figure there are
represented the possible fusion processes performed at the four modules of the multimodal
biometric system [53].

We also developed several multimodal biometric systems having a multi-method
character. Thus, in [59] we model an improved speaker recognition system using a combination
of voice authentication techniques. These recognition approaches, based on DDMFCC analysis,
LPC analysis, AR coefficients with trained NN (such as ART, MLP and RBF networks), and
vowel preponderance, are executed and their recognition results are weighted and aggregated in a
decision system [59,60].

Another multi-method biometric system constructed by us represents a bimodal pattern-
based fingerprint matching system [53,97]. The modeled fingerprint authentication technology
combines the two pattern-based fingerprint recognition algorithms, based on 2D Gabor filtering
and the 2D Wavelet Decomposition, respectively. The flow diagram of the resulted aggregated
fingerprint recognition scheme is displayed in Fig. 2.24.
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Fig. 2.24. Bimodal fingerprint recognition system based on 2D Gabor filters and Wavelet Decomposition

We also combined these two multi-method bimodal systems into a more complex multi-
characteristic biometric system based on voice and fingerprint identifiers [97]. Its biometric
fusion technique performed the correlation of the person authentication results produced by the
voice recognition system and the fingerprint matching system. Those results were correlated at
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the decision module level, using a weighted inference system based on Dempster-Shafer
evidence theory [97].

Combining multiple biometrics and biometric recognition approaches could enhance
considerably the performance and accuracy of the human authentication process. Our multimodal
biometric systems achieve much better recognition results and obtain higher recognition rates
than each of their unimodal authentication components.

Our biometric authentication could be improved further by adding new identifiers and
algorithms. Thus, we intend to obtain more satisfactory results in the iris recognition subdomain
[54,117], such that to successfully include the person authentication techniques based on this
biometric identifier (iris) into much more complex multimodal biometric systems that make also
use of speech, face and fingerprint biometrics.

2.5. Conclusions

We have conducted extensive research in the biometrics domain in the last ten years. The
most important research results, disseminated in 25 scientific publications (books, chapters,
articles published in international journals and conference proceedings) have been described in
this chapter. We brought important contributions to this research field, developing many
unimodal and multimodal person authentication techniques based on various biometric
identifiers.

The most reliable biometric recognition results were obtained for three identifiers: voice,
face and fingerprints. We performed three types of tasks in this area: development of unimodal
biometric systems; modeling unsupervised person recognition approaches; development of
multimodal biometrics technologies. Each unimodal biometric system being based on a
supervised recognition technique involving a single identifier, we developed several supervised
voice, face and fingerprint recognition models that outperform existing approaches.

While most speaker recognition systems use same-sized 1D vocal feature vectors, our
proposed (text-dependent) voice recognition models compute robust different-sized 2D feature
vectors through an original DDMFCC-based voice analysis. Since conventional metrics do not
work for these speech feature vectors, we have created the Hausdorff-derived metric described in
previous chapter, especially for them. While the eigenimage-based face authentication system
represents our main contribution in the face recognition domain, the 2D Gabor filter-based facial
recognition technique constitutes another original contribution, too. We also developed some
novel and effective fingerprint recognition systems. The complex minutiae-based fingerprint
feature vectors, modeled by our minutia matching system and classified by using a special
metric, represent our most important contribution in this field. We also constructed pattern-
matching based fingerprint recognition models using feature vectors obtained from 2D Gabor
filter-based and 2D-DWT based feature extractions. All these biometric authentication systems
perform supervised feature vector classification processes that use a minimum average distance
classifier developed by us, besides the well-known K-NN classifier.

The proposed unsupervised biometric recognition methods, representing also important
contributions, are based on voice and face identifiers and use the validity-index based automatic
clustering algorithms developed by us. The special metrics constructed for the DDMFCC-based
2D voice feature vectors and the SIFT-based face feature vectors are applied in the clustering
processes. Because of their automatic character, these unsupervised person recognition
approaches could be used successfully for indexing voluminous voice and face databases, by
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constructing speaker and face cluster-based indexes. Some unsupervised biometric recognition
models based on fingerprints can also be developed, by applying our automatic clustering
procedures to minutia-based or pattern-based fingerprint feature vectors.

We also developed some effective multimodal biometric solutions based on various
combinations of voice, face and fingerprints or various combinations of biometric authentication
techniques. These multi-characteristic and multi-method biometric systems produce enhanced
person recognition results. Usually, our multimodal person authentication techniques perform the
biometric information fusion at the classifier or decision level. The fusion at lower levels will be
investigated during our future research in multimodal biometrics domain.

Some part of my research in the biometrics field has been only mentioned and not
described in this thesis. For example, our iris recognition and text-independent voice recognition
results were not described here. This is due to space reasons, since this part of the thesis is
limited to a number of characters, and also because |1 am not satisfied enough with these results
and intend to further improve those recognition techniques in the future.
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3. Image analysis based computer vision models

The goal of the computer vision domain is to duplicate the human vision. It includes real-
world image and video acquiring, processing, analyzing and interpretation techniques in order to
produce representation of objects in the world [118]. Computer vision field has important
applications in several strongly related domains such as artificial intelligence, robotics and
human-computer interaction. Digital signal processing is also closely related to computer vision,
but mainly through its 2D signal processing and analysis techniques. While unidimensional
signals are rarely used in computer vision applications, image analysis represents the most
closely related field to computer vision.

A typical computer vision system performs an image/video acquisition process first, using
its sensors, then it executes some pre-processing operations on the acquired data, such as image
denoising/restoration or contrast enhancement. Next, certain image and video analysis tasks are
performed by the system. Some typical tasks of a computer vision system include image
reconstruction, object and event detection, motion estimation, video tracking, object and action
recognition, learning, or content-based indexing and retrieval.

We have investigated most of these computer vision domains, the image analysis
techniques related to them and developed by us being described in the following sections of this
chapter. The image segmentation field is approached in the next section, where our region-based
and contour-based segmentation solutions are described, while the video segmentation domain is
described in 3.2, where our automatic temporal video segmentation technique is presented.
Image reconstruction, or inpainting, is approached using some robust variational PDE models
that are detailed in the third section. In 3.4 we consider the object recognition domain, presenting
some methods of recognizing objects from digital images and video sequences. Multimedia
information indexing and retrieval, another important computer vision area, is considered in
section 3.5, where we describe some content-based media indexing and retrieval techniques
developed by us. In the last section of this chapter, our proposed image and video object
detection and tracking approaches are presented.

3.1. Novel image segmentation techniques

Image segmentation represents an important image analysis domain that is useful to many
other computer vision fields. The segmentation refers to the process of partitioning a digital
image into multiple segments, or regions, which represent sets of pixels [118]. All the pixels in a
region are similar with respect to some characteristic or computed property, such as color,
intensity, or texture. Obviously, image object detection constitutes the main application area of
image segmentation.

The image segmentation algorithms can be classified into two major categories: region-
based and contour-based techniques. Region-based methods provide a set of regions that
collectively cover the entire image. They include histogram-based [119], clustering based [120],
graph partitioning based [121], watershed based and neural network based techniques. The
contour-based segmentation approaches provide a set of contours extracted from the image. Most
of them use edge detection filters [122], partial differential equation-based models [123] or
active contours (snakes) for the segmentation process [124].

Region-based image segmentation domain is approached in the next subsection. We
developed some robust region-based segmentation techniques using pixel clustering, which are
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described in 3.1.1. Then, in 3.1.2, our contributions in the contour-based image segmentation
field are illustrated. A developed robust variational PDE contour tracking model is described
there.

3.1.1. Automatic region-based image segmentation methods

We proposed several region-based image segmentation techniques in our past papers
[33,42,125], all of them representing clustering-based approaches. The segmentation methods
from this category compute a content-based feature vector for each image pixel. Such a feature
vector may contain information of color, intensity, texture or other image content characteristics.
All the pixel feature vectors are grouped in a number of classes using a clustering algorithm. The
image segments (regions) are determined on the basis of the obtained pixel clusters.

The segmentation approaches proposed by us are based on color/intensity regions and
textured regions, respectively [125,126]. They consider a [n X n] neighborhood, where n is an
odd value, for each pixel. Then, a feature vector that describes properly the content of this
neighborhood is computed. If the image does not contain textured regions, then the feature
extraction becomes a quite easy task. A statistic value of the neighborhood, such as the mean or
the median, can be considered as a feature vector [125]. Otherwise, a texture analysis is required
to obtain the proper feature vectors.

Image texture, defined as a function of the spatial variation in pixel intensities, is useful in
a variety of applications and constitutes a subject of intense study by many researchers. Texture
segmentation, representing the process of dividing the image space into texture regions, has been
a topic of intensive research for over four decades [127]. Texture analysis has been approached
using various techniques based on Gabor filtering [128], Wavelet Transforms [129], image
moments [127], Fourier descriptors [130], geometrical approaches [131], co-occurrence matrices
[132] or correlation operations [127].

In [33,42] we provided some moment-based texture segmentation techniques. Our
methods are based on the representation theorem that says a texture region is unique determined
by an infinite set of moments. The image to be segmented is converted into the grayscale form.
Then, it is enhanced, by applying some denoising and restoration operations. Let | be such an
enhanced [X xY] grayscale image. For each pixel of | we consider a square [(2N +1)x (2N +1)]

neighborhood having that pixel located at its center, the value of N depending on texture density.
So, for the i™" pixel of the image, the discrete area moment of order (p+q) of its neighborhood is

x=X;+N y=y; +N

M= > 2 1(xy)x"-y% p.q=0 (31)

x=x—N y=y, -N

where (x,,y,) returns the position of the i pixel in the image. In [33] we model the texture-
based pixel feature vector as a sequence of 9 particular image area moments up to the order 4:

V(i) =LMoo (i), Moy (1), Mo, (i), My (1), My (1), My, (1), My (1), M5, (1), My, ()] (3-2)

.....

unsupervised classification of its components. We consider both automatic and semi-automatic
clustering solutions for these moment-based feature vectors [33].

79



In the semi-automatic case, the user indicates the number of texture clusters, K, after
visualizing the displayed image. Then, a K-means algorithm or a region-growing procedure that
stops when the number of clusters becomes K is applied to the pixel feature vector set [33,125].
In the automatic clustering case no interactivity is required and the image is not displayed. The
automatic unsupervised classification algorithm described in 1.4.3 is used to cluster the feature
vectors V(i) [33]. The Euclidian metric is used in the classification processes to measure the
distance between feature vectors.

Each obtained class (cluster) of pixels represents a certain texture. The K classes being
determined, the identification of the textured regions becomes an easy task. Any two 4-adjacent
pixels from the same class must belong to the same image region (segment).

This moment-based texture segmentation approach produced quite satisfactory results but
we have been trying to improve it by modifying the moment-based feature extraction and the
clustering solution. Thus, in a following paper [126] we develop more complex texture feature
vectors, based on discrete modified centered area moments up to order 5. The feature vector
corresponding to the i pixel is computed as the next 6-uple:

V (i) = [0 () 202 (1), 20, (1), 2125 (V). 255 (0), s ()] i e 11, X Y] (3.3)

where the modified centered moments are obtained as:

x=X;+N y=y;+N _ p -C q
ZMOEED MDD I(X,y)-[x CXJ -(y VJ , p.q=0 (3.4)

x=X;—N y=y;—N O-x O-y

where the coordinates of the center of gravity (centroid) are computed as:

C,=—2 C, = (3.5)

and the standard deviations in the x and y directions are

o, = Hao o, = //Uoz (3.6)
mOO mOO

where the centered moments are

x=X;+N y=y;+N

,Llpq(i)z Z z |(X,y)-(X—CX)p-(y—Cy)q’ p,qZO (37)

x=x—-N y=y;-N

As resulting from the moment representation theorem, if more higher order z (i)

moments are included into V (i) sequence, this feature vector would become a more powerful

texture descriptor [126]. The main disadvantage of more complex feature vectors is the high
computational cost of the texture analysis process. The computing of these texture feature vector
coefficients 4, (i) is time-consuming, requiring many operations. Its algorithm has a polynomial
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time complexity. The computational complexity for each moment has the order O(p-q-n?),
where n represents here the number of pixels from a neighborhood. So, we get n= (2N +1)* and
the time complexity is O(p-qg- (2N +1)%).

The feature vector classification process is then performed in [126] by using the validation
index-based automatic clustering technique described in 1.4.4. It applies repeatedly a K-means

achieved. The final image segmentation result is obtained easily from the determined K texture
classes. A robust investigation of the feature vector clustering process complexity is also
provided in my paper [126].

This centered moment-based approach provides better texture recognition results than the
previously described moment-based technique. We performed a lot of experiments, testing this
method on tens images containing textures. Satisfactory results were obtained, a high texture
recognition rate, over 80%, being achieved. We set the values T = 25 (see 1.4.4) and N = 2 for
the tests, but if the analyzed texture has quite large structural units, then N should be increased.
The homogeneous (intensity) regions are also successfully detected using this approach. Our
segmentation model outperforms other techniques based on moments [127], Gabor filters [128]
or DWT-2D [129], as resulting from our method comparison.

Such a texture recognition example is depicted in Fig 3.1. The color textured image
displayed in (a) is converted to the grayscale form in (b). The 3 detected texture classes are
represented in (c) and the resulted 4 texture regions are depicted in (d). One can see that 2
identified texture regions of the image, which are labeled with 1, belong to the same texture
class.

b) Grayscale farm

¢) Texture classes d) Detected textured regions

Fig. 3.1. Texture segmentation example
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3.1.2. Level set based contour tracking model

The contour-based image segmentation domain has also been widely investigated during
our research. Thus, our PDE-based restoration models described in the second chapter could be
applied successfully in this research field. The nonlinear diffusion-based techniques presented in
1.2 [8] and the variational PDE denoising models described in 1.3 [11] have a strong edge-
preserving character, therefore they can be used for image edge detection. The region boundaries
and these identified edges being closely related, the image segmentation process becomes a quite
easy task.

Other PDE-based segmentation solutions are based on parametric, fast marching [133] and
level-set techniques [123]. We developed a robust level-set based image segmentation approach
that is described in the selected paper 5 published in [134]. Initially introduced by Osher and
Sethian in 1988 to track the moving interfaces [135], the level-set algorithms have since become
a powerful tool for performing contour evolution. The central idea of the level-set based method
is to represent the evolving contour using a signed function whose zero level corresponds to the
actual contour.

The variational level-set techniques perform image object contour tracking by considering
a level set function that minimizes some energy functional. A very popular variational level-set
algorithm is the one elaborated by Chan and Vese [136]. Their algorithm is based on the classical
Mumford-Shah segmentation model [137] and the level sets. It represents a geometric active
contour model that uses variational calculus approaches to evolve the level set function. Our
contour-based PDE segmentation technique is derived from this Chan-Vese level-set model,
representing an improved version of it. Also, in [134] we provide a rigorous mathematical
justification for the proposed level-set based contour detection procedure and for Chan-Vese
model also. We consider the following energy functional:

F.(p)= u[|VH, (p)dxdy +v [ H, (p)dxdy + 4 [ (u, — C,(¢))* H, (@)dxdy +

) (38)
+ 25 [ (Ug = C, (@) (1= H, (p))dxdy + 4, [ p*dxdy

where @(x,y) is a level-set function defining the contour dw = {(x,y)e 2 p(x,y)=0},

-1
QcR?* H, (U)=cau+ % + iarctan(gj v, A >0,C (@)= _[uoH (Q)dxdy(juoH (Q)dxdyJ
T & o o

-1
and C,(p)= Iuo(l— H ((p))dxdy[j @-H (Q))dxdyJ . The last term is added in order to
Q Q

regularize the problem and, more precisely, the Euler-Lagrange equations, for giving the
mathematical justification. Then, the functional is rewritten as:

F.(p) = 1] 5|V pldxdy +v [ H_(p)dxdy + 4 [ (u, — C, (@) H, (p)dxdy +

3.9
+ [ (25 (uy = C, (@) (L= H, (p)) + A )dxdy )

82



Then, we consider in [134] the following minimization problem that has to be solved:

@, =argmin{F.(p), ¢ € BV ()} (3.10)

where BV (QQ) is the space of functions with bounded variations in €. In our paper we
demonstrate that there is at least one minimizer ¢, for (3.10) (see [134] for more). The Euler-
Lagrange equations corresponding to this minimization problem are then determined as:

~ udiv(S, (9,)sI(V@,)) + 15, (9,)]+ 3, (9,) + 22,0, + 24 (C,(0,) - Uy )C, (9,) +
+2(Co(0.) =g ) (0. )~ H, (9.))+ (4 (Co(0.) Uy ) +4,(C,(0.) ~,))5, (9,) = 0

We use the steepest descent method to compute the solution of (3.11) and obtain the
evolution equation:

(3.11)

a@%+ F. () =0,in (0,T)=x O
?,(0,%,Y) = @, (X, y),in Q (3.12)

9P: _0,in (0,T)x o0
on

Then, (3.12) is solved by the following iterative sequence of equations:

( k
%+ F, (¢)=0,in (0,T)xQ
. Pk (0,-) = @5, IN Q (3.13)
op, :
2 =0,in (0, T)xoQ

“

where X = %J;T o, (gofl (t))jt. In [134] one proves rigorously that the Cauchy problem

given by (3.13) is well-posed in the space BV (€2) and the following gradient descent algorithm
is convergent:

@, (k+1)At) = ¢, (kAt) — AtF,_ (¢, (k +1)At)) (3.14)

This level-set based segmentation model is then discretized, and the following numerical

scheme that computes the level-function @, is obtained:
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+ 24, (C, (")~ U )Ci(@"H, (9") + 2, (C, (") — Up)C; (0" ))(1—Hh(¢> ))

WhereA{@i,j:@J ¢|1J’AX¢|J (Di+l,j_¢i,j;A{¢i,j:¢ij ¢|11’Ay¢|1 =@ij1—Pij-

(a)
(b)

(e)

Fig. 3.2. Method comparison: a) Image to be segmented and initial contour at first step; b) Our method:
step 300; ¢) Our method: step 800; d) Chan-Vese algorithm: step 300; e) Chan-Vese algorithm: step 800.
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The obtained iterative algorithm has been tested on various image datasets, being applied
with the following parameters: 4, =4, =4, =1, 4 =0.2,v =01t =1 At =0.1 and N = 1000. A

lot of contour tracking experiments have been performed, satisfactory results being achieved. A
high object detection rate, of approximately 90%, is reached, and high values for the
performance parameters are also obtained: Precision = 0.91 and Recall = 0.85. So, the proposed
technique tracks the most relevant objects while identifying more relevant results than irrelevant.

Method comparisons have also been performed. The contour tracking approach described
here provides much better results than other active contour based methods. The performed
experiments prove that our level-set segmentation technique performs better than influential
Chan-Vese contour-based model [136]. Thus, it provides a higher object detection rate and also
executes somewhat faster, identifying the contours in a lower number of iterations. Thus, our
variational approach can be seen as an improved variant of the Chan-Vese model.

A contour tracking example and method comparison is represented in Fig. 3.2. In (a) there
is displayed an image containing human cells that must be segmented. The initial contour is also
depicted in red. The cell segmentation results obtained by our level-set based approach after 300
and 800 iterations are described in (b) and (c). One can see that all the cells are detected. The cell
tracking results produced by the Chan-Vese method are displayed in (d) and (e). The parameters
used for Chan-Vese procedure are A, = A, =1, z=0.5,v =0, At = 0.1. The Chan-Vese

algorithm cannot segment all these cells in the same number of steps.

Also, the method described here outperforms also other active contour based techniques
[124,138]. This image segmentation technique using contour tracking has important computer
vision application areas, such as robotics, video object detection and tracking, object
interpretation, biometrics and medical computer vision.

3.2. Temporal video segmentation approaches

While in the previous section we described several segmentation solutions for digital
images, the segmentation of the video sequences is described in this section. We approached in
some of our papers the temporal video segmentation domain [33,139,140]. Temporal video
segmentation has been an area of active research in the last decades. It represents a key step in
video analysis, being successfully applied in various important video analysis domains, such as
video key frame extraction [141], video compression, video indexing [142], video content
browsing and retrieval [143], or video object detection and tracking [144].

This type of video segmentation consists in partitioning the movie in temporal segments,
like shots and scenes. The video shot, sometimes referred as basic scene, represents the
elemental unit of the video clip and refers to a continuous sequence of frames, shot
uninterruptedly by one camera. The video scene represents a succession of several semantically-
correlated shots. Shot transitions are the mechanism used to change from one shot to the next in a
video production. The video shots are assembled during the editing phase using a variety of
technologies that produce different types of shot transitions.

These transition types can be broken basically into three categories: hard cuts, soft cuts
and digital effects. A hard cut, simply referred as cut, represents a sudden transition from one
video shot to another, and is the most common shot transition. A soft cut represents a gradual
transition between two shots, which means a sequence of video frames that belongs to both the
first and the second video shot. There exist two types of soft cuts: fades and dissolves. A fade
comes in two varieties: fade-in and fade-out. A fade-in starts from a solid color screen and
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slowly transitions to a shot. A fade-out starts with a shot and transitions to a solid color. A
dissolve (cross-fade) occurs when the two video shots overlap for a period of time, the first one
dissolving into the second one. Digital effects for shot transition include wipes, color
replacement, animated effects, pixelization, focus drops, lighting effects, pushes, page peels,
spirals, irises and others.

Obviously, a shot-based video segmentation (video shot detection) process consists of
identifying all the shot transitions within a video sequence. Video cut detection methods can be
grouped in the following categories: pixel-difference based techniques, histogram comparison
based methods, edge-oriented models, motion-based techniques and statistical feature-based
approaches.

In my selected paper 6 [139] a review of all these categories, describing their video shot
identification techniques, is provided. Some histogram-based approaches considered by us are
described in the next subsection. A much more efficient video segmentation technique, which
uses a 2D Gabor filtering based frame feature extraction and an automatic video frame
classification, is described in 3.2.2.

3.2.1. Histogram comparison based shot detection techniques

The most popular video cut detection techniques are those based on different types of
histograms. Intensity and color histogram based methods represent a good alternative to pixel-
based approaches, providing better results.

Numerous distance formulas have been modeled for measuring the similarity of grayscale
(color) histograms corresponding to consecutive frames in a movie. Besides Euclidian metric, we
must mention the histogram differences, the histogram intersection and the histogram quadratic
distance. Also, other types of image histograms, like YUV histograms, weighted histograms
[145] or multiresolution histograms [146] are used as well by the video cut detection algorithms.

A histogram-based video cut detection technique is proposed in my 2006 book [33]. The
grayscale histogram of each video frame is considered as a frame feature vector. The distances
between these feature vectors are computed using Euclidean metric or SAD. Then, two solutions
for frame grouping are provided. The first one represents a semi-automatic approach that sets
interactively the number of videoshots, N, first. Then, the highest N - 1 feature vector distance
values are determined. The values of these locations correspond to the N - 1 video shot
transitions from the analyzed clip. Given the locations of the video cuts, the shot detection
process becomes an easy task.

The other grouping solution is an automatic technique based on local adaptive
thresholding [33]. A video cut is identified whenever the inter-frame difference metric value
exceeds a threshold value. The used threshold is detected automatically, its value depending on
the current pair of consecutive frames.

Both versions of this histogram-based segmentation method were tested on many videos.
They outperform the pixel-difference based techniques using SAD metric, producing much less
false hits and having a higher precision rate. Histogram comparison algorithms provide better
segmentation results than pixel-based approaches because they are not as sensitive to minor
changes within video scenes as pixel based methods. The main drawback of the histogram-based
video cute detection is that the spatial distribution of information is disregarded. Thus, two
images may have quite similar color histograms while their content differs extremely. For
example an image describing a sunflower field beneath a blue sky and an image depicting a sand
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beach near the sea, could have almost the same histogram. Obviously, a lot of missed hits (video
cuts) may result from this situation.

We tried to overcome this disadvantage of color/intensity histograms, by combining
various histograms into a frame feature vector. So, in [147] we model the video frame feature
vectors as the sum of two normalized histograms. The color, or grayscale histogram, is combined
to the DCT histogram into a more efficient image content descriptor.

H.(1;)+H(DCT(,)) for
M -N
each [M x N ] frame 1., are categorized using the semi-automatic grouping approach based on

the number of shots. We obtain better cut detection results using this improved technique, which
are next used for other video analysis processes, like keyframe extraction and video recognition
[147]. More results from this paper [147], related to this computer vision processes, will be
presented in 3.4.2.

| have treated the histogram-based video segmentation algorithms very succinctly in this
short subsection because they do not contain more original contributions. My major contribution
in the temporal video segmentation domain is described in the following, much larger,
subsection.

The video frame feature vectors, computed as V (1,) =

3.2.2. Automatic feature-based video cut identification model

We developed an automatic feature-based video cut detection technique that is described
in [139]. The most important part of our technique is the feature extraction stage, which produces
some content-based feature vectors that provide an optimal frame characterization. We
considered a two-dimensional Gabor filtering-based feature extraction to obtain some good
frame content descriptors. So, the selected paper [139] considers an even-symmetric 2D Gabor
filter having a quite similar form to that given by (2.31):

G, (xy)= exp(—%{i—“%ﬂcos(hfxg), (3.16)

X y

where X, = xsin@+ycos@ and y, = xcos @ — ysin@. Filter G, optimally captures both

local orientation and frequency information from a video frame.

Each frame of the analyzed movie is then filtered by applying G, ; at various orientations
and a given frequency. A set of proper values for the filter’s parameters, obtained from our
experiments, are used [139]. Thus, we set the following values for frequency and the two
standard deviations: f = 16, o, =3,0, =4.5. Also, we propose the following sequence of six

angle orientations: @, = %;92 = %;493 = %;94 = 2?”;495 - 5?”;496 = 7. As a result, we

obtain the following Gabor filter set: {Ggi f } . This even-symmetric 2D Gabor filter set is

ic[1,6]
described in the next figure, Fig. 3.3, where each filter kernel G, ; is represented as a 3D
surface plot.
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Fig. 3.3. The proposed even-symmetric 2D Gabor filter set

Let Vid ={I1,..., In} be the videoclip to be segmented, represented as a video frame
sequence. A 3D feature vector is then computed for each [M X N] frame 1., by processing it

with each filter from the set {G o.f } o1 - 1N feature extraction process can be expressed as

il
follows:
VA Y, 1=V, (1), vx LMLy e[LNLi€[Ln], j <[L6] (3.17)
where
V, (1)=1,*G, , = FFT *|FFT(1)-FFT (G, ,)| (3.18)

The 3D feature vector V(I;), characterized by a [M x N x 6] size, constitutes an optimal
image content descriptor for frame 1,. These Gabor filter based feature vectors are useful tools

for detecting the visual discontinuities in the video content. Similar frames have very closed
feature vectors, while dissimilar frames correspond to quite distanced vectors. The distances
between the 3D feature vectors can be measured using metrics like the Euclidean distance or
SAD [139].
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Fig. 3.4. The proposed even-symmetric 2D Gabor filter set

A grayscale image (frame) | and the six components, which (correspond to the angle
orientations), of its feature vector are displayed in Fig. 3.4. The two-dimensional components,
V, (1), are represented as 3D surfaces.

The next stage of our video cut detection process consists of grouping the frames in the
proper videoshots. In [139] one provides also some frame clustering solutions. The videoshots
have the following property: any two consecutive frames within a shot have very similar content
and any two consecutive frames belonging to different shots have very different content. This
means that any distance between two consecutive feature vectors corresponding to a video cut
must be substantially higher than any distance between two consecutive feature vectors not
related to a cut. This condition can be formalized as follows:

mind(v (1;)V(I;.,)) > max div (1, v(1,.)), (3.19)

where d is a proper metric (Euclidian, SAD) and S represents the cut position set (i € S means a
cut between 1; and I;,, [139,140]. We compute the distance value set D = {d,,...,d, , }, where
d, =d(\v(1,)v(1,,,)). While the semi-automatic frame clustering solution described in the
previous subsection can be applied here easily, using these d, values, we consider in [139] two

automatic no-threshold based feature vector clustering approaches.
As it results from (3.19), the position set S determines two kinds of distance values in the

set D: large distances and small distances. We get D =D, UD,, where D, ={d, |i €S} and
D, ={di i eES}. First approach is based on a condition, usually satisfied by the distances
between frame feature vectors, requiring that for each value from D, the closest distance value
belongs to the same subset, D, or D, [139]. All the performed experiments indicate that this
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condition is true for our Gabor filter-based feature vectors. So, the values from D are sorted in
ascending order, the largest absolute difference between two consecutive values in the sorted

vector being identified. The lower value is the greatest distance from D, while the higher one is

the lowest distance from D, , the two distance subsets thus being determined [139].

The other automatic frame clustering solution applies an hierarchical agglomerative
classification procedure using average linkage clustering to the distance set D, until the number
of distance clusters becomes K = 2. The cluster containing the larger values has to be D,, the

distance subset that determines the cut position set S and the video break detection result (see
[139]).

The described temporal video segmentation technique has been tested on hundreds video
sequences. The performed experiments have provided very good segmentation results. A very
high video cut detection rate and high values for the performance parameters have been
achieved. Thus, we have got the following values Precision = 0.94, Recall = 0.96 and F1 =
0.949, respectively.

Method comparison has been also performed. Our automatic feature-based cut detection
technique outperforms the video cut identification methods based on pixel differences, color
(grayscale) histograms, edge histograms, basic statistical features or likelihood ratio. Those
segmentation algorithms produce more false hits and missed hits, therefore providing lower
values for the three quality measures.

Precision, Recall and F1 values obtained from cut detection experiments using the SAD-
based pixel differences, color histograms (CH), edge histograms (EH), simple statistical
measures (dispersion, mean, variance) (ST) and likelihood ratio (LHR) are registered in Table
3.1. One can see in this table that our cut identification algorithm get much higher values for the
performance parameters.

The techniques using pixel difference and those based on histograms execute somewhat
faster than our algorithm, the complex Gabor filtering related computations performed by our
feature extraction approach requiring more processing time [139]. The segmentation models
based on edge histograms or statistical measures are considerably slower than our video cut
identification technique.

Table 3.1. Method comparison: performance measures of various shot detection algorithms

Technique Precision Recall F1

Our method 0.94 0.96 0.949
SAD 0.78 0.76 0.769
CH 0.75 0.70 0.724
EH 0.80 0.74 0.768
ST 0.64 0.61 0.624
LHR 0.60 0.59 0.595
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In the next figure there is displayed one of our many temporal videoclip segmentation
results [139]. The determined shot cuts of a movie are represented as pairs of frames in Fig. 3.5.
For example, the first two images determine a video break, the third and the fourth indicate
another break and so on. While our technique described here identifies correctly all the 24 shot
cuts of this film, no cuts being missed and no false cuts being detected, the other segmentation
models obtain much weaker results.
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Fig. 3.5. Video cuts (as pairs of frames) corresponding of a movie composed of 25 shots.

The positions of the video cuts described in Fig. 3.5 are displayed in Fig. 3.6. As one can
observe in the last figure, there are many differences between the data represented in the graphs
corresponding to the 6 techniques. The highest 24 distance values are marked in each graph on
the first column of the figure. It is obvious that many high distances displayed in the graphs of
SAD, CH, EH, ST and LHR algorithms do not correspond to video cuts. There are 5 such
distance values for SAD, 8 for CH, 3 for EH, 12 for ST and 14 for LHR [139].
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Fig. 3.6. Method comparison: the video cut detection results of 6 approaches

The method described here has also been tested for other shot transition types. While it
produces optimal cut detection results, our approach performs weaker when applied to gradual
transitions or some digital effects. However, the performed experiments have indicated a
relatively good identification of the starting points of soft transitions like fades and dissolves.
Extending this Gabor filtering based approach in the direction of soft cut detection will constitute
an important task of my future work.
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3.3.  Variational PDE models for image reconstruction

Image reconstruction, known also as image inpainting, represents the computer vision
process of restoring the missing areas of a damaged image as plausibly as possible from the
known zones around them. The image reconstruction techniques are divided into the following
categories: structural inpainting, textural inpainting, and combined approaches that perform
simultaneous structure and texture inpainting.

Texture-based inpainting is highly connected with the problem of texture synthesis. A lot
of texture inpainting algorithms have been proposed since an influential texture synthesis model
was developed by A. Efros and T. Leung [148]. In their approach texture is synthesized in a pixel
by pixel way, by taking existing pixels with similar neighborhoods in a randomized fashion.
Many other texture synthesis algorithms improving the speed and effectiveness of the Efros-
Leung scheme have been elaborated in the last 15 years [149].

Structural inpainting uses PDE-based and variational reconstruction techniques. The PDE
methods follow isophote directions in the image to perform the reconstruction. The first PDE-
based inpainting model was introduced by Bertalmio et al. in [150]. Variational methods for
image reconstruction, which are closely related to the variational denoising models, have been
introduced since 2001, when the Total Variation (TV) inpainting model was proposed by T.
Chan and J. Shen [151]. Their variational scheme fills the missing image regions by minimizing
the total variation, while keeping close to the original image in the known regions. It uses an
Euler-Lagrange equation and anisotropic diffusion based on the strength of the isophotes. The
TV inpainting model has been extended and considerably improved in numerous other papers
[152].

We have proposed a robust variational PDE technique that restores a degraded image that
is observed in a number of points in selected paper 7 [153]. Our approach uses a variational
problem considered in the Sobolev distribution space for which the corresponding Euler-
Lagrange equation is a nonlinear elliptic diffusion equation.

Thus, in [153] the reconstructed image is determined from the following energy
functional minimization:

min{f g(u(x, y))dxdy + %Hu — UoHi; uel*(Q),u—u, eH 1(9)}, (3.20)

where g: R—> R represents a convex and lower semi-continuous function, u is the restored
image and U, is the observed image, characterized by missing zones, on bounded domain

Q — R?. The Euler—Lagrange optimality conditions in (3.20) are given by the elliptic boundary
value problem:

—ALU)+U=u,IinQ
{ £(Uu) =0, 0noQ (3:21)
where £ is the subdifferential of g defined as:
Br)={weR;w(r—s)>g(r)—g(s),VseR (3.22)
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and representing a maximal monotone (multivalued) function. In [153] we then demonstrate,
providing a rigorous mathematical proof, that the minimization problem (3.20) has a unique
solution u*, which satisfies the equation given by (3.21). We prove that the steady-state solution
u* to the following evolution equation:

%U—A,B(u)+u 3 Uy, in (0,00) x Q
u(0,x,y) =Uy(x,y), (xy)eQ (3.23)
u=0, on (0, 0) x Q2

represents also the solution to the equation (3.21) and, respectively to the minimization problem
(3.20) (see [153] for more). The discrete version of the equation (3.23) is provided by the
following steepest descent algorithm:

2u,., —ABWU,.,) =U, +u,, k=1,.. (3.24)

Then, by using Au =—A/(u), this implicit finite difference scheme is next transformed
into the next explicit finite difference scheme:

U, =—hAB(U*)+u*, k=0,1,..,N (3.25)

where N is the number of iterations, t [O,T] and Nh = T. By replacing A to the discretized

1 ..
second order operator, Au = Z(uik—l,j +ufy Ul Ul —4uf ) where uf; =u*(i, j), one

obtains:

UEE =l (AL + AU )+ AU D+ AU —45WE)) (329

If B(r)=r", instead of (3.26) we consider the following explicit finite difference
scheme:

k+1

k k & k Kk Kk k k
i = Ui +a(ui,j) (ui_l,j + U +U;;j,+Uu —4ui,j (3.27)

u i+1, j i, j+1

where « <1 and ¢ < (0,1) respectively.
The image is reconstructed by applying the iterative algorithm given by (3.27) for

k=0,1,..., N — 1. The degraded image u® = U, is transformed into the restored image u" , that is
closed to the original image, in several tens steps [153].
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Fig. 3.7. Image inpainting performed by our variational approach

We have performed numerous inpainting experiments by using this image restoration
algorithm. Our PDE variational technique has been applied on hundreds image containing
missing zones and produced satisfactory reconstruction results. The optimal inpainting results are
obtained for a number of iterations N = 100.

In Fig. 3.7 there is described such an image reconstruction example. The original image is
displayed in (a). In (b) one can see a deteriorated version of that image, containing several
missing zones (black rectangle regions). The image inpainted by the iterative algorithm (3.27) is
displayed in (c). The proposed PDE-based reconstruction technique executes also quite fast,
being characterized by a low time complexity. The running time of our algorithm is less than 1
second.

Method comparisons have also been performed (see [153]). We have compared the
performance of our restoring technique with performances of some other inpainting techniques,
such as TV inpainting [151] and those based on Gaussian processes [154]. We have found that
our restoration approach runs faster that many other algorithms, while producing comparable
good results.

95



(a) Image affected by a missing zone. {b) The GPR inpainting model.

{c) Our restoration algorithm.

Fig. 3.8. Method comparison: inpainting results produced by our method and GPR models

The Gaussian processes represent a powerful prediction method for image inpainting,
being very useful in restoring the missing parts of an image. These non-parametric models can
reconstruct both the structure and texture of the degraded image. Our PDE inpainting approach
has been tested against GP-based restoring techniques for various grayscale images affected by
missing zones [154]. Such a comparison example is represented in the next figure, where our
variational PDE-based restoring algorithm is compared with the Gaussian Process Regression
(GPR) Model [154]. A grayscale image containing a missing region (see the black rectangled
area) is displayed in Fig. 3.8 (a). The image inpainting result produced by the GPR model is
displayed in Fig. 3.8 (b), while the image reconstructed successfully by our variational technique
is represented in Fig. 3.8 (c).

Thus, important theoretical and experimental results have been provided in our selected
paper treating this variational reconstruction model [153]. We intend to improve these results in
our forthcoming works in this domain. Also, we have improved the existing PDE inpainting
models [151, 152], by developing novel variational inpainting schemes based on PDE-based
smoothing. Since variational inpainting is closely related to variational denoising, we have
modified our nonlinear 2"%-order diffusion-based denoising schemes so that to work properly for
reconstruction. Those variational models are successfully adapted for inpainting by incorporating
inpainting masks into their energy functionals. We get the next class of reconstruction processes:

u* = arg min j(a -y, (IVu))+ % 1-1,Yu—u, ) )1(2, (3.28)

where o < (0,1) assures a minimal smoothing outside the missing region related to " mask and
v, is a properly selected edge-stopping function (for example, similar to 1.13). We have also

obtained effective inpainting models from 4"—order PDEs. These new denoising-derived image
inpainting results are disseminated in papers under consideration at journals and conferences.
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3.4. Image and video recognition methods

Media pattern recognition represents an important computer vision domain, which have
been widely investigated during our research activity. In this section we describe our results
obtained in the pattern recognition subdomains related to image and video data. Image and video
recognition field is strongly correlated to other computer vision domains approached by us and
described in the next sections, such as: image and video retrieval, image object detection and
video object tracking.

The recognition of any media entity represents the process of classification of that entity
on the basis of its extracted features. Depending on the character of the classification approach,
the recognition process can be either supervised or unsupervised. Image and video recognition
area include recognition techniques for images, videos, image objects and video objects. A lot of
such recognition methods were proposed in my past papers. | present some of these approaches
in the following subsections. Several automatic image recognition techniques are described in
the next subsection. Then, in 3.4.2, a video sequence recognition approach is presented. Next,
some image and video object recognition models are discussed in the last subsection.

3.4.1. Automatic image recognition techniques

We considered the task of automatic recognition of entire images in some of our past
papers [33,155-159], developing both supervised and unsupervised recognition methods. The
automatic classification algorithms used for image recognition are those described in 1.4, so we
focus on image feature extraction instead. The existing image featuring approaches use various
histograms [160,161], Gabor filtering [77], 2D Wavelets [162], SIFT characteristics [84] and
others. We have provided better feature extraction solutions during our research in this field.

A supervised image recognition system classifies any input image using a training image
set. A feature extraction process is performed on the (input) images to be classified and the
registered images from the training set. Then, any input feature vector is compared to the vectors
from the training feature set. The most supervised image recognition techniques developed by us
are related to biometrics [53]. In the sections 1.2 and 1.3 of the second chapter we have treated
the recognition of images representing biometric identifiers such as faces and fingerprints. The
numerous biometric authentication systems described there, using PCA [75], Gabor [79,80,97],
or Wavelet [97-99] features, and performing identification and verification of faces and
fingerprints, represent examples of efficient supervised image recognition systems.

An unsupervised image recognition procedure performs a clustering within a set of
images, on the basis of their content similarity. It uses no training set and if it has also an
automatic character, no knowledge about clusters’ number is available. We have proposed
several automatic unsupervised image recognition approaches, using various feature extraction
and classification algorithms [33,37,155-159]. Each image is featured by computing a proper
content descriptor for it that is used as a feature vector. Then, all feature vectors are clustered
automatically by using the unsupervised classification techniques described in 1.4.

Thus, in [157] we propose an automatic image recognition method using dispersion-based
features. The task to be solved is formulated for all recognition techniques as following: given a
large image set S ={l,,..., 1.}, its images have to be categorized in some classes, whose number

is not a priori known.
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A grayscale conversion is operated on these images first. Then, each image I, is

decomposed into [a x b] blocks, usually considering a = b. If a perfect division is not possible,
the image could be padded with zeros. The statistical dispersion (standard deviation) of each
block is then computed as the square root of its variance, a dispersion matrix thus being obtained
for each image [155,157]. This matrix is utilized as the image feature vector vV (l,) .

The 2D feature vector classification is performed using the region-growing based
automatic clustering algorithm from 1.4.3 [39]. The obtained classes represent a reliable image
recognition result, each class containing similar regions while non-similar images belong to
different clusters [157]. The performed numerical experiments produced good recognition results
and a quite high recognition rate. Although this approach works properly for large image sets, we
provide here, as an example, a recognition process applied to a small image set. The color
images to be clustered are displayed in Fig. 3.9. The 2D feature vectors are represented as 3D
plots in Fig. 3.10, the distances between them being registered in Table 3.2. The clustering

process using the values of this table provides the image recognition result: I, =1, =1, |, = 1,.

Fig. 3.10. The feature vector set
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Table 3.2. Distances between image feature vectors

vy (V) V() V() | V()

Vv(l,) 0 571.3183 | 293.0381 | 675.6527 | 319.3169

V(l,) | 571.3183 0 599.5098 | 359.3718 | 618.9163

V(l,) | 293.0381 | 599.5098 0 686.5573 | 361.6215

V(l,) | 6756527 | 359.3718 | 686.5573 0 712.8829

V(ly) | 319.3169 | 618.9163 | 361.6215 | 712.8829 0

We also developed some moment-based image recognition approaches [156,158,159]. The
area moments represent not only good texture descriptors but also very good content descriptors,
given the fact that image content is composed of textures, colors and shapes.

Thus, in [158] we propose an automatic moment-based image recognition technique. A
moment-based image analysis similar to that described in subsection 3.1.1 is performed to each

image |,. Its feature vector is modeled as a sequence of 12 moment-based coefficients,

representing normalized centered discrete area moments:

V(1;) = (00 o1 o2+ Moz Thos T Thas Thias Maos M1 Tz 1as) (3.29)
where
Ao (17)
Mg (1) =201 (3.30)
& ,Uooy(li)
where y = P ; g +1, the improved centered moment of (p+q)™ order £, is given by (3.4) and

the centered moment of (p+q)" order AL pq is computed as in (3.7).

The computed feature vector provides a robust image content description [158]. Next, an
automatic feature vector clustering is performed within the feature set {V(I,),...,.V(l1,)}. The

automatic unsupervised classification algorithm presented in 1.4.4, here using a hierarchical
agglomerative procedure with average linkage clustering and a validity index-based measure, is
successfully applied in this case. Euclidian metric is used for measuring the distances between
feature vectors. Automatic clustering makes this method work properly for very large image sets.

We have conducted a lot of recognition experiments, testing the proposed technique on
hundreds large image data sets, and achieved quite satisfactory image recognition results. A high
recognition rate, of approximately 80%, has been also obtained [158,159]. Let us describe a
small recognition example performed by using this moment-based approach.
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Fig. 3.11. Images to be clustered

The distances between feature vectors of the images to be recognized, displayed in Fig. 3.11, are:
dvV(1).V (1) =714, d(V(1,),V(13)) =2.26, d(V (1,),V (1,))=6.45, d(V(1,).V(I5)) =2.77, d(V(1,).V(1,)) =
7.91, d(V(1,)V(1,)=7.5L, d(V(1,).V (1)) =7, dvV(1,).V (1)) =717, d(V (15).V (15)) =2.14, dV(1,)V (15)
= 6.29. The image clusters obtained on the basis of these values are {I,, 1,1} and {1,,1,}.

Another automatic moment-based image recognition technique developed by us is provided in
[156]. The feature vectors are modeled as sequences of normalized centered area moments, but having
different forms than sequences given by (3.29). In the classification stage it uses the automatic feature
vector clustering algorithm from 1.4.3 [39] and provides very good image categorization results [156].

Other image feature vector models, such as those based on various types of histograms, are
provided by us in [147]. Image color/intensity histogram does not represent a satisfactory content
descriptor, for the reasons explained in 4.2.1, so it has to be combined to other image histograms, such
as DCT histogram, to obtain better content descriptors [147]. Also, the 2D Gabor filtering-based 3D
feature vectors modeled for the video shot detection process described in 3.2.2 can be successfully used
for unsupervised content-based image recognition, because they represent robust image content
descriptors [139]. In section 3.5 we will describe some efficient feature vectors based on Gabor filters,
which are used for content-based image retrieval [163].

Image clustering can also be performed by using various image similarity metrics [164]. In [164]
we develop a robust image similarity metric based on SIFT characteristics. The proposed content
similarity metric could be used successfully for performing efficient automatic image recognition.

Another category of image recognition techniques constructed by us is that of color-based
recognition approaches [165]. We have developed several automatic image recognition methods using
LAB color features in the last four years [165-167]. We have replaced RGB color space with LAB in our
image analysis because the characteristics of the LAB color space makes it more suitable for extracting
global color features from a digital image.

Thus, a robust unsupervised color-based image recognition system is proposed in [165]. The
images from a given set S ={l,,..., 1.} are clustered in several categories on the color similarity basis.

First, all these images are converted from RGB to LAB. A certain color is defined in LAB space by a
triplet (L,a,b), where (a,b) can be viewed as a pure color, while L coordinate gives its darkness or
lightness. A reduction of the number of colors is required in order to obtain global characteristics [166].
With the LAB color space, such a reduction can be done by considering only several ab planes from the
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total of 256. We use 8 ab planes corresponding to the following central L values: 16, 48, 80, 112, 144,
176, 208 and 240. Any value of L in an image is forced to take the nearest value from this set. Then, for
each of the 8 ab planes, we construct one planar histogram, having [256 x 256] bins, one for each (a,b)
pair. We clear the bins containing less than 20 points, the planar histogram becoming scarce in values
(with many empty bins). So, we compute one important color for several subsets of possible colors. The
colors in a ab plane are distributed as in Fig. 3.12: red colors in upper right quadrant, and here, at the
border of upper left quadrant, yellow color at higher luminance values; violet nuances in the lower right
quadrant, blue colors in lower left quadrant and green colors in upper left quadrant. Black and white
appear in planes with the lowest and highest luminance, and gray tones appear mostly toward center of
ab planes.

Fig. 3.12. Color distribution for L=134 ab plane

So, we consider each quadrant of an ab plane as an independent subset of colors. As we
take into consideration 8 ab planes, we have 32 quadrants where we must identify the most
important colors. For each quadrant a list of (a,b) pairs with corresponding nonzero bins in the
planar histogram is constructed. Then the (a,b) pairs are ordered according to the values in the
bins, the colors with a greater number of corresponding pixels in the image being on top of this
list. Then colors very close in the ab planes are merged in these lists, which became a list of
fewer colors, but with larger counts of pixels. Finally, the top (a,b) pair is taken as the most
important color in the corresponding quadrant. Collecting all the 32 important colors provides us
the following 2D feature vector:

_|a--aag,
V(Ii)—[bliu_b;_”b;j (3.30)

each column representing an important (a;,b,) color. In order to facilitate the image comparison

process, the feature vector components are arranged in order, from lower luminance ab planes to
higher luminance, and clockwise from upper right quadrant to upper left quadrant. This assures
that comparing two similar color components of two images means comparing the distance
between two points in the same ab plane and the same quadrant [165].

Euclidean metric is used for these 2D feature vectors in the classification process. These

101



color-based feature vectors are clustered automatically by applying the validation index based
unsupervised classification model described in subsection 1.4.4. In this case that clustering
technique uses the K-means algorithm as the semi-automatic clustering procedure to be executed
repeatedly [165].

We have obtained satisfactory image clustering results, as resulting from our recognition
experiments. Such a color-based image recognition example is represented in Fig. 3.13. The 9
color images are categorized successfully in 4 classes, representing flowers, horses, vestiges and
beaches, on the color similarity basis. A high image recognition rate (over 80%) and high values
for Precision and Recall performance parameters have been also achieved.

Fig. 3.13. Images clustered in 4 color-based classes

Another successfully variant of this LAB color space based recognition approach is
proposed in [166]. A quite similar feature extraction process is performed, but the LAB color-
based image feature vectors are classified by using the hierarchical agglomerative clustering
solution, instead of K-means, within the automatic clustering technique from 1.4.4. Another
efficient LAB color feature based method developed by us is described in [167]. These LAB
color characteristics are also used by us in the biometric domain, for iris clustering [54]. A color-
based iris image recognition system is proposed in [54]. From the performed method comparison
we have found that our color-based recognition methods outperforms other color image
clustering approaches, such as those based on color histograms or some similarity metrics.

We have described here some robust automatic image recognition approaches using
statistics-based, moment-based, Gabor filtering-based, SIFT-based and LAB color-based feature
extraction processes. They provide good results and high recognition rates, outperforming some
state-of-the-art image recognition techniques. Also, because of their automatic character, our
unsupervised recognition methods work properly for very large image sets or databases. For this
reason they can be applied successfully in content-based image indexing and retrieval areas. So,
cluster-based image indexing as well as content-based image retrieval (CBIR) can be easily
performed using the image recognition results described here, as we will see in the next section.

102



3.4.2. Video sequence recognition approach

Besides static image recognition, we have considered developing some video image
recognition solutions. An unsupervised content-based movie recognition technique is provided in
[147]. Our approach clusters successfully the video sequences on the basis of their content-
similarity.

So, in [147] we consider a set of videos,{Vid, ,...,Vid  }, that must be classified in several
similarity clusters. Each video sequence Vid; could be composed of one or more video shots

[147]. The proposed video analysis algorithm consists of the following processes:

» Video frame feature extraction
= Temporal video segmentation
= Video keyframe extraction

= Movie feature vector modeling
= Video feature vector clustering

In the frame feature extraction stage one computes powerful frame content descriptors that
can be used as feature vectors in the next video analysis processes. Feature extraction could be
performed using the numerous image featuring techniques described in this thesis. In our 2005
paper [147] we considered a histogram-based frame feature extraction, but since then we have
provided much more efficient featuring approaches [155-157,163-166]. We already mentioned in
3.2.1 the feature extraction process from [147], which computes a normalized combination of
color (intensity) histograms and DCT (Discrete Cosinus Transform) histograms. The feature
H_(I.)+H(DCT(I,

o I)+M (NC UD) tor each [M x N frame 1, [147].
A temporal video segmentation process is then performed on each videoclip Vid,, to

determine its shots. In [147] a semi-automatic video cut detection approach, like those described
in 3.2.1, is used. Obviously, our automatic videoshot detection technique developed in 2009 and
presented in 3.2.2 [139] would represent a better segmentation solution in this case.

The analyzed clips may have a large size, which means a great number of frames,
therefore some resumed forms of the videos are used in the recognition process. A resumed form
of the movie Vid,; is determined by computing its keyframes [147]. The video keyframes

comprise the essence of the movie content. The easiest video keyframe detection solution
consists of considering the first frame of each identified videoshot as a keyframe, but this does
not represent always a proper solution.

We could extract more keyframes from each shot by performing a frame clustering
operation within that shot. In [147] we use a semi-automatic hierarchical agglomerative
clustering procedure for frame grouping, the number of clusters being set interactively after
watching the videoshot. This region-growing algorithm could be replaced with one of the
automatic clustering techniques described in 1.4. The first video frame of each cluster is
considered a keyframe of the videoshot [147]. The keyframe set of the movie sequence includes
all keyframes of all the videoshots.

A video feature vector is then modeled for each movie. Therefore, if {I.,..., I;(i)}

vectors are obtained as V (I;) =

represents the keyframe set of Vid,, then the movie feature extraction process is expressed as
[147]:
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V(1)
vV (Vid, ) = |V e[, N] (3.31)
V (1aiy)

Each 2D video feature vector V(Vid,) is a [n(i)=x256] matrix that represents a good

content descriptor of the corresponding movie. So, all these feature vectors are characterized by
the same number of columns and a number of rows depending on the number of keyframes from
each video. Therefore, the distances between them cannot be measured by using Euclidian metric
or other conventional metrics. In this case, which requires a special metric to be used in the
classification process, the Hausdorff-derived metric, described in 1.4.1 and used also for speaker
recognition tasks, can be successfully used.

An unsupervised videoclip classification is then performed by clustering these 2D feature
vectors. In [147] a semi-automatic feature vector clustering procedure, based on a hierarchical

agglomerative algorithm, is applied to the feature set {v (Vid; )}, ;1 . The number of the video

classes, K, is set interactively after one visualizes these videos [147]. Obviously, an automatic
clustering algorithm [39], like those presented in 1.4, can be used in this case, instead of the
semi-automatic region-growing approach, too.

We have tested the proposed recognition approach on numerous video sets, obtaining quite
good results. This main disadvantage of this unsupervised video recognition technique consists
of its non-automatic character. Because of the interactivity that is used in several stages of the
recognition process, our approach executes quite slowly. Also, because of the same interactions,
it is quite difficult to perform clustering within very large movie sets. For small and medium sets
of videos, this recognition approach works properly, as resulting from the following example,
too. We consider the small video set {Vid,,Vid,,Vid,}, to be clustered. The keyframes of these

videos and the keyframe feature vectors are displayed in the next three figures. The values of
distances between movie feature vectors V(Vid, ;) are included in Table 3.3. By using the

values in this tables, the videos are clustered in 2 classes: {vid,,Vid,} and {vid, }.
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Fig. 3.14. Keyframes of the 1° movie and their feature vectors
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Fig. 3.15. Keyframes of the 2" movie and their feature vectors
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Fig. 3.16. Keyframes of the 3" movie and their feature vectors

Table 3.3. Distances between video feature vectors

V (Vid, ) V(vid,) V(vid;)
V (Vid, ) 0 0.1168 0.0191
V (Vid,,) 0.1168 0 0.1147
V (Vid,) 0.0191 0.1147 0

This video recognition method can be improved considerably by transforming it into an
automatic approach. We have already indicated where our automatic clustering algorithms can
replace the used semi-automatic clustering procedures, so that the recognition technique becomes
completely automatic. An automatic version of this approach can be applied successfully in the
video indexing, where it may provide cluster-based indexing solutions, and retrieval domains.
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3.4.3. Image and video object recognition models

Object recognition represents a challenging computer vision field that is strongly related to
object detection, discussed in the last section. The image object recognition task consists of
classifying the objects in proper classes on the basis of their extracted features. The classification
process can be either supervised or unsupervised.

The recognition techniques described here work for image objects that have been already
detected in digital images or video sequences by using locating methods like those presented in
3.6. The image object, representing a semantic region of an image or frame, can be detected
exactly as it is or as the sub-image corresponding to its bounding rectangle. If the objects are
obtained as such sub-images, they can be treated as images in the recognition process. So, all the
image recognition techniques described in 3.4.1 can be applied successfully to objects, in this
case.

| have already presented some image object recognition methods in this thesis. The
supervised and unsupervised biometric recognition techniques mentioned in sections 2.2 and 2.3,
and published in our papers [37,38,53,54,75,79,80,97-99], represent efficient object recognition
approaches that work for objects representing faces, fingerprints or irises. These biometric
objects have been featured by using 2D Gabor filters, PCA, DWT-2D, SIFT or minutia-based
solutions.

Other image object recognition solutions proposed by us are based on Histograms of
Oriented Gradients (HOGSs) or cross-correlation procedures [168]. We will discuss more about
these approaches in the last section of the chapter.

If the image objects are considered in their current shape, the recognition process becomes
a much more difficult task. We proposed several content-based object recognition solutions in
our past works [33,169,170]. In our vision, such a shape-based image object recognition
technique must perform the following operations:

= A shape recognition process is performed first

= A content-based recognition is conducted within each shape class

Shape recognition represents a very important computer vision domain, consisting of
recognizing image objects, based on their shape information [169-180]. While supervised shape
recognition classifies the objects by matching their shapes against the registered template shapes,
unsupervised shape recognition clusters a set of objects, based on their shape similarity. A
successful shape recognition approach requires a robust shape descriptor that captures the shape
features in a concise manner and is invariant to all geometric transformations. Shape analysis
approaches are divided into two main categories: region-based and contour-based methods.

The descriptors used by region-based techniques are derived using all the pixel
information inside a shape region, while the contour-based descriptors express the shape
information of the object outline. The most important region-based recognition approaches are
based on the Angular Radial Transform Descriptor (ARTD) [171], Zernike moments [172] and
Legendre moments [173]. Contour-based shape recognition includes techniques based on Fourier
Descriptors [174], Curvature Scale Space Descriptors (CSSD) [175], Contour Trees [176], Reeb
Graphs [177] and invariant moments [178-180].

We have approached the object shape recognition domain by developing an automatic
moment-based recognition model [40]. This models uses feature vectors representing robust
shape descriptors, which are translation, scaling, rotation and reflexion invariant measures. We
consider a set {Ob,,..,Ob,} containing the image objects to be recognized by their shape

information.
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The following moment-based image object feature extraction process is considered in [40]:

V(ODB,) = (170 (K) + 720 (K))? + (1765 (K) + 775 (K))? 72,0 (K) + 7., (K) | vk e [L,n]  (3.32)

where nij(k):”ij(k) represents a scaling invariant moment and

lLl(()iO+j) / 2+1(k)

() =3 (x,y)-(x=C.)'-(y=C,)}, i,j >0 , where f,(x,y)e{01} is the gray-value
Xy

nHO

function of the object area Ob, , C, = ,C, — Mo1 gng m;; (k) =ZZ fo(xy)-x"-yh.
m 5

anO 00
Similar moments are used for image segmentation and recognition processes. The resulted

feature vector V (Ob, ) is invariant to the geometric transforms: scaling, translation, rotation and

mirroring. The first component of it, (75, (K) +77,,(K))? + (77,5 (K) +17,,(K))?, represents a Hu
moment used to express the shape eccentricity [180]. The second component, 7,,(k) +77,,(K),
constitutes also an invariant moment-based parameter [33,169]. The modeled feature vector
represents a powerful shape descriptor of the image object. The Euclidean distance is used for
these feature vectors in the classification process.

An automatic unsupervised classification process is performed next within the feature set
{V (ODb,),...,V(Ob,)}. These moment-based feature vectors are clustered automatically in a
proper number of classes that is not a priori known [40]. One applies the validation index — based
automatic unsupervised feature vector classification technique described in 1.4.4, in the version
executing repeatedly the region-growing algorithm [40]. One sets a threshold T, then run the
hierarchical agglomerative algorithm for each N e[LT], until an optimal value N IS

optim

achieved and the final classes Cl,...,CNopﬁm result.

Fig. 3.17. Image containing several shapes
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Many experiments have been performed using the described shape recognition approach,
very good results being obtained. A high recognition rate, of approximately 85 %, is produced by
our technique. This recognition rate rises if one increases the threshold value, usually set as
T =[n/2], but the procedure complexity and time execution rise too.

We obtain high values for the performance parameters (Precision, Recall and F1) of this
recognition process. Thus, we get Precision = 0.85, Recall = 0.84, which means our shape
recognition approach produces quite few missed hits or false positives. A shape recognition
example is described in the two figures. Thus, in Fig. 3.17 there is displayed an image containing
objects which can be segmented easily. Each Ob, is marked with the i value in the picture, i =
1,...,9. The shape classes corresponding to the image from Fig. 3.17 are represented in Fig. 3.18,
where each shape is labeled with its class number. The 4 detected shape classes, representing the
final recognition result, are: {Ob,, Ob,}, {Ob,,0Ob,,0Ob,}, {Ob,,0b,} and {Ob,,Ob,}.

Fig. 3.18. The detected shape-based classes

Our moment-based shape analysis approach outperforms other recognition techniques, like
those based on Hu moments [180], Zernike moments [172] or Fourier descriptors [174]. Also, its
automatic character makes it better than any non-automatic shape recognition approach, because
it works properly for very large sets of shapes. Therefore, it becomes very useful in some
important computer vision application areas, such as shape-based indexing of image databases
and object retrieval from these databases.

In the next stage of object recognition, a content-based recognition is performed within
each shape-based class, C;, i<[1, N]. All the image objects from such a class have similar

shapes but could have different contents. Besides its shape, the object content is characterized by
the colors and textures. Various featuring techniques can be used to obtain a proper image object
content descriptor. A histogram-based feature extraction can be used, the feature vector of an
object from a shape class being computed as a given type of histogram of that object or as a
combinations of more histograms. Color, or intensity, histograms, DCT histograms, edge
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histograms, weighted histograms or combinations of these image histograms can be used for this
purpose. Such a histogram-based object featuring is proposed by us in our 2006 book [33]. We
have obtained quite good recognition results using these histogram-based feature vectors, but,
since 2006, more powerful image feature vectors that can be applied successfully for image
objects have been modeled by us. So, the feature vectors based on 2D Gabor filters [139], 2D
Discrete Wavelets [99], SIFT characteristics [39,164], statistical features [157] and LAB color-
based characteristics [165-167] can be easily adapted in order to work for image objects.

The content-based feature vectors are clustered automatically using any of the clustering

approaches from 1.4. As a result of this content-based object recognition, each shape class C,; is

divided into several content-based sub-classes. All these content classes could be considered the
final object recognition result, although in [33] we consider one more recognition level. Thus, a
structure-based object recognition is performed within each content-based class [33]. The object
structure is defined there as formal model that defines the way color/intensity and texture regions
are arranged into that object. Some structure-based object feature vectors are computed and
clustered in a number of classes [33]. These structure-based classes, containing objects
characterized by the same shape, content and structure, represent the final object recognition
result [33].

The image object recognition approach based on shape, content and structure features
represents a quite good idea, given the satisfactory recognition results it produces [33]. But the
structure-based recognition level has been mainly necessary because of the histogram-based
feature vectors used in [33,169], which do not represent very powerful object content descriptors.
For example, two objects may have exactly the same shape and similar color histograms, but
they could have somewhat different contents because of the different structures (different
arrangements of color regions). We have found that the more complex and robust image feature
vectors constructed by us since 2006, representing much better content descriptors, make the
structure-based recognition process unnecessary, the object recognition being performed
successfully in two stages only.

The recognition methods discussed here can be applied also for video image objects. If the
video objects are defined as image objects contained by video frames, the video object
recognition process becomes equivalent to the video tracking process that is described in the last
section. But if we consider the video object as an entity composed from all its instances in the
frames and its trajectory, the recognition process becomes a more difficult task. In [33] we
consider a recognition solution for such spatio-temporal video objects. Two objects are similar if
they have both similar states and similar trajectories. Similarity measures between object
trajectories are modeled in [33].

These image object recognition methods can be successfully applied not only in image
indexing and retrieval, and video tracking domains, but also in a high-level image analysis and
computer vision field that is image and video interpretation [33]. In [33] we perform also
semantic object analysis, providing some image and video interpretation (understanding)
approaches. A supervised object recognition system is used for this purpose. Its training set
contains registered objects, labeled with their semantic (for example people, car, building, ...). A
object feature extraction is performed, then a supervised classification is applied to the feature
vectors [33]. Each input object is inserted in a class representing a semantic (label) by using the
minimum average distance or the K-Nearest Neighbors classifier. The classified (recognized)
object receives the label of that class. An image is interpreted by associating to it the sequence of
labels of its objects. The interpretation of a video results from its frame interpretations [33].
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3.5. Content-based image indexing and retrieval systems

Multimedia information indexing and retrieval represents an important computer vision
domain that includes two strongly correlated sub-domains. Information indexing is generally
considered an essential requirement for any efficient information retrieval system. The indexing
process develops some structures, called indexes, which facilitate the direct access to required
information from a large data collection. Information retrieval represents the process of
extracting the relevant information to an information need from data collections, eventually
using the index structures.

Multimedia retrieval aims to extract relevant media entities, such as sounds, images,
videos or image/video objects, from multimedia data collections, such as the multimedia
databases [181]. Multimedia indexing and retrieval processes may have a concept-based
character or a content-based character. The concept-based indexing/retrieval is based on
metadata, which refers to the textual descriptions or annotations associated to the media entities.
The content-based indexing/retrieval use the content characteristics, expressed as feature vectors,
of those entities and not their metadata. In [33] we investigated this computer vision domain,
providing some solutions for multimedia database organizing, indexing and retrieval.

Content-based image indexing and retrieval represents the most important and researched
sub-domain of multimedia indexing and retrieval. Some image indexing techniques are described
in the next subsection, while content-based image retrieval approaches are presented in
subsection 3.5.2.

3.5.1. Content-based image indexing models

The content-based image indexing (CBII) has been introduced to overcome the
disadvantages of metadata-based indexing. Content-based image indexing replaces the search
keys, used by annotation-based indexing, with feature vectors characterizing the image content
given by colors/intensities, textures and shapes. An efficient content-based image storing is also
necessary for a flexible retrieval from image databases. The purpose of storing an image
indexing structure is to optimize speed and performance in identifying relevant digital images for
a search query.

A lot of indexing techniques have been developed in the last three decades for the
multidimensional spaces like the content-based image feature vector spaces. Spatial Access
Methods (SAM) based on various tree structures are used for indexing high-dimension spatial
data. Some well-known tree-based indexing methods that work properly for digital images are
the R*-tree [182], K-D-tree [183], VP (Vantage-Point)-tree [184], M-tree and MVP-tree [185].
These content-based indexing solutions treat the image retrieval tasks as multidimensional
Nearest-Neighbor (NN) searches.

The content-based image and object feature vectors modeled by us and described in
previous sections can be successfully used with these SAM-based indexing structures in the
retrieval processes [181]. So, in [186] we have developed a color-based image indexing method
using LAB color features and a K-D tree structure, which recursively partition the space into two
subspaces. Each non-leaf node of the K-D tree generates a splitting plane dividing the space into

two half-spaces. The color-based feature vectors V(I;), which will be described in 3.5.2, are
inserted in the nodes of this K-D tree as following: the tree is traversed starting from its root and
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moving to either the left or the right child-node depending on whether the point to be inserted is
on the left or right side of the splitting plane. Once one reaches the node under which the child-
node must be located, insert the new point, representing a feature vector, as either the left or right
child of the leaf node, again depending on which side of node's splitting plane contains the new
node. This K-D tree based index facilitates considerably the image retrieval process, by solving
the K-NN Search task [186]. The image feature extraction and the content-based retrieval using
the K-D-tree based index are described in 3.5.2 [186].

We also consider some cluster-based indexing approaches in [33]. Since the image content
is composed of textures, colors/intensities and shapes, the content-based image indexing include
color-based indexing, texture-based indexing and shape-based indexing procedures [33]. So, an
index is constructed for each content component (color, texture or shape).

The idea of our image indexing approach is to model a content-based image database
recording and to perform a clustering process at the level of each field of that recording [33]. So,

let 1,,...,1, be the images from a large collection. A robust image analysis process, applying the

image segmentation, object detection and image/object featuring operations described or to be
described in this thesis, is performed on each image. As a result, one obtains feature vectors for
the image content as a whole, texture classes, main object shapes and contents.

Then, one organizes an image database composed of three tables: T, for images, T, for

objects and T, for textures, respectively. For each |, we model in the image-related table, the
record T,(1,) containing a number of fields F,’ (i) . Each field registers a content-based feature
vector V(Flj (i)), representing an image descriptor. For example, F* (l) may refer to moment-

based feature vectors, F,2(i) to Gabor filter-based feature vectors, F° (i) to SIFT-based feature
vectors, F,*(i) to color-based feature vectors, and so on. Therefore, each image table recording
is modeled as following:

T.(1,)) =¥ (EG))... v(E<())}, vi=1,....,N (3.33)

where K represents the number of content characterization solutions.
Let Ob,,...,Ob, represent all the objects of interest detected in the images 1,,..., 1. The

recording of each object Ob;, in the table T, is given as:

T,(0b )=V (F({))...V(FX({)) vi=1,..,n (3.34)

where the fields F,' (i) record feature vectors V(sz (i)), representing shape or object content
descriptors for j <k, while V(Fz" (i))z m if Ob; belongsto I .

If t,,...,t, represent all the textures identified in the images I,,..., 1, then the database
record of each texture t, in the table T, is modeled as following:

T.t)=VFEWO)...V(EPO))} vi=1...,1 (3.35)
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where the fields F.' (i) record feature vectors V(st (i)) representing texture descriptors for j <
p,and m cV(F3p (i)) if t; can be found in 1.

Indexing structures based on feature vector clustering are created for all the three tables
T, 5[33]. Each table T, can be indexed by any field of it, F.'. All the feature vectors from this
table corresponding to that field, {\/(st (1)),...,V(FSJ'(N))} are clustered automatically in a

number of classes. In [33], the region-growing based automatic clustering algorithm described in
1.4.3 is used [39], but the automatic unsupervised classification techniques described in 1.4.4 and
based on validation indexes could also be applied here. The resulted feature vector clusters are

noted C/J().....,CJ(n(j)). For each of them, a representative feature vector, V(CSJ (i)), is
determined (as cluster’s centroid, for example). A list of indices is also determined as follows:

I(C! (i))={ind |V (F. (ind)) e CJ (i)} (3.36)

With these results, the table indexing structures are modeled as the next sets of indexes:
Index(T, )= {Index; ..., Index; . , hsef,23} (3.37)

where n(T,) is the number of content-based fields of T_, and the index of the j™ field of T is

organized as a table with 2 fields, related to the representative feature vector and the list of
indices. An entry in such a index table is modeled as following:

Index: (i) = (CJ (i));1(CI (i)} Vi =1...,n(j) (3.38)

These feature vector clustering based table indexing structures facilitate considerably the
image entity search during the retrieval process. In the next subsection we will discuss more
about the working of the proposed image indexing model in the retrieval context. The
architecture of a modeled table and its indexing structures are represented in Fig. 3.19.

Index | Index: Index %y

Clus[_-irc f;:lurs List of indices Clus‘[_-;rc f;:lurs List of indices Clus‘l-e.r f:zruure List of indices
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Fig. 3.19. Table indexation scheme
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3.5.2. Content-based image retrieval techniques

Content-based image retrieval (CBIR) domain has originated in 1992, numerous CBIR
technologies being developed since then. In recent years there has been a growing interest in
content-based retrieval because of the limitations inherent in annotation-based image retrieval
systems [187]. The CBIR techniques analyze the actual image content, which refers to colors,
textures and shapes, rather than the metadata such as keywords, tags or descriptions associated
with the image.

A CBIR system extracts the needed image entities from a large database, on the basis of
their visual content. The content-based retrieval process performs two major operations:
querying and database searching. The query represents a solicitation addressed by the user to the
system. Most important querying techniques are: query by example, query by multiple examples,
query by image region, querying by direct feature specification, multimodal query and semantic
query. The image search process is strongly related to the content-based image database indexing
described in the previous subsection.

Also, numerous content-based retrieval systems make use of relevance-feedback
mechanisms, which progressively refines the image search results by repeating the search, with
some output used as the new input [187,188]. Most retrieval systems use low-level image content
features, such as image color, texture and shape characteristics. More sophisticated CBIR
systems use medium-level descriptors, such as those related to image objects and the spatial
relationships between them, and high-level features, related to image semantics.

Content-based image retrieval technologies have been successfully applied in various
domains, such as medical diagnosis, crime prevention and law enforcement, art collections and
engineering design. Some of the most popular CBIR systems are: Google Image Search, Bing
Image Search, QBIC, FIRE, CIRES, Visual SEEK and GNU Image Finding Tool [188].

The CBIR domain has been widely investigated by us in the last years, many image
retrieval approaches being proposed [33,163,186,189-191]. Our querying approach has been
based on examples, in the most cases. The content-based retrieval tasks considered by us have
the following general form: given an image entity (image, object, texture) as an input, identify all
the relevant entities from an image collection. The relevant entities for a given input could
represent: all images, objects or textures registered in a database that are similar by content to an
example image, object or texture; all registered images containing objects or textures that are
similar to an input object or texture class; all the registered image objects having similar shapes
to a given input shape.

We use both the cluster-based and SAM-based content-based indexing structures to solve
these image retrieval tasks [33,186]. So, if the image collection is organized and indexed as
described in 3.5.1, the image retrieval becomes a quite easy task. An effective CBIR system
using the clustering-based image indexes is developed in our 2006 book [33]. The proposed
content-based retrieval model is composed of an interrogation (querying) device and a search
engine. The database interrogation process is based on single and multiple examples [33].

If I is an input image given as example, the search engine looks for images that are similar
to it in the image-related table of the database, T, . The index corresponding to that table is then

searched. The input image can be featured in various ways, some feature vectors V(I) being
obtained. If V(1) is computed through a feature extraction process corresponding to the field Flj
, then Index} structure is searched. One compares V (I) to all representative feature vectors
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registered by that index, Index? (i)Y1]=V(C/ (i))i =1....,n(j), by computing the distances

to them. The index entry corresponding to the minimum distance value is determined from the
next relation:

ind (j) =arg min_ d(v (1), Index? (i 1]) (3.39)

ie[1,n(j
where d is a metric that works properly for these feature vectors. The list of indices (table
positions) Index}(ind(j))[2]=l(clj (ind(j))) is then determined. The registered images
having these table recording positions represent the content-based retrieval result that can be

formalized as {I, €T, |i e Index*(ind (j))2]}. This retrieval result corresponds to a single

image feature extraction method, related to the j™ field. If one considers all the fields of the table,
one obtains a retrieval result for each of them. The final image retrieval result is then achieved as

K
the intersection of all these results: ﬂ{l eT, |i e Index; (ind (j))N2]}, where ind (j) is given

j=1

by (3.39).
If one considers another entity type, instead of a whole image, as a query example for a
content similarity based retrieval, the searching process is performed similarly [33]. The tables

T, or T,, and their corresponding indexing structures, are used instead of T,, if the input

represents an image object or a texture.

The second retrieval type consists of extracting the images containing objects or textures
that are similar to a given input. Let us describe the image object case here only, the texture case
being performed similarly. If Ob represents the input object, then all the registered objects which

are similar by both the shape and image content to it are firstly retrieved from the corresponding
n(T;)

table as [ {Obmd T, |ind e Indexj?(arg. min_d(V (Ob), Indesz(i)[l]))[z]}. The images
j=1

iefLn(i)
containing objects that are similar to Ob are then determined, using the reference field of T,, as:

{I L1m=V(F ™% (ind )] ind < ”ﬁ){mdexf(arg min ]d(\/(Ob), Indexf(i)[l]))[z]}}

i, ieLn(j)

The last retrieval task requires the search for all registered objects characterized by a given
input shape, S. Let F,..., FZSh(TZ) represent the shape-related fields of any object recording from
T, . Then, the set of the image objects which are similar in shape to S is determined as following:

Sh(T,)

{Obind eT,|ind e [ Indexf(arg_ g]ip_)]d(v (S), Index(i)[l]))[z]}. Other retrieval
i1 ie[l,n(]j

tasks can be also formulated and solved using our cluster-based image indexing and retrieval

model.

We have also developed some content-based image retrieval techniques based on
relevance-feedback schemes [163,186,189-191]. They retrieve images from large collections on
the content similarity basis, but they could work for image objects and textures also. Query by
example is used for the image database interrogation, while the image searching process is based
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on a relevance-feedback mechanism and can be facilitated by the SAM-based image indexing
structures.

Our methods compute robust image content-based descriptors by using various feature
extraction methods. If 1,,..., 1, represent the registered images, the corresponding feature vector

set can be obtained by applying the image featuring approaches described in 3.4.1 [155-159,164-
170]. We provide here other image feature extraction solutions that work properly for both
recognition and retrieval of digital images.

Thus, we proposed some color-based image retrieval techniques using histogram-based
feature extractions and various metrics for the feature vectors, several years ago. In [189] we
consider the color histograms as feature vectors and the histogram intersection,

histin(H,,H;) = Z ;‘;’;(':"I((?)ﬂj ((tt)) , as the metric used in the retrieval process. In [190] the
t

Chi-squared measure is used as an image similarity metric in the CBIR process. It is expressed

H, (k)-H, (k 2
as d(\/(h),V('j)):Z(HI((k))+HJ((|<)))

I ;, respectively. The image retrieval results obtained by the two similarity metrics are compared

in [191]. These color-based retrieval techniques perform the image searching by using an
effective relevance-feedback scheme that will be described next [191]. They achieve quite good
results, but we have obtained considerably better content-based image retrieval by using some
other feature extraction solutions.

One of these featuring solutions is based on a two-dimensional Gabor filtering process. We

, where H, and H, are the histograms of 1; and

2 2
consider an even-symmetric 2D Gabor filter, G, ; (X, y)=exp[—%{x—92+y—92D-cos(27zfxg)
oy O,

with x, = xsin@+ycos@ and y, = xcoséd—ysiné, f giving the frequency of the sinusoidal
plane wave at an angle ¢ with x —axis, and 0y, o, the two standard deviations (see [163]).

Each image |I; is filtered by applying G, at various orientations, frequencies and

standard deviations. We have obtained empirically a set of proper values for filter parameters,
which are: the orientations 6, =z/3, 6,=27/3 and 6, =7 ; the frequencies f,= 4, f,=8 and

f3 = 16; the standard deviations along x — axes o, =2, o2 =2.5 and o = 3; the standard
deviation values along the y — axes ai =4, aj =45 and 03 =5. So, each image is processed

with the filter bank {G, .  }i 4. This image feature extraction process is modeled as:
[ R S

V(Ii)[x,y,j]zvgj’ . yj(li)[x,y],wherevgyfvaxjya,.(li)zl—H‘1[|—|—|(Ii)-|—|—|(vaf’ijyaj)] [169].

fiol.o

The resulted 3D feature vectors represent robust image content descriptors that can be used
successfully in an image recognition process, as we mentioned in 3.4.1. They are obtained in a
similar way as the Gabor filter-based feature vectors used for temporal video segmentation [139],
but by applying a lower number of filters with a different set of parameters. In [139] we use a
SAD difference metric for these image feature vectors, but other conventional metrics, such as
the Euclidian distance, could be applied as well.

115



The relevance-feedback based CBIR model proposed in my selected paper 8 [163] is
quite similar to that represented in the next figure. Besides the just described feature extraction
component, it consists of a query device, search engine and image database.

FEATURE Relevant images
EXTRACTOR

Feawre || |
Image,[ LVector

Selection
Input Output
ey | ——=—> | SEARCHENGINE | ———> |——— -—=
Device |
|
' Feedback :
| L N | S T, o A ——
Feature Images
Vector

Point
SAM ointer IMAGE

INDEX  |C—= | DATABASE

Fig. 3.20. Relevance-feedback based CBIR system

The proposed CBIR system performs the following retrieval task: finding the desired images
from a large collection (database) by using an input example image, | [163]. Options for providing
query images to the system include:

e A preexisting image may be supplied by the user or chosen from a random set.
e The user draws a rough approximation of the image he is looking for.

Our content-based image retrieval technique operates in the following way. First, the input
image is compared to images registered by the collection. The most relevant images, representing
those having a similar visual content to the input image, are extracted and displayed. If the desired
image can be found in the retrieved set, then the searching process ends. Otherwise, the relevance-
feedback mechanism is used. The image that is closest to the goal, in terms of content similarity, is
interactively selected from the displayed set and becomes the new input.

The retrieval process continues this way until a final decision is made by user. An optimal
moment to stop this search procedure is when the current query image becomes more similar to the
desired image than all images retrieved in that step. Then, either that input image can be considered
the desired one, or no image from the collection is acceptable and the retrieval process is
abandoned [163].

The searching for the most relevant images, performed at each step, represents a quite
difficult task to be solved. The search engine has to extract the most similar K registered images to
the input I. A high-computational solution consists of computing the distances d, =d(V (l,),d(V(l)),

where 1<n, and sorting the distance value set D ={d;}, - in ascending order [163]. To avoid this
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costly approach, that searching task must be treated as a K-Nearest Neighbor Search problem. The
K-NN search is a generalization of the Nearest Neighbor search, a problem that can be solved by
using Spatial Access Methods.

For this reason, a SAM-based image indexing structure should be added to the retrieval
scheme, as in Fig. 3.20. The index can be modeled as a search tree data structure, whose nodes
contain feature vectors. A successfully NN search can be performed using a space-partitioning tree
structure, such as VP-tree or K-D tree. The nearest point to V(I) from the feature vector space is
thus determined, then the next closest one is identified, and so on, until the K-NNS problem is
solved. Obviously, the determined closest K feature vector points correspond to the most relevant K
images.

The proposed content-based image retrieval technique has been successfully tested on several
image databases, containing thousands of [384 x 256] digital images with different contents. We
have performed hundreds experiments, each of them being related to a different input query image,
and achieved satisfactory retrieval results (see [163]). Our CBIR system provides high values for
the performance parameters Precision and Recall, of approximately 85%. Also, it provides much
better image retrieval results than the previously described color-based retrieval approaches,
because the Gabor filter-based 3D feature vectors represent more powerful content descriptors than
the histogram-based feature vectors.

In our experiments we usually set K = 5, the number of relevant images retrieved at each
step. One of the image retrieval tests is described in the next figures. Let us assume we are
interested in an image depicting a herd of horses. We select the input image |, representing a user-
made drawing of a horse and displayed in Fig. 3.21.

The set of relevant images obtained for this query image is displayed in Fig. 3.22. They are
ranked in order of their similarity to I, a lower label number indicating a greater content similarity.
As one can see in the figure, almost all the retrieved images are depicting horses, the only
exception being the last one. We are searching for images containing more horses, so the optimal
image to be selected as an input for the new retrieval step is the fourth one, marked by a red
rectangle in the figure.
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Fig. 3.21. User-made drawing used as query image
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Fig. 3.22. Images retrieved in the first step

The images retrieved by using this new query image are displayed in the next figure. The
best of them is the fourth image, representing a horse farm. It is selected as the goal image, being
surrounded by a blue rectangle in Fig. 3.23, and the retrieval process ends.

Fig. 3.23. Images retrieved in the second step
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Another content-based indexing and retrieval system based on a relevance-feedback
mechanism is provided by us in [186]. The LAB color-based feature extraction described in this
paper can also be used successfully for image recognition [54,167]. We have mentioned it in
3.4.1, where another LAB-based image feature extraction approach, producing 2D feature
vectors, is described in detail.

So, in [186] we consider another approach that divides each ab plane in 12 particular
regions and constructs a histogram with only 12 bins for each plane, as in Fig. 3.24. This
produces only 96 bins for the LAB histograms, considering all the 8 ab planes. To compute the
histogram based on the 8 ab planes and the 12 regions for each plane, we simply browse all the
pixels of an LAB converted image and for each pixel one unit is added to the corresponding bin.
First we find the L value and select the corresponding ab plane, then the corresponding color
region in that plane is identified by testing the a and b values of each pixel. The feature vector
with 96 components is then modeled by putting the 12 values for each plane in the order
indicated in Fig. 3.24, and then by concatenating the values for each plane in the order of their
specific L value, from low values (16) to high values (240) [186]. For an image I, the color-based
feature vector is computed as:

V(l) = (n1(|)1 nz(l )’---1 n12(|)1 r‘13(' )’---1 n24(|)’ n25(|),---, nge(l )) (3-40)

where n. (1), i = 1,...,96, are the number of pixels counted as corresponding to each color
region in the above described configuration [186]. The distances between these feature vectors
can be measured by using the well-known Euclidian metric or other conventional metrics.

A SAM-based image indexing process is then performed in [186]. The respective color-
based image indexing technique has been described briefly in 3.5.1. A K-D tree based indexing
structure is build upon the feature vector set {V(Il),...,V(I n)}, with each V (1,) computed by

(3.40).

Fig. 3.24. The choice for splitting an ab plane into 12 regions

Next, the image retrieval process is performed by using a CBIR framework similar to the
previous one [186]. The relevance-feedback based image search scheme represented in Fig. 3.20
is applied in this case with the SAM-based indexing component structured as a K-D tree [186].
The same interrogation procedure is performed, an example image being used as a query. At
each step, K relevant images are retrieved, one of these output images becoming the new input.
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The most similar K registered images are extracted from the database by performing a K-
Nearest Neighbor Search using the K-D tree-based database index. The NN finding algorithm
starts with K-D tree root, then moves down the tree recursively, going left or right depending on
whether the point is less than or greater than current node in the split dimension. Once the
algorithm reaches a leaf node, it saves that node point as the optimal. The algorithm performs the
next steps at each node: if the current node is closer than optimal, then it becomes the current
optimal. The algorithm checks whether there could be any points on the other side of the splitting
plane that are closer to the search point than the optimal. This task is performed by intersecting
the splitting hyperplane with a hypersphere around the search point that has a radius equal to the
current nearest distance. If the hypersphere crosses the plane, there could be nearer points on the
other side of the plane, so the algorithm has to move down the other branch of the tree from the
current node looking for closer points, executing the same recursive process. If the hypersphere
does not intersect the splitting plane, then the procedure continues walking up the tree, the entire
branch on the other side of the node being eliminated. When the procedure for the root node
finishes, then the search is completed. The nearest point to V(I) from the feature vector space is
thus determined, then the next closest one is identified, and so on, until K-NNS task is solved.

This color-based image indexing and retrieval method has been tested on various image
datasets. A lot of experiments have been performed by us on several databases, containing
thousands [256%384] color images. We have considered several hundreds of input images as
examples, each experiment being related to an initial query image.

Our CBIR system achieves high retrieval rates and high values for the performance
parameters. We have obtained values around 0.8 - 0.85 for the Precision and Recall parameters.
The parameter value K = 5 has been usually used in our experiments. Method comparison has
also been performed. The LAB color-based indexing and retrieval approach proposed here
outperforms other relevance-feedback based algorithms that use weaker featuring methods. For
example, this CBIR model provides much better retrieval results than some systems using
various histogram-based feature vectors [186].

In Fig. 3.25, there are described parts of an experiment performed by us that prove the
effectiveness of the developed system. One can see the initial input, representing an orange rose
and the K retrieved images representing roses. If the reddest rose is selected as new query, K new
red roses are retrieved. If the rose containing mostly yellow is selected, one gets K yellow roses.

Input

Retrieved images

Selection

Retrieved images Retrieved images

Fig. 3.25. Color-based retrieval example
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3.6. Image and video object detection and tracking solutions

In this chapter we present our recent research results in some important and strongly-
related computer vision domains, such as object detection and tracking. Object detection
represents a high-interest computer vision research area that can be divided into two sub-
domains: image object detection and video object detection. Also, video object detection is
closely related to another important computer vision field that is video object tracking.

We describe each of these three areas in the next subsections, insisting upon our
contributions in these domains. The image object detection approaches proposed by us are
described in 3.6.1. Our results in the video object detection field are presented in 3.6.2, while the
proposed object tracking algorithms are discussed in 3.6.3.

3.6.1. Automatic image object detection techniques

Image object detection represents the computer vision process that deals with locating
semantic objects in static images. A sub-domain of object detection is object-class detection,
which aim to locate semantic objects from a certain class, such as humans, vehicles, buildings or
animals.

Many image object detection approaches have been proposed in the last decades. They can
be divided into several main categories: point-based, segmentation-based and supervised
learning based techniques [192]. The methods from the first category are based on point
detectors, like Moravec detector [193], Harris detector [194] and SIFT [84]. The segmentation-
based detection techniques use the image segments, obtained by edge-based methods,
color/texture-based algorithms [195], Active Contours [124,138] and other segmentation
approaches, for semantic image object detection. Object detection is also performed by using
some well-known supervised learning techniques. We have to mention here the Adaptive
Boosting algorithms, such as AdaBoost [196], LPBoost or GentleBoost, and Support Vector
Machines (SVM) [197], which provide very good image object detection results.

We have approached the object detection domain, developing both segmentation-based
and supervised learning-based techniques. Also, some object-class detection approaches have
been proposed [53,168,198].

The variational PDE image segmentation technique described in 3.1.2, and representing
the level-set based object contour tracking model proposed in [134], constitutes an effective
image object detection approach. We also developed an object detection method based on
color/texture-based segmentation [126]. So, the moment-based image segmentation proposed in
[126] and described in 3.1.1 can be applied successfully to image object detection. The various
combinations of the segmented regions produce the image objects [33]. These objects could be
categorized as semantic or non-semantic by performing some recognition processes on them. So,
a supervised recognition technique, using a training set that contains semantic objects, can be
applied to the input image objects, which are thus associated to some proper semantic object
classes [33].

We have investigated the object-class detection domain, developing some robust detection
techniques for several classes of image objects, such as faces, human skin and human cells. Each
of them will be detailed in this subsection.

Face detection represents a computer technology that determines the locations and sizes of
human faces in arbitrary digital images, constituting a very important image object detection sub-
domain. The main application area of face detection is biometric authentication, face finding
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being considered the first step of facial recognition [53]. Video surveillance represents another
important application area of face detection [51].

The face detection approaches can be divided into the following categories: knowledge-
based techniques, feature-based methods, appearance-based approaches and template matching
methods. The knowledge-based methods encode human knowledge of what constitutes a typical
face, usually the relationships between facial features. A face is modeled using a set of coded
rules that are used to guide the face search process. [199]. The feature based approaches aim to
detect invariant face features, which are structural features that exist even when the pose,
viewpoint or lighting conditions vary. Let us mention here the Random Graph Matching based
approaches [200] and the Feature Grouping techniques [201]. Appearance-based techniques
train various classifiers, like Multilayer Perceptrons [202], HMM [203], Bayes classifiers [204],
SVM, Sparse Network of Winnows (SNoW) [205], PCA and Adaptive Boosting [206].

The template matching based techniques use stored face templates [207]. Usually, these
approaches use correlation operations to locate faces in images. The templates are hand-coded,
not learned and must be created for different poses. A template matching-based face detection
technique for color images is also proposed in my selected paper 9 [168]. It also performs
human skin detection and uses the identified skin regions for face detection.

Human skin color represents a useful face detection tool [207]. Our skin-based face
finding approach identifies the skin regions of the image, then determines those of them
representing faces. Besides face detection, there exist other important application areas of skin
detection, such as image content filtering and finding illegal internet content [208], content-
aware video compression or image color balancing. Numerous skin color localization techniques
have been developed in the last two decades. An influential skin detection model is the algorithm
proposed by Fleck and Forsyth in 1996 that uses a skin filter [208].

While it is one of the most used color spaces for image data processing and storing, RGB
is not a favorable choice for skin color analysis, because of the high correlation of its 3 channels
and the mixing of luminance and chrominance data [168,198]. For this reason, most skin
segmentation algorithms work with other color spaces. In [198] we propose a skin detection
technique using the HSV and YC; Cy, color spaces. The RGB image is converted into the Hue
Saturation Value format, by computing the three components using the known conversion
equations. We obtain the components, H, S and V, as 3 matrices with coefficients in the [0,1]
interval. We are interested mainly in the hue value, H.

The YC; Cy color model represents a family of color spaces. In fact, it is not an absolute
color space, but a way of encoding the RGB information. In this format Y represents the
luminance, while Crand Cy, are the blue-difference and red-difference chroma components. These
3 components of the color space are computed as linear combinations of R, G and B values. The
computation formulas of the chroma components have the general form o-R+p-G+y-B+128,
where a, B, v € [-0.5, 0.5]. We choose empirically some proper values for o, B, y and get:

{Cr:0.15-R—0.3-G+0.45-B+128 (3.41)
C,=045-R—-0.35-G—-0.07-B+ 128 '
Our method defines explicitly the skin-colored segments, by applying a set of restrictions
on these 2 components and on the hue, to determine the skin regions. Thus, we have determined
a skin related interval for each component. In our approach, each pixel of the image | belongs to
a human skin segment if the corresponding values in C;, Cp and H are situated in those intervals.
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One constructs a binary image Sk, having the same size as |, whose white regions
correspond to the skin segments. The proposed skin segmentation process is modeled as follows:

1,if C.(i,j) € [150,165] o« C,(i,j) € [145,190] « H(i,j) € [0.02,0.1]
0, otherwise

Sk(i,j) = { (3.42)

where i € [1,M] and j € [1, N], | representing a [M X N] image. The connected components of
Sk represent the detected skin regions [168]. The proposed detection method provides very good
results, although some skin identification errors could appear, because of some skin-colored
regions not representing real skin. In Fig. 3.26 (a), there is displayed an RGB image depicting
human persons. The result of the HSV conversion is displayed in Fig. 3.26 (b), while the
obtained skin detection result is depicted in Fig. 3.27. See [168] and [198] for more results.

a) RGB Image b) HSY format

Fig. 3.27. Skin detection result
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The detected skin regions are then used in the face identification process. For each skin
segment one must decide if it represents a face, or not. First, several necessary pre-processing
operations are performed. A task that has to be solved is the separation of faces from adjacent or
occluding skin regions. Our detection task cannot identify properly the faces that are occluded by
other skin-like objects. Usually, this situation appears in group photos, like that displayed in Fig.
3.28 (a). So, we provide a separation technique involving some morphological operations
performed on the binary image Sk. Thus, we apply two successive erosions on it. First, the binary
image is eroded with a structuring element L, representing a vertical line of 5 pixels in length:

Sk'=SkO L = ﬂ Sk_, (3.43)

leL

a) Human Faces b} Skin regions

c) Face Separation

Fig. 3.28. Face separation example

Then, another erosion operation is applied on Sk’, by using a structuring element Sq,
representing a small square area (for example, containing a single pixel):

Sk' = Sk'© Sq = ﬂ Sk, (3.44)
PESq

Such a skin separation example is depicted in Fig. 3.28. In (b) the skin segments
corresponding to faces from (a) form a single connected component. The result of the
morphology-based process, given by the relations (3.43) and (3.44), is displayed on (c). The 2
greatest skin regions are clearly separated in the final binary image, Sk’’. Unfortunately, there
could be some situations when the face separation is not possible in the binary image. The binary
image Sk' contains a set of skin segments, representing connected sequences of white pixels. Let
this set of regions be {S;, ..., S, }. Now, we have to decide which of these regions could qualify as
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face candidates for the template matching process. So, we have established a set of candidate
criteria for these S; segments [168].

First condition requires that each skin region exceeds a given area. We have decided to not
take into consideration the small area white spots, because they cannot represent serious face
candidates. If a white region area is below a given threshold value, it is labeled as non-face. The
second condition is related to the solidity of the skin regions. A connected component S; has to
be rejected as non-face, having a non-facial shape, if the solidity (the ratio between region’s area
and its bounding box area) of its filled version is below an established threshold. We consider the
filled versions of skin regions because their solidities are affected by holes representing eyes,
eyebrows, mouth, nose or ears. So, we perform a black hole filling process on Sk”, first. Also, a
face is characterized by some limits of its width to height ratio. None of the two dimensions of a
face, width and height, can be much larger than the other, so another condition requires the width
to height ratio of the face candidates to be restricted to a certain interval [168]. For each S;,i €
[1,n], the described face candidate identification process is formally expressed as follows:

width(Box(Sy))

Area(Fill(sy)) >T, x Height(Box(S;))

Area(S;) = Ty « Area(Box(s)) —

€ [T5,T,] => S; = candidate (3.45)

where Area () computes the number of white pixels of the region received as argument, Fill ()
performs the filling process, Box () returns the bounding rectangle, Width () and Height ()
return the dimensions of a rectangle. We have considered the following threshold values: area
threshold T; = 130, solidity threshold T, = 0.65, width to height thresholds T; = 0.6, T, = 1.8.

A face candidate identification example is described in Fig. 3.29. In (a) one can see a boy
flexing his muscles. The corresponding binary image resulted after skin detection, erosion
operations, small region removing and hole filling process is depicted in (b). The bounding boxes
of the 3 skin regions are depicted in c), d) and e). The one representing the right arm is rejected
because of its low solidity, the skin segment of the left arm is rejected because of a wrong width
to height ratio, and the one representing the skin of head and neck is accepted as a right face.

bl

Wrong width to height ratio

o

Right candidate

Fig. 3.29. Face candidate identification example
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In its next stage, the facial detection approach determines which of the face candidates
represent human faces. First, one converts the denoised RGB image | into a 2D grayscale form,
let it be I'. If there is a set of K face candidates, where K < n, we determine the set of the sub-
images of I' corresponding to their bounding rectangles. The face detection process can be
affected by the head hairline of the person and by the skin zone of the neck and upper chest. So,
a narrow upper zone and a narrow bottom zone from each image are removed. In our tests, the
height of each removed zone represents one 11" of the bounding box height [168].

Let the set of the truncated skin images be {I;, ..., Ix}, where I; c I',Vi < K. Then, we
perform a correlation-based template matching process on this set. Our template-based approach
works like a supervised classification algorithm. We create a face template set, containing faces
of various sizes, orientations, poses, genders, ages and races. Let the template set be {F, ..., Fy},
with N large enough, where each F; represents a grayscale image. Next, an edge detection
operation is performed on both the skin images and templates. A Canny filter can be used for
edge extraction, but some edge detection solutions derived from our nonlinear diffusion based
smoothing methods could also be used [15,16]. For each skin image /; and each face F;, a binary
image representing its edges results. Let I7 and F® be the edge images related to I; and F;.

Then, for each candidate (skin image), one computes the 2D cross-correlation coefficients
[209] between its edge image and the edge images of the templates, and then, the average value
of this sequence of coefficients [168]. Let us note v(l;), the resulted correlation-based value
corresponding to I;. We propose a threshold-based approach, so, the computed 2D average
correlation coefficient corresponding to a facial skin image must exceed a properly chosen
threshold value. The face detection process is modeled mathematically as follows:

Vie[1,K], I; = face @ v(l;) =T (3.46)

where

N Y 2y (1800, y) — n(®)) (FF(x,y) — u(FF
v(l;) = Nz o )( ( ))

(3.47)
= 1(2x2y If(x,y) - .U(Ie)) )(Zny (F,-e(x.y) —H(Fje))z)

where u( ) computes the average of a matrix and threshold value T is determined empirically. If
T is not exceeded for any I;, then the color image | contains no human faces [168].

In [168] we propose also a no-threshold automatic face finding method that replaces the
threshold with an automatic clustering procedure applied to v(l;) values. Thus, the set
{v(ly), ...,v(Ix)} is divided into 2 classes by using a region-growing algorithm (see [168]). This
method works properly when the correlation-based values related to faces are much higher than
those related to non-facial images. For this reason, the threshold based method is a better
solution. The sub-images of the RGB image | corresponding to the detected faces I; are provided
as output by the face detection system.

We have performed a lot of face detection experiments using this system. Our tests
involved tens of RGB images containing faces and produced satisfactory results. A high face
detection rate, which is approximately 90%, has been achieved by our system. A threshold value
T =0.185 has been used in our tests. We have also constructed a template face set containing 25
grayscale images of various scales, orientations, poses and imaging conditions, representing both
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male and female faces, and people of various ages and races, some of them having structural
elements. The template set can be extended, by adding new faces, but while a large set may
improve the detection results, it also produces a high computation complexity. Our approach
produces a low number of false negatives (missed faces) and very few false positive (non-facial
image regions detected as faces), which means high values for the performance parameters
Precision and Recall. The performances of the proposed face detection system are comparable
with those of the face detection techniques mentioned in introduction. It achieves better detection
results for frontal faces, than for faces characterized by various orientations.

Fig. 3.30. Facial template set

A face detection example is displayed in the next figure. The skin detection process
depicted in Fig. 3.26 and Fig. 3.27 is continued with the face detection process represented in
Fig. 3.31. In (a) there are displayed the main skin regions obtained by performing the
morphological operations, hole filling and small region removing on the binary image from Fig.
3.27. One of them is rejected because of its low solidity, the remaining regions being accepted as

127



face candidates, as one can see in (b). The template matching process is performed by using the
template face set represented in Fig. 3.30. One can see the resulted average correlation
coefficient values in (c), those greater than the threshold (0.185) corresponding to the detected
faces, which are surrounded by black rectangles in that grayscale image. The final face detection
result for the RGB image is displayed in (d), the human faces being marked by red bounding
boxes [168].

a) The main skin regions b) The resulted face candidates

Fig. 3.31. Face detection example

128



Another object-class detection technique developed by us represents a human cell
detection algorithm [210]. Although our detection approach aims to locate cells in static images
and video frames, it could be used successfully to detect other image object classes, such as
humans or vehicles. The proposed object detection model uses a sliding-window based object
searching approach, a HOG-based feature extraction and a SVM-based feature vector
classification technique.

Histograms of Oriented Gradients (HOG) represent a robust feature descriptor used in the
computer vision domain for object detection. They prove to be very useful for human detection
[211], but we use them successfully for cell featuring in this work [210]. We compute HOG
characteristics for the sub-images corresponding to the cells’ bounding boxes. A HOG-based
feature vector is modeled for such an image [210]. First, one determines the image gradient
values, representing directional changes in the intensity or color. The gradient vector is formed
by combining the partial derivatives of the image | in the x and y directions:

VI:[Qn§¥} (3.48)
OoX oy

The gradients in the two directions can be computed by applying the 1D centered, point
discrete derivative mask in the horizontal and vertical directions:

ol

— =1=[-101]
OX 3.49
al . (3.49)
— =1=[-101]
oy
. . . . ol ol .
The gradient orientations of the image are computed as 6 = arctan(@— , EJ The image
X

| is then divided into cells, and for each cell, one computes a local 1D histogram of gradient
directions (orientations) over the pixels from that cell [210,211]. We consider 9 bins for the local
histogram. The histogram channels are evenly spread over 0 to 180 degrees, so each histogram
bin corresponds to a 20 degree orientation interval. The obtained cell histograms are then
combined into a descriptor vector of the image [210].

First, these cells have to be locally contrast-normalized, due to the variability of
illumination and shadowing in the image. That requires grouping the cells together into larger,
spatially-connected blocks. Once the normalization is performed, all the histograms can be
concatenated in a single feature vector, representing the HOG descriptor. We use [3x3] cell
blocks of [6x6] pixel cells with 9 histogram channels. The feature vector of the image is
computed as its HOG descriptor, having 81 coefficients. This could be expressed as
V(1) =HOG(I) [210]. The detection process uses a supervised classification of these feature
vectors, which is performed through a SVM-based approach.

Support Vector Machines (SVM) represent supervised machine learning models, widely
used in object detection tasks [197]. They can perform efficiently both linear and non-linear
feature vector classification. Using a set of training examples, each marked as belonging to one
of two classes, a SVM training algorithm predicts, for each given input, which of two possible
classes must represent the correct output [197].
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Any image object-class detection task can be formulated as a binary linear classifier
problem. It can be solved by considering two classes, containing objects and non-objects
respectively, then applying a SVM on them. We develop a non-linear SVM training model for
human cell detection, because non-linear SVMs are consistently found to be better suited for the
object detection task [197,210].

The training image set constructed by us contains the following two subsets: the set of
positives, containing bounding rectangles of biological cells, and the set of negatives, containing
non-cell images of various sizes. A training set example is described in the next figure. Its
positive samples are displayed in Fig. 3.32 (a), while the negative samples are represented in Fig.
3.32 (b).

go g[8

IiNEl gogeo

0
4

5=

Ilslunl

a) Training subset of positives b) Training subset of negatives

Wy

P

JoEnnEnnal

1K

Fig. 3.32. The training set of the system
The training set could be expressed in the following form:

S ={T,, % ) (T, X, )} X, € {—11} (3.50)

where T, represent the training samples, and their labels are:

1,if T, — positive

. . (3.51)
—1,if T, — negative

X :X(Ti):{
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The described HOG-based feature extraction is performed on these training subsets, the
system’s feature training set being composed of the feature vectors V (T;),i =1,...,n. One must

identify the maximum-margin hyperplane that divides the objects characterized by x, =1 from
those having x, =-1. We consider a quadratic programming technique to separate hyperplane

identification [210]. Also, our non-linear classification algorithm uses a nonlinear kernel
function instead of the dot product used in the linear case. So, a quadratic kernel is considered to
map the training data S into the kernel space. If this SVM classifier is applied to an input object
represented by its bounding image I, the SVM-based classification of its feature vector will
produce the object labeling that can be expressed formally as: x(I) = SVM (V(I)).

One has to solve the following computer vision task: locate all objects representing human
cells from a given image Im. We detect the bounding boxes of those cells by performing a
sliding-window scanning over the grayscale version of the respective image [210]. We propose a
cell search algorithm that scans Im using a variable sized sliding window. At each step, one
computes the HOG-based feature vector of the sub-image corresponding to current window. The
SVM classification algorithm is then applied to the feature vector, the analyzed sub-image being
labeled as either positive or negative [210]. We introduce the following condition: if a positive is
identified, the next search must be performed far enough from it. So, the positions of pixels of
the detected cell are marked as visited, this approach reducing the searching complexity [210].

We consider that the widths and heights of the cells vary between some minimum and
maximum values, wW,;,, W, , N » N » SO, the sliding-window size has to vary accordingly. Let

us note Subim(Ilm, x, y, w1, w2, h1, h2) the set of all subimages of Im having the upper-left pixel
Im(x,y), the width in interval [wi, w2] and the height in [h1, h2]. This set of subimages can be
determined recursively. We construct a searching algorithm expressed by next pseudocode [210]:

min ?

Detect_cells (Im)
S = ¢; mark = 0 matrix with the same size [M x N] as Im;
fori=1to M - hmin
for j=1t0o N - Wmin
ifmark (i,j) =0
for each 1 € Subim(Im;i, j,w
Compute V (1) = HOG(I);
Apply SVM classifier to V(I): x(I) = SVM(V(1));
if X(1) = 1 then
S=Suil};
for each pixel location (a,b) e I

w__.h_. . h

min * “¥max ? ' 'min ? max)

mark(a,b) = 1; (mark location as visited)
end
end

end
end
end
end
Return S.
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The result of a cell searching process is displayed in Fig. 3.33. The stem cells from the
grayscale image are identified and marked with red rectangles. In that figure, one can see also a
blue rectangle marking a subimage representing a non-cell example.

Fig. 3.33. Example of a cell detection result

We have performed many cell detection experiments using the proposed technique. The
numerical tests performed on hundreds images, containing various types of cells, have produced
satisfactory detection results that prove the effectiveness of our method. It has achieved a high
detection rate, of approximately 90%, and also, high values are obtained for the performance
parameters. We get values around 0.9 for both the Precision and Recall parameters. Therefore,
almost all the detected objects returned by our approach are relevant, very few false positives
being returned. Also, the high Recall value indicates that almost all true positives are returned.

We have developed and tested many appropriate SVM training sets, containing cells and
non-cell objects. One of those training data sets is described in Fig. 3.31 being composed of 29
positives and 29 negatives. While the proposed detection technique provides satisfactory cell
identification results, it does not execute fast enough. That is because of the high complexity and
computational cost of the sliding-window based search algorithm. In our tests we apply this
algorithm with the parameters w,,, =20,w,,, =50,h, =20,h, =50, M =512 and N = 672.
Lower values may reduce its complexity, but also its effectiveness. The values of parameters
related to HOG computing, also may influence the computational complexity of the detection.

Method comparisons have also been performed. Thus, our object searching procedure is
considerably faster than methods based on Exhaustive Search (ES), but slower than approaches
that do not perform image scanning. Thus, we have also compared the obtained detection results
with those produced by other object identification techniques that are based on image
segmentation, using edge detection or threshold values and some morphological operations
[212]. From our tests, we have found that the approach described here outperforms them,
obtaining a higher Recall value, but also it is somewhat slower. While the segmentation-based
methods often fail to return all the positives, producing a higher number of missed biological
cells, they execute faster than the approach presented here [210].
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3.6.2. Video object detection approaches

Video object detection represents an important and challenging computer vision domain,
which is closely related to the video object tracking described in the next subsection. A video
object of a movie constitutes a sequence of image objects that represent the instances (states) of
the video object in a succession of frames of that movie. So, the video object detection process
involves locating the instances of the video objects in the frames of a video sequence.
Obiject detection and tracking has a wide variety of computer vision application domains. The
most important of them are the video compression, video surveillance, human-computer
interaction, video indexing and retrieval.

Numerous video object detection techniques have been developed in recent years, and they
could be divided in two categories. Video object detection can be performed using the image
object detection approaches described in 3.6.1. Thus, the image objects from each video frame
can be detected by using techniques based on active contour models [138], segmented regions
[126], Hough transforms [213], adaptive boosting or SVM. These techniques belong to the first
video object detection category.

The second category contains the video motion-based object detection approaches. Thus,
the video objects presenting the most interest are the moving objects of a video sequence and not
the static objects, whose detection reduces to image object detection. The moving object
detection techniques are based on background subtraction [214], frame-differencing [215] or
motion estimation [33].

We also proposed some moving object detection algorithms in our past papers [33,217]. A
background subtraction based video object detection technique is provided in [217]. We will not
insist here on this approach from 2005, describing in detail a more recent detection method
instead [218-220].

An automatic multiple moving object detection technique is proposed in the last selected
paper [219]. My developed model detects efficiently the video objects from a static-camera
movie by using a novel temporal differencing algorithm and several mathematical morphology-
based operations. | have also developed some video object-class detection techniques, such as
pedestrian detection [218,219] and sonar object detection approaches [220], based on this
moving object detection algorithm.

So, in [219] the video frames of the analyzed color movie are converted into the grayscale

form, the set {Iml,..., Imn} being obtained. One considers a temporal differencing-based video
motion estimation approach. The difference of two consecutive frames indicates the motion
between them, the resulted non-black image zones representing the moving regions. Such a
moving region may not represent an entire image object, because both the foreground and the
background of the frame can be composed of more homogeneous regions, characterized by
various intensities. The frame difference is noted as Fd (i, j) = Im; —Im;, Vi, j €[L,n],i = j. Each
moving object present in Im; and Im,, is represented in Fd(i, j) by some non-black regions.
Its high-intensity pixels (having greater values than background) are displayed in Fd(i, j) at the
locations occupied in Im,, while its low-intensity pixels are displayed in Fd(i, j) at their
positions in Im;. Frame difference is then converted into the binary format by setting to 1 all

pixels exceeding a properly selected threshold value, T:
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1, for Fd(i, j)>T

Fd, (i, j) :{O, for Fd (i, i) <T,Vi, jelLn],i=j (3.52)

A mathematical morphology based process is next applied to image Fd, (i, j) . The dilation
morphological operation is very useful in this case, producing the dilated binary image as:

Fd,, (i, j) = Fd, @i, ) ®sq = [ JFd, . i), (3.53)

seSq

where @ represents the dilation morphological operator and Sq is a [k x k] structuring element
[221]. The connected components of the dilated image Fd, (i, j) are then determined, those

representing errors provided by redundant noise or undesired camera motion being removed. We
consider the following connected components to be discarded: small white spots — connected
components whose area is under a low threshold; components whose bbox has a dimension
under a threshold value; low solidity components. The resulted image is noted Fd " (i, j) [218].

The proposed detection algorithm identifies the moving objects from Im, to Im_,, first.
At i" step, it determines the video objects of Im;, using the next 2 frames, Im,,, and Im,,,. The
corresponding morphologically processed frame difference images Fd P (i,i+1) and Fd?(i,i+2)
are computed, and their intersection is then determined as:

n-11

i+1

Fd P @, i+D[x, y],for Fd 2 (i,i +D[x, y] = Fd ; (i,i+2)[Xx, Y] (3.54

0, for Fd P (i,i +D[x, y]= Fd 2 (i,i +2)[x, y] )

(FdP@,i+D)NFdP(@,i+2)[x, y]={

The connected components of the intersection Fd P (i,i +21) N Fd P (i,i +2) correspond to all
high-intensity regions of the moving objects from Im,. The low-intensity components of its
moving objects are determined by using a similar procedure. They correspond to the connected
components of Fd ? (i +1,i) N Fd” (i +2,i). The moving objects of IM; are detected by computing
the next sum of image intersections:

Ob(i) = (Fd P (i,i +) N Fd P (i,i +2)) + (Fd 2 (i +1i) N Fd P (i + 2, i) (3.55)

The connected components of the binary image Ob(i) correspond to the moving objects of
the frame Im, . The last step of the detection task consists of the localization of these objects in

Im,, . We apply a backward identification process that is modeled as follows:
Ob(n)=(Fd (n,n-)NFdr(n,n-2))+(Fdr(n—-Ln)NFd}(n—2,n)) (3.56)

Each binary image Ob (i) contains the same number of connected components. For each
component, one identifies its bounding box. The sub-images of frame Im. corresponding to these

bounding rectangles represent its moving objects (foreground) (see [219]). Such a foreground
detection example is represented in Fig. 3.34.
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Fig. 3.34. Moving object detection example

So, as a result of the described automatic detection process, one obtains a set of identified
image objects on each frame, representing instances of moving objects. The next operations that
can be performed on these objects are the video object tracking and, the video object class
detection and tracking. The video tracking approaches are described in the following subsection,
3.6.1.

The most important video object class detection domain, human detection in video
sequences, has been successfully approached in some of our articles [218,219]. More exactly, we
consider the moving person detection and tracking task. Detecting walking persons, or
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pedestrians, in video images represents a very challenging task, complicated by various factors,
like camera position, variable people appearance, wide range of poses adopted by human beings,
variations in brightness, illumination, contrast levels or backgrounds, and person occlusions
[222].

Over the last decade the problem of detecting and tracking humans has received a very
considerable interest. Significant research has been devoted to detecting, locating and tracking
people in videos, since many applications involve persons’ locations and movements [222].
Also, human detection and tracking has a wide variety of computer vision application areas, the
most important of them being video surveillance and security systems, biometrics, law
enforcement, human-computer interaction (HCI), video indexing and retrieval, medical imaging,
robotics and augmented reality.

Our proposed approach decides which of the detected moving objects represent
pedestrians. We set several conditions related to human body that have to be satisfied by each
object representing a pedestrian. The first condition is that the height of the bounding rectangle
of the image object representing a human must be at least two times greater than its width. The

second condition is that the object solidity has to be over 50%. If {obl,...,obni } are the objects
corresponding to Ob(i), and {I (ob,),..., 1 (ob, )} the set of their sub-images, the above conditions
can be formalized as follows:

h(obj)z 2-W(Obj) )
{h(Obj)'W(Obj) <2. Area(ob, )’ vieltn] (3.57)

where h(ob, ) and w(ob, ) are the height and the width of image 1(ob;). Let Obj(i) = Ob(i)

the binary image containing the connected components satisfying (3.57) only.

Our third condition is related to the presence of skin regions. So, any video object must
contain skin regions to be considered a moving person [218]. A skin detection process is
performed on each video frame. Some skin identification techniques based on explicitly defined
skin segments, therefore working similarly to the skin detection model described in 3.6.1 [198],
are introduced for this purpose [218].

For each frame 1; we get a binary image S, , that is similar to Sk given by (3.42), whose

connected components correspond to its skin regions. If these skin segments are identified in the
moving object locations, then those objects must represent humans. So, for each i, our approach
computes the intersection Obj(i) ('S, and determines its connected components. The

moving objects containing these components are considered pedestrians [218,219].

A pedestrian detection example is described in Fig. 3.35. In (a) one displays the moving
object detection result for a given frame. The skin segmentation result for that color frame is
provided in (b). Obviously, the skin regions in (b) are located within the red bounding rectangles
from (a). Also, the two moving objects detected in (a) satisfy the conditions related to width to
height ratio and solidity. So, the detected moving video objects represent walking persons. The
moving object detection example from Fig. 3.34 leads also to a pedestrian detection result, the
two detected image objects representing human beings.

While our human detection approach works successfully for identification of non-occluded
side view pedestrians [223], it performs somewhat weaker on occluded people [224], front-view
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or rear-view moving people. Also, it is not appropriate for non-pedestrian human detection and
cannot locate persons that are not moving in upright position.

a) Color frame b) Skin regions

Fig. 3.35. Pedestrian detection example

An automatic temporal differencing based object detection technique is also used for
multiple sonar object detection in ultrasound movies [220]. The video tracking of these moving
objects is also described in 3.6.3.

The automatic character of my video object detection technique and its capability to
perform multiple moving object detection represent important advantages of the described
technique. The sensitivity to undesired camera motions represents the major limitation of this
detection approach that is well-suited for fixed camera videos. Because of the used temporal
differencing procedure, our moving object detection method is quite sensitive to camera
movements. Even the presence of a small camera motion may affect the entire object detection
process [219].

3.6.3. Video tracking methods

The video object tracking represents the video analysis process of monitoring the spatial
and temporal changes of the video object during the movie sequence, including its presence,
position, size and shape. A video tracking approach has to solve the temporal correspondence
problem that is the task of matching the target object in successive video frames [144,192].

State of the art video object tracking techniques include: mean-shift based tracking [225],
kernel tracking [192,226], statistical methods, like those based on Kalman filtering [192,227],
particle filtering [192,228] and HMM [229], object matching based tracking [230], optical flow
based tracking [231], eigentracking [232] and contour evolution based tracking. Video tracking
is often a difficult process, due to some factors such as abrupt object motion, objects’ variable
form, object occlusions, camera motion and scene illumination changes [144].

We have approached two video tracking types. The first one is based on image object
matching and uses the objects already detected in video frames. The tracking processes of the
second type begin with detecting the initial instance of the video object, then identifying that
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image object repeatedly in subsequent frame sequence. Obviously, we consider tracking of
moving objects only, since the tracking of static video objects represents a trivial task.

The object-matching based video tracking approaches proposed by us track successfully
multiple objects across movie sequences. These methods determine the correspondences between
image objects from different frames. As a result of the multiple moving object detection process,
all image objects representing video object instances are located within movie. The tracking
process identifies for each object of the current frame, the unique object corresponding to it from
the next frame.

Let us suppose there are K detected objects on each frame, the detected object set

corresponding to 1, is {Obl'Ob;( } i €[1,n], where each object Ob} is considered in the sub-
image form. For each i €[1,n—1], j e[1, K] one must determine the value k e[1, K] such that
Ob;™ corresponds to Ob;, as the next instance of the same moving object. Our tracking

approaches are based on object content similarity, therefore we have Ob|" zOb}. The next

instance of a video object must be the image object from next frame, which is most similar to the
current instance, therefore corresponding to the minimum value of a similarity metric.
So, the object matching based video tracking process becomes equivalent to a supervised

object recognition process. All the image objects Ob} can be characterized by using the content-

based feature extraction approaches described in section 3.4. The object matching process is
modeled as follows:

ind =arg min d(v(Ob}).V(Ob,"), Vi e[L,n~1], j e [L K] (3.57)

where ind is the optimal value of k (index of the next instance), d represents a metric that works
properly for the feature vectors V(Ob}). Any tracked video object is obtained an ordered

sequence of similar image objects.

The video object feature extraction could depend on the class of moving objects to be
tracked. Thus, in [220] we consider a multiple moving object detection and tracking process for
sonar movies. A 2D Gabor filter-based texture analysis is performed on the image objects that
represent video instances detected through a temporal differencing based algorithm [218-220].

Each object Ob} is filtered with a two-dimensional Gabor filter at various orientations

(angles), radial frequencies and standard deviations. Thus, the 6-channel 2D Gabor filtering bank

k . .
{ng,fiyzyl }fie{ojs,l_s},ke[l,s], where @, = and G, ¢, o, (Xy) is computed as in

(3.31), is applied to the object. A 3D feature vector V (Ob;) representing a proper content

descriptor is obtained for each object (see [220] for more).

The considered Gabor filter-based sonar object featuring produces satisfactory video
tracking results. Thus, the tracking algorithm is characterized by a high object recognition rate,
exceeding 80%. The performance parameters are Precision = 0.80, Recall = 0.85. This means
there is a small number of false positives and false negatives too. A sonar object tracking
example is provided in the next figure. There are two vehicles that are tracked in the ultrasound
movie. The two resulted moving objects are marked in red and blue, respectively.
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Fig. 3.36. Object matching process in a sonar video

Another video object tracking task uses a HOG-based feature extraction [219]. While the
characteristics based on Histogram of Oriented Gradients are widely used for human detection in
static images, our technique uses the HOG-based features for human tracking in video images
[219].

The moving objects are detected by using the temporal differencing procedure described in
3.6.2. Then, those moving objects representing pedestrians are identified using the human body
related conditions described there [219]. An object matching process is then performed for

tracking the detected moving persons, H} . The feature vector of a human object is computed as

the Histogram of Oriented Gradients of its corresponding sub-image, as described in 3.6.1 [210,
211]. So, V(H}) = HOG(H}),i € [L,n] j e [1, K]. The Euclidean metric is used to measure the

distances between these HOG-based feature vectors having 81 coefficients.
The human matching process is performed similarly to the object matching given by

(3.57). So, the proper match for H} is determined as the human Hi‘:dli(j) of the next frame,
where ind, (j) =arg n?in]d(\/(H ),V (H!™)) Vi <n, j < K. Therefore, any tracked pedestrian
te|ll,K

H H 1 2 i+1 n
Is obtained as a sequence {H i Hina,iy s Hing (jy seos Hde(j)}{ jerkg [219].

The detected moving objects from Fig. 3.34 are then identified easily as humans. The
corresponding human tracking process is represented in Fig. 3.37. The matching is represented
by arrows linking objects from different frames and marked by the distances between their HOG-
based feature vectors. The colored arrows, corresponding to lower distance values, indicate
correct matches, while the white ones, marked by higher values, represent wrong matches. The
instances of each person are marked with the same color and linked by arrows of that color.
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Color Frame £

Fig. 3.37. Pedestrian tracking example

The proposed video tracking solution is characterized by a high person matching rate, of
approximately 90 %. The resulted performance parameters are Precision = 0.90, Recall = 0.85
and F1 = 0.874, which means that very few false positives and false negatives are produced by
this pedestrian tracking technique.

Another effective moving person tracking method is proposed in [218]. The pedestrians
are detected similarly in the video frames, for each |, a moving person sequence {P,...,P:}

being obtained. We consider a normalized correlation-based human matching approach for video
tracking, therefore no feature extraction process in performed [218]. Our approach computes the
2D cross-correlation coefficients between the current object (person) of the current video frame
and all the human objects of the successive frame. Its optimal match is determined as the moving
person corresponding to the maximum correlation coefficient value. So, we have:

3,3, (P y) - uP)) (R (x ) - P )
Zy (Pji (X1 y) - ﬂ(Pji ))2 ) (ZX zy (Pki+1 (X, y) B Iu(PkHl))Z)

Therefore, a tracked pedestrian could be modeled through the following sequence:
{le' Prfath(j) Pn';ch(j) Pr:atcm,l(j)}{ jemk [218].

VielLn], j e[, K](3.58)

match, (j) = arg max
ke[1,K] @
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Fig. 3.38. Correlation-based human tracking example

Another considered human matching solution uses the edges of the Pji image objects [218],

instead of these objects in the correlation procedure given by (3.58). Unfortunately, computing
the edge information raises substantially the complexity of the video tracking process. A
correlation-based human tracking example is displayed in Fig. 3.38. On the left column one can
see the identified humans, two for each grayscale frame, bounded by colored rectangles. The
human matching process is represented by arrows linking objects of different frames and marked
by the computed 2D correlation results [218]. The arrows corresponding to the higher correlation
values indicate the correct matches. On the right column there are displayed the final tracking
results: the identified and tracked moving persons in the initial color video frames [218].

We have tested this correlation-based human tracking technique on hundreds video, getting
satisfactory results. Our tracking approach is also characterized by a high person matching rate
that exceeds 80 percent. The performance parameters are Precision = 0.85 and Recall = 0.85
[218]. Both the HOG-based and the correlation-based pedestrian matching techniques provide
comparable good tracking results and outperform other methods. From the performed method
comparisons, we have found that pixel differencing based matching approaches, like those using
SAD, MAD, MSD or various histograms, achieve poorer tracking results. Also, our human
matching models have lower time complexity than point tracking techniques [192], like those
using Kalman filters or particle filters, while producing comparable satisfactory results.
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Let us now describe the second video object tracking type, which is not based on
previously detected objects, presenting our results. The idea of this kind of video tracking is to
select or detect a semantic image object in a given frame and then track it across subsequent
frames.

Thus, in the past we proposed some video object tracking algorithms based on motion
estimation [33,217]. In those papers some procedures for estimating the video motion or optical
flow [231], such as the block-matching algorithm, were considered. The motion vectors between
any two successive video frames are determined by applying the block-matching procedure, each
such a vector representing a pair of offsets (dx, dy) corresponding to a pixel. The next instance of
a moving object is detected easily by applying the corresponding motion vector to each pixel of
the current video object instance [33,217].

A much more important video tracking result is obtained in [233], where a robust object
tracking technique is provided. Our developed method is able to locate the instances of any video
object in a movie sequence, no matter if the movie is recorded with a fixed or moving camera
[233]. The first state of the target object could be selected interactively or determined
automatically using the image object detection approaches. Then, one detects the video object
location in the next frame, by using a sliding-window based object detector [233]. The classic
sliding-window method, consisting of a full-search and using fixed-size sliding windows, is
computationally expensive and does not treat the object scaling effect. So, we propose an object
localization approach based on a variable-sized sliding-window and an improved N-step search
algorithm [233].

Unlike other video tracking techniques, our proposed model takes into consideration not
only the object position changes, but also the possible shape and scale transformations. The
object scaling aspect is treated using a variable sized sliding-window while the object translation
is approached using a template matching based on an N-Step Search algorithm. Since any object
in a frame cannot differ much in shape and size from its state in the previous frame, the values of
the width and height of that object’s bbox must be situated in some neighborhood intervals of the
width and height of its previous state. In [233] there is provided an algorithm that locates all
image objects determined by these intervals. It works as applying a variable-sized sliding-
window on a object’s neighborhood. So, one has to determine all objects modeled as following:

Ob, ., =[x (Ob) +k, y,(Ob) +t,x,(Ob) +1, y,(Ob) +s], (3.59)

where the current object is codified by the coordinates of the upper-left and bottom-right corners
as Ob =[x, (Ob), y, (Ob), x, (Ob), y, (Ob)], k,1 e[-M,M], t,s €[-N,N], and M,N >0 represent
quite small number of pixels. All image objects modeled by (3.59) contain the next sub-image:

Oby, v =[% (Ob)+M, y,(Ob) + N, x,(Ob) — M, y, (Ob) - N] (3.60)

So, the set of needed objects is composed of Ob,, ,,, the objects containing Ob,, ,, padded
with an upper zone, those containing Ob,, ,, padded with a bottom zone, those containing Ob,,
padded with a left zone and those containing Ob,, , padded with a right zone. In [233] one
provides a recursive object locating algorithm, in pseudo-code, that is applied to Ob,, , and
produces S(Ob,, \ ), which is the set of objects Ob, .
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At each step, the next instance of Ob has to be identified in a search area from the next
frame, by performing an effective search of the corresponding objects contained by S(Ob,, ),

in that search window. Besides the full-search approach, or Exhaustive Search (ES), that is too
computationally expensive, various search algorithms for motion estimation have been
developed recently, such as the block matching based techniques 3-Step Search, 4-Step Search
and their variants [234]. In [233] we propose a N-step searching method derived from the 3-step
search (TSS) approach. One introduces the notation Ob° for the object in next frame, having the
same size as Ob and center ¢ = (x,y). Its objects resulted from padding operations are included as

rows in S(Oby, ), each of them referred as S(Oby, \ )[il.i < [1 n(Oby, )]. A N-Step Search
example is described in Fig. 3.39. The steps of the proposed method are:
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Fig. 3.39. Object matching example: N-step search with parameters 4 steps, initial K=10 and T=1

1. A square search area is set by selecting an initial step size K, depending on the motion size

2. One determines 9 points as pairs of coordinates: C, is the same as the center of Ob in the
previous frame and the center of search square. The other points are positioned at the corners
and the middle of the square’s edges: d(c;,c;,;) =K, Vi €[L,7], d being the Euclidean metric.

3. One locates the image objects Ob“ and computes the sets S(Oby; ).

4. A HOG-based feature extraction is performed and best match from all these objects is found,
by computing the distances between their feature vectors and feature vector of initial object:

lic,jx]=arg _min = d(V(Ob),V(S(Oby \)[il))
i€[1,9], je[1,n(Obyt ] (361)

min(K)=_ min - d(V(Ob),V(S(Oby ,)[iD)

i€[1,9], je[1,n(Oby ]
5. One computes the center of Ob(K) = S(Obyx, [ j«] and assigns its value to C, .
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6. The step size is halved, K —|K /2, and another search square, based on the new step size, is
set up around c, . The new c,,...,C, center positions are determined.

7. One determines the sets of objects S(Oby; ), Vi €[2,9].

8. If min(K) <ie[g,g],jrlfli,?(om]d(\/(Ob)’V(S(Ob“C’i"N)[j])) or K/2 < T (a threshold), then Ob(K) is

the match of Ob, else

{[iK,z,jK,21=arg min - d(V(Ob).V(S(0Bg, LD (362)

ie[2,9], je[Ln(Obg

and returns to step 5 to continue the search similarly.
9. The search process stops when the match (next state) of Ob is identified.

The main advantage of this video tracking technique is that it is not influenced at all by the
camera motion. Unlike the other proposed object tracking methods, this approach provides
satisfactory results regardless of the presence of desired or undesired camera movements, as
proven by the hundreds video tracking experiments using this technique [233]. Very good object
tracking results have been achieved for both static and moving camera videos, and also a high
matching rate, of approximately 90%. Choosing a high value for K and a low value for T
increases the tracking rate, but also the computational complexity. The used parameter values are
T =3, M, N <5 and an initial K value depending on the target size: half of the object’s diagonal.

Given the Histogram of Oriented Gradient features used by it, our approach can be used
successfully for human tracking. From the performed method comparison, we have found that it
provides better results than pixel differencing based matching methods [215]. Also, the
developed object search algorithm outperforms other sliding-window based solutions. Our
approach runs much faster than Exhaustive Search based methods, given its lower computational
complexity, and provides better tracking results than TTS and 4-Step Search [233,234].

One of our video tracking experiments, related to traffic monitoring [233], is described in
Fig. 3.40. The moving car is interactively selected in the first frame, where is marked in red. The
initial search square and K value are also displayed. In the second frame some results of our N-
step search procedure are displayed. One can see that the orange bounding rectangle corresponds
to the minimum distance value (0.84) between feature vectors. In the next 2 frames, the detected
states of the target object are marked in orange and corresponding distance values are displayed.

Fig. 3.40. Example of a target object tracking in a short video sequence converted to grayscale
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3.7. Conclusions

In this chapter we have described the most important results of our research conducted in
the last years in the computer vision domain. These results were disseminated in 2 books, 15
articles published in recognized international journals and 20 articles published in the volumes of
international scientific events. We brought major contributions in the next computer vision
fields: image and video segmentation, image reconstruction, image and object recognition,
content-based image indexing and retrieval, object detection and tracking.

The image segmentation task was treated by proposing original region-based and contour-
based approaches. Our automatic region-based segmentation techniques, which use various
moment-based pixel feature vectors and the automatic clustering algorithms developed by us,
provide very good results and execute quite fast. They represent better solutions than many other
state of the art segmentation methods because of their automatic character that is an important
advantage. The contour-based segmentation method developed by us represents an effective PDE
variational level-set based technique that improves the influential Chan-Vese level-set model. A
rigorous mathematical treatment of the proposed contour tracking PDE model was also provided.

We also constructed a novel automatic temporal video segmentation technique, based on a
robust Gabor filter-based feature extraction producing 3D frame feature vectors, and some
automatic no-threshold based frame clustering solutions. From our many experiments and
method comparisons we found that our approach outperforms the other state of the art cut
detection methods. It could be improved to work properly for other shot transitions, besides cuts.

Important results were also obtained in the image reconstruction domain. We developed a
PDE variational image inpainting approach characterized by a nonlinear elliptic diffusion Euler-
Lagrange equation, which restore properly the missing regions. The mathematical investigation
of this PDE model, performed by us, represents also an important contribution in this field.

We developed various image, video and object recognition techniques, which were
described in this chapter. Our main contributions in the image recognition area are the automatic
recognition models computing moment-based, LAB color based and 2D Gabor filter based
feature vectors that are next clustered by our unsupervised classification methods. The most
important contribution in the object recognition domain is our automatic moment-based shape
recognition technique, followed by a content-based analysis in the object recognition process.
Because of their automatic character, our recognition models are much more effective than other
existing techniques and more useful for content-based image indexing and retrieval, which is
another domain successfully approached by us. We proposed effective content-based feature
vector indexing solutions, developing both SAM-based indexing structures and cluster-based
image indexing models. Consequently, the corresponding CBIR techniques were obtained. We
developed an original cluster-based retrieval system that extracts relevant images and objects
from a database by using the indexes created through our automatic feature vector clustering
algorithms. We also constructed relevance-feedback based CBIR schemes that perform effective
K-NN searches at each step by using the tree-based SAM indexing structures.

Some significant detection and tracking results were also provided. Original object class
detection models, performing skin, face and human cell detection, were developed by us. The
temporal differencing-based multi moving object detection method is another major contribution
in this field. Novel object-matching based tracking approaches, using correlation-based, Gabor
filter-based and HOG-based features, were also proposed. Our pedestrian tracking models and
the motion-insensitive N-SS based tracking technique represent important contributions as well.
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(i1) Professional, scientific and academic career evolvement
and development plans

In the main part of this thesis, b(i), there were presented the most important scientific
achievements of my research activity conducted in the period 2005-2014. In this second part,
b(ii), my professional, scientific and academic career evolvement and development plans are
outlined.

| began the research in image processing, biometrics and computer vision areas before
2005 and intend to continue it in the future. Several important results were obtained in the
respective areas before being awarded the PhD degree, some of them being already mentioned in
this thesis. Thus, in the image pre-processing field, we developed an application of the fractional
step algorithm for computing the Riccati equation’s solutions to image denoising and restoration
[235]. An effective restoration model for blurred and noisy images is provided in [235]. A
numerical approximation of the Riccati equation via fractional steps method, which can be also
applied to image filtering, is described in [236].

In the biometrics domain we modeled some person authentication techniques based on
voice and fingerprints. Our speaker recognition models using auto-regressive (AR) coefficient
based feature vectors classified using MLP, RBF [59] or various ART classifiers [60] were
mentioned in section 2.1. Also, some pattern-based fingerprint recognition techniques using 2D
Gabor filters, Wavelet Transforms and a combination of the two were proposed in [97]. Bimodal
biometric solutions based on voice and fingerprints were also considered. Some important results
were also achieved in the computer vision field. A moment-based image segmentation technique
developed in 2003 was shortly discussed in 3.1.1 [125]. An image object detection method using
the segmentation results obtained in [125] was proposed in [126]. Also, some image object
recognition and interpretation techniques are provided in that paper [126]. Another computer
vision system for image object recognition was proposed in 2004 [170].

Obviously, our research in these domains has intensified considerably following the PhD
award. We have tried to unify the research in these scientific fields, which are strongly related
anyway. So, the biometrics and computer vision represent the major domains of interest, while
image preprocessing and machine learning have been viewed as important helping domains for
them. So, the mathematical models for image processing and machine learning presented in first
chapter have the role to facilitate the biometrics and computer vision tasks. It is obvious that our
feature vector classification models are required by the recognition tasks of the two major
domains, while the images enhanced by pre-processing operations facilitate considerably any
image analysis process from the biometrics or computer vision domain. This relationship
between these research areas is also expressed in thesis title, which says that image processing
and analysis methods, and also the signal analysis used in voice recognition, are applied in the
two major fields.

As a unifying aspect, we have approached subdomains that could be part of more than one
domain. Since computer vision represents an extremely vast scientific domain that is closely
related to a lot of signal processing based research fields, it has significant overlaps with the
other three approached domains. For this reason some of our techniques described here can be
considered as belonging to two domains, instead of one. For example, some may consider the
clustering technologies of machine learning as part of computer vision, the image reconstruction
field could be also considered as an image pre-processing subdomain, some biometric
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authentication processes described here, such as face recognition, represent also object
recognition tasks related to computer vision, while some of our computer vision tasks
representing object detection procedures, like face detection that is viewed as the first step of
face recognition, could also be included in biometrics.

Another important unifying element brought by us is the presence of mathematical models
in all the approached fields. Thus, PDE models are introduced to solve all our image processing
tasks, some PDE models are used in the biometric authentication domain (see our eigenimage-
based approach) and other PDE-based approaches are used in some computer vision subdomains,
such as image inpainting and contour tracking. Some mathematical models, although not PDE-
based, are used also by the proposed classification algorithms and their metrics. Strong
mathematical treatments are provided in all cases involving these models, proving the superiority
of partial differential equation based solutions to other approaches.

Our future research will focus on further improving these PDE models and developing
new PDE-based solutions for the tasks of the considered domains. As previously mentioned, the
main research directions of our future activity will remain essentially the same, but new
subdomains of image pre-processing, biometrics and computer vision can be approached. Let us
present now our future research plans in each of these fields.

So, | intend to develop new PDE-based techniques for image denoising and restoration and
to obtain improved versions of our existing models. For example, the image denoising technique
using hyperbolic second-order equations proposed in [5] can be further transformed into a more
sophisticated nonlinear filter, as already mentioned in 1.1. We will derive novel and effective
nonlinear PDE hyperbolic models from it, such as that given by (1.6), to achieve better image
filtering solutions. Another application of our hyperbolic model is a filtering technique that
extracts the coherent and incoherent components of a forced turbulent flow and to identify
coherent vortices [7].

The nonlinear anisotropic diffusion based image denoising and restoration techniques
described in 1.2 will also be improved. Thus, we are investigating successfully new edge-
stopping functions for our PDE models. Novel anisotropic diffusion schemes, like (1.19), will
also be modeled. Mathematical treatment of well-posedness, stability and consistency will be
performed for each of them. More effective discretization schemes will be also considered for
these PDE models, rigorous mathematical demonstrations of their convergence being provided.

The image noise removal approach based on diffusion porous media flow presented in
1.2.2 could also be modified. Thus, we will consider the following equation:

%J —AB(x,u) =0,in (0,0) x Q,

B(0,x) =0, in (0,00) x 6O

1)

where £ will be a carefully chosen maximal monotone function. A robust mathematical

investigation of this nonlinear diffusion equation will be performed. We will try to demonstrate
that equation (1) has a unique strong solution in certain conditions. The numerical approximation
of this PDE will be performed using an implicit finite difference scheme. A stochastic variant of

. . . . .0
this PDE model will also be studied. Thus, the stochastic equation E”—Aﬂ(x,u) =udW may

be considered.
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We also intend to improve our fourth-order diffusion-based image denoising approaches
[24], which are inspired by the influential You-Kaveh isotropic scheme [237], by modeling new
diffusivity functions. Also, we will develop nonlinear fourth-order anisotropic diffusion models
that outperform the Y-K algorithm and other state-of-the-art 4"-order PDES, providing much
better despeckling and deblurring results. They will outperform also the second-order PDE
models, removing more successfully the staircase effect. These novel restoration solutions could
be achieved by mixing nonlinear 2"%-order and 4™-order diffusions. Such a combined 4™ —order
PDE model has just been disseminated in an accepted article [238], and more denoising schemes
of that type will be investigated as part of our future research.

Our future research in image enhancement domain will also focus on modeling novel
variational schemes for image restoration. The PDE variational techniques described in section
1.3 can be further modified to obtain improved versions. New variants of the regularizer
function, which produce a better smoothing effect while preserving the image edges and
reducing the staircasing effect, will be proposed. Thus, we will investigate a modified version of
the variational PDE model presented in 1.3.2, which is based on the minimization of a convex
energy functional of gradient under minimal growth conditions [28]. A new image denoising
solution would be based on the following minimization problem:

min{j (z//(Vu) + %”u — uo||2)dx; u eW“(Q)}, )

where ¥ 1R — [— OO,+OO] is chosen as a convex lower semicontinuous function such that

() = {go(y), for |rl<« -

+ oo, for |r| > «
where g, () € C*(R). In this case, the corresponding elliptic equation has the following form:
—div(g(Vu) —div(m(u)) +u—u, =0 4)

where 77(u) is the normal cone to {u; u, +u, <a},u = (u,,u, ). This is an elliptic variational
inequality. This new denoising procedure refers to situation where one imposes a magnitude
constraint on the gradient of intensity that is a constant on variation of luminosity of the image.

In the biometrics domain our future research activity will focus on developing new person
authentication strategies based on the same identifiers (voice, face and fingerprints) and also
considering biometric recognition techniques based on new identifiers. So, we are going to
continue the research in the voice recognition area, paying particular attention to the text-
independent speaker recognition subdomain, where we have achieved considerably weaker
results. A MFCC-based speech signal analysis could be performed in the feature extraction stage,
but we will also investigate other voice feature extraction solutions, like those using linear
predictive cepstral coefficients (LPCCs) [239], for example. In the feature vector classification
stage, Vector Quantization (VQ) [63] or Gaussian Mixture Models (GMM) [64] can be applied.

New face recognition solutions will also be explored. So, I consider proposing some facial
recognition approaches based on tools that have been less utilized in our research, such as
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Independent Component Analysis (ICA), Linear Discriminant Analysis (LDA) and Local Non-
negative Matrix Factorization (LNMF) [240].

In the fingerprint authentication domain we aim to extend the conventional recognition
from a supervised to an unsupervised framework. The unsupervised fingerprint recognition field
has been increasingly investigated in the last years [241]. We consider developing some
unsupervised fingerprint recognition techniques that outperform the existing approaches, our
technologies being endowed with an automatic character. The planned methods use both
minutia-based and pattern-based feature vectors. Our automatic clustering algorithms will be
applied to the fingerprint feature vectors, eventually using some special similarity metrics in the
minutia-based case.

As previously mentioned, our biometrics related research will also focus on a fourth
biometric identifier that is the human iris [242]. Our research in the iris recognition domain is
still in the early stage, a few results being achieved and disseminated [54,117]. An automatic
unsupervised iris recognition approach that classifies LAB color-based feature vectors by using a
hierarchical agglomerative clustering algorithm is proposed in [54]. A supervised iris-based
authentication model using other LAB color features and a K-NN classifier is provided by us in a
very recent paper [117]. Although the color analysis in LAB colorspace provides us encouraging
iris featuring results and we will continue the research in this area by improving the color-based
feature vectors, we are going to investigate other iris feature extraction solutions, too. Thus, the
future recognition approaches will take into consideration the iris texture information. Some
robust texture analysis based iris feature extraction solutions using two-dimensional Gabor filters
and Discrete Wavelet transforms will be constructed as part of our research. Next, we will try to
combine the color-based and texture-based features to obtain more powerful iris feature vectors
and consequently, much better recognition results.

New multimodal biometric recognition solutions will also be considered in the future. So,
adding the new biometric that is iris to our existing unimodal and multimodal biometric systems
based on various combinations of voice, face and fingerprints [53,59,60,91,97,113,116] would
improve considerably the authentication results. Also, some improved multi-method biometric
systems will be obtained by adding new voice, face, fingerprint and iris recognition techniques to
the existing models. As mentioned in 2.5, we will also try new biometric information fusion
solutions. Thus, we consider performing the fusion at lower levels than the decision level or even
the classification level.

My research activity in the computer vision domain will continue in the described
subdomains, but new computer vision areas will be also approached. Also, we intend to solve
more computer vision tasks by using the PDE models. We will consider new region-based and
contour-based image segmentation solutions. So, novel pixel clustering based segmentation
techniques can be obtained by using other feature extraction processes instead of the moment-
based analysis used in 3.1.1. The feature vector characterizing the neighborhood of a pixel can be
also modeled using other well-known image analysis tools, such as the 2D Gabor filters and
DWT-2D. Also, we will further investigate the level-set based segmentation domain [136],
trying to achieve new contour tracking-based image segmentation solutions.

We could search for some better featuring approaches in the video segmentation case, too,
but our main challenge in this case is to develop some temporal segmentation algorithms that
work properly not only for hard cuts, but also for other types of shot transitions. So, we will try
to improve the automatic video shot detection technique described in 3.2.2 [139], so it works
properly for soft cuts, like fades or dissolves, or some digital effects.
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Image reconstruction will remain an important focus of my future computer vision
research. | consider developing more PDE-based inpainting techniques improving the well-
known TV inpainting model and the variational reconstruction model proposed in [134]. So,
novel variational inpainting models can be obtained from (3.28) if new proper edge-stoppping
functions are determined. Also, more effective variational reconstruction solutions will be
achieved by adapting the nonlinear fourth-order diffusion-based models to inpainting:

u*=arg mjnj(a.(p(vzu)+%(l—lr)(u—uo)z)jQ (5)

where function ¢ must be properly selected. Models combining 2" and 4™ order PDEs may be

also adapted for inpainting. Another idea is to construct an inpainting model based on the Cahn-
Hilliard equation [243]. So, we will investigate the PDE:

u_ y/(Azu —u® —u), in (0,T)xQ,
ot
: (6)
u(0,x,y)=u,(x,y)
corresponding to a variational model based on next minimization:
Min{_f(u—uo)zdxdy+ E(u)} 7)
Q

where E(u) = _[(“Vu”z +7/(u2 —l)bxdy

We also intend to obtain new results in the image and object recognition field. A novel
image recognition approach would imply either a new image featuring solution or a new feature
vector classification method. New and possibly improved content-based feature vectors will be
modeled by performing new color and texture analysis procedures. Thus, we will continue to
investigate the LAB color-based image analysis, trying to achieve better color feature vectors.
Also, new texture-based image analysis operations based on 2D Gabor filters, 2D-DWT and
Fourier descriptors will be performed. Novel image similarity metrics will be considered for
these feature vectors. We will also perform new research in the machine learning domain,
focusing mainly on identifying automatic unsupervised classification solutions. Obviously, any
new feature vector classification approach would produce not only novel image recognition
solutions, but also many new biometric authentication methods. Novel object recognition models
will also be considered, new shape descriptors being modeled for this purpose. High-level image
analysis will also be a focus of my research, new object interpretation models being investigated.

Our future research in content-based image indexing and retrieval domain is closely
related to content-based image/video and object recognition research. We intend to implement
new versions of the relevance-feedback based CBIR system represented in Fig. 3.20, by
considering new SAM-based high-dimensional data indexing solutions. Thus, various search
tree-based structures, such as VP-tree, M-tree or MVP-tree, will be used for the new modeled
content-based image feature vectors.
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Novel object detection and tracking solution will be developed during our future research,
too. As previously mentioned, the PDE level-set based contour tracking techniques for image
segmentation and object detection in static images will be further investigated. Other object
detection tools, such as the point detectors, various Hough Transforms or boosting procedures,
will be applied. New object-class detection tasks will be also performed. | am going to continue
the research in the face detection domain, providing other solutions to this task. For example, the
proposed face detection model using skin identification results can be further modified [168].
Thus, the face candidates are determined using the same conditions given in (3.45). These
candidates represent filled connected components, so their original (unfilled) versions are then
analyzed. Those of them characterized by holes that could represent essential facial features such
as eyes, eyebrows, nose and mouth, are labeled as faces. Some geometric approaches can be used
to identify these individual face characteristics.

Human detection in static images will constitute another important goal of our computer
vision research. An idea is to extend the skin-based solution used in the cases of faces for
detecting entire human bodies. Obviously, the detected skin regions representing face, neck,
arms, hands, legs and feet could determine the location of a person. The task becomes more
difficult if some of these body parts are covered by clothes. Another solution is to apply a
technique that is similar to the SVM-based approach proposed for cell detection [210]. Our
sliding-window based image scanning algorithm, or an improved version of it, and the HOG-
based feature extraction will be used successfully for pedestrian detection, if a proper training
set, containing human and non-human image objects, is constructed for SVM. Also, replacing
the HOG features with other featuring solutions in this detection process will be considered. We
also intend to improve the proposed multiple moving object detection technique [219], so that to
become less influenced by the video camera motion. Novel object tracking solutions will be also
developed. We consider using Kalman filtering with some point-based features, like SIFT.
Introducing the PDE models in our object detection and tracking research represents another
future goal. Thus, a PDE-based video motion estimation that would be very useful to the tracking
process will be performed. Our estimation approach will compute efficiently the optical flow
from the video sequences [244], by using a new PDE variational model. A energy functional to
be minimized will be constructed and solving the minimization problem will require 2 Euler-
Lagrange equations.

New computer vision subdomains will be considered, as part of our future research. One of
them is the image registration that involves spatially registering the target image(s) to align with
the reference image [245]. Since image similarities are broadly used for image registration, our
image similarity metrics can be applied successfully to this domain. Also, some PDE-based
registration techniques are planned [246]. Similar to optic flow case, one estimates a realistic
displacement (deformation) field mapping corresponding pixels in the template image to the
source image, in registration case. So, an effective PDE variational image registration model can
be derived from the variational optical flow estimation solutions.

I have also some serious professional and academic career evolvement and development
plans. My actual academic position is Senior Researcher | at Institute of Computer Science of the
Romanian Academy. Following this abilitation process, | will obtain also the official right of
doctoral supervision. So, an important objective of my future professional activity is to form a
new generation of well-prepared researchers in my domains of interest. For this purpose | intend
to recruit and supervise PhD students that have passion for this research and willingness to work
hard in the research collectives coordinated by me.
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Building and managing these effective research teams represents another essential
objective. Given my high research position, | have a rich experience as a team leader. Since 2004
| have been coordinating a research collective at my institute, whose activity is related to speech,
image and video processing and analysis. In the period following my PhD award, our research
team has achieved important results in these scientific fields. Thus, 22 of my papers published
since 2005 in these domains have some of the members of my research team as co-authors. Also,
in this period our research collective has elaborated 20 scientific reports under my supervision,
disseminating image processing, biometrics and computer vision results. | intend to strengthen
and also enlarge my research team in the future, by co-opting preferably young researchers and
PhD students. Since my future doctoral students will follow their PhD program at Institute of
Computer Science, they could also participate at our research projects, so | will try to enlarge our
team by including them. Besides coordinating this collective at the institute, | am going to
organize research teams related to various projects. Since 2005 | have coordinated several
research directions, related to biometrics, PDE models and computer vision, in scientific projects
(grants) on the basis of contract. In the future I intend to build some strong and larger research
teams with whom to win more grant competitions as project director. My future PhD students
will also be included in these project-related collectives.

Another objective of my academic career development plan consists of establishing some
important collaborative relationships with other institutions and researchers from our country or
abroad. In the last years | have established several external collaborations, by performing
research and teaching activities at three important foreign universities. So, in May 2012 |
activated as visiting academic at Department of Automatic Control and Systems Engineering of
the University of Sheffield, United Kingdom, working with a british research team in a video
analysis project. In April 2013 | worked for one month as a visiting professor at the University of
Bologna, Italy. During that visit | collaborated with professor Angelo Favini, from Department
of Mathematics of the university, in the PDE-based image processing domain. The results of our
research collaboration were disseminated in a paper published in an ISI journal [16], and
included in my most relevant 10 papers. In 2014 | won a DAAD fellowship for university
professors and senior researchers with a project in PDE-based image restoration field. My
DAAD project, entitled VANDIRES, was conducted at the Department of Mathematics of the
Bielefeld University, Germany, in collaboration with a research team led by the professor
Michael Roeckner. Last year | also won a GNAMPA fellowship for visiting professors, with
another PDE-based computer vision project, which will allow me to work again at Bologna
University later this year and to continue the collaboration with its Department of Mathematics.
A collaboration with Faculty of Bioengineering of University of Medicine and Pharmacy from
Iasi is also underway. | will continue these collaborations in the future while trying to establish
more external cooperations. | believe that all these collaborations will result not only in new
published papers and academic exchange visits, but also in strong international research
collectives capable to win and conduct bilateral and multinational projects based on contract.

The final main objective is to perform some teaching activity, besides research, in the
mentioned areas. Altough my scientific activity has consisted mainly of research, | have also
some teaching experience. | activated as visiting professor at Bologna University and Bielefeld
University, giving numerous talks at those institutions. Also | have delivered many lectures to
the students of the Faculty of Bioengineering of University of Medicine and Pharmacy, Iasi. So, |
would like to continue to transmit my knowledge to young people and | strongly believe that
teaching and working with students will be also very helpful to my research career.
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