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FACE RECOGNITION WITH LOCAL WALSH TRANSFORM

SUMMARY

Face recognition is automatically identifying or verifying a person from a still image
or a video frame. The challenges in this area largely occur due to illumination,
viewpoint, expression, and resolution variances. There is a wide range of information
security, surveillance, law enforcement, and entertainment applications which use face
recognition despite there being more accurate biometric indicators such as fingerprint
or iris. However, these indicators require the cooperation of those being observed
whereas face images can be taken without any cooperation.

Face recognition systems generally have four main stages; face detection, alignment,
feature extraction, and classification. In this dissertation, we focus on the feature
extraction stage, which is probably the most challenging part of face recognition
systems.

Local approaches have been used frequently due to their success in handling variations
such as illumination and expression. Local representations are categorized into two
types as sparse and dense. In sparse local representations such as Scale Invariant
Feature Transform, points of interest are detected to be used for object detection. In
dense local representations, such as Local Binary Patterns and Gabor, features are
extracted by applying the method to each pixel of an image. In this dissertation, firstly,
we propose a dense local representation which localizes the global Walsh Transform.
Secondly, we propose methods to use this representation effectively.

The first contribution of this dissertation is a novel dense local representation called
Local Walsh Transform (LWT). Walsh Transform (WT) kernel is defined as a set of
orthogonal functions with values plus and minus ones. The dot product of any two
distinct rows and columns of a WT kernel is zero. Transpose, conjugate, and inverse
of a WT kernel are equal to itself. For the WT kernel of order N, if we denote rows by
i from 0 to N — 1, the i’ row has exactly i zero crossings.

In the LWT method, we use this special WT matrix to create filters and apply these
filters to each pixels of an image separately. Thus, for a N*N WT we create N> filters
and so N images, namely LWT components (y). Based on the fact that using
phase information makes the recognition method somewhat more invariant to uniform
illumination changes and blurring, we propose an approach to create complex images
from LWT components. To this end, we utilize the symmetry between the LWT
components with respect to the diagonal. By using this symmetrical relationship,
we pair the symmetrical LWT components to create LWT complex images. LWT
components which are on the upper side of the diagonal are considered as real part
of the complex components, while the components which are on the lower side of
the diagonal are considered as imaginary parts of complex images which are paired
symmetrically with respect to the diagonal.
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In addition to the LWT, we propose some additional methods to improve the
performance of a face recognition system. The LWT is enhanced with some
approaches such as Cascaded LWT (CLWT), dividing image into subregions,
weighting, and reducing dimension of features by block-based dimension reduction
method. In addition, LWT complex images are converted to grayscale images by XOR
approach. For face verification problem, SVM is used for classification, while L2ZML
is used for dimension reduction.

Among the proposed LWT-based methods, Patch-based LWT (PLWT) method
enlightens the abilities of the LWT most. In PLWT, we take the advantage of both
sparse and dense local representations by applying the LWT method to salient points
of face images. In feature extraction stage of the PLWT, first, landmarks of images are
detected and some of them are selected. Then, the images and their landmarks may be
scaled for once or twice. For each selected landmark at different scales of an image, a
patch is created around the landmarks. Following this, the LWT method is applied to
all patches of the image and LWT complex images are created. Each complex image
is divided into non-overlapping subregions and Phase Magnitude Histogram (PMH)
of each subregion is calculated. The PMHs of the subregions are concatenated to
create the features of complex images and these features are concatenated to create
the features of the patches. Dimensions of the features of the patches are reduced
by Whitened Principal Component Analysis method. We choose an unsupervised
dimension reduction method to make our methods completely unsupervised and be
operable on the databases which do not contain class labels of images. For a test
image, the same algorithm is applied to the image and dimensions of the patches are
reduced by projection matrices learned in the training stage. Identity of the image is
determined according to the similarity between the features of the test image and that
of the training set images.

The proposed PLWT method is further improved by the CLWT approach. In the
CLWT, we apply LWT again to both real and imaginary parts of the LWT complex
images. In other words, we once more apply the LWT to sharpened images in which
shape information is extracted by the first application of the LWT. This approach gives
a depth to the method and increases success rate especially on low resolution images
in which shapes and edges are blurred. To use this approach in the PLWT method, all
needed is to apply the CLWT instead of the LWT. When the proposed method is carried
out with the CLWT approach, we call this method Patch-based CLWT (PCLWT).

We show the performance of the proposed methods, by applying them to
challenging, widely known, and popular benchmark databases. Specifically, for
the face identification problem the Face Recognition Technology (FERET) and the
Surveillance Cameras Face (SCface) databases are used, for the face verification
problem the challenging Labeled Faces in the Wild (LFW) database is used. The
FERET is one of the most widely used benchmarks in the evaluation of face recognition
methods. This database gives an opportunity to evaluate methods with various facial
expressions, lighting conditions, cameras, scale, and aging property. The images of
SCface are taken in an uncontrolled indoor environment that mimics the real world
conditions of the indoor face recognition problem. It contains very low resolution
images which are taken in the dark. The LFW is a database designed to facilitate
the benchmarking of unconstrained pair matching and is also intended to illustrate the
problem of learning from one example. This database consists of images collected

XX



from the web which contain large pose, occlusion, and expression variations. For most
of our experiments, we use the "unsupervised" protocol of the LFW since during both
training and testing phases we do not use label information of the subjects, and not
access to whether any pair of images is of the same subject. For methods which include
SVM or L2ML methods, we use "image restricted with no outside data" protocol of
the LFW.

In the preprocessing step, images of databases are normalized and aligned by the
frontalization method, a similarity transform or the High-Fidelity Pose and Expression
Normalization (HPEN) with a similarity transform. The landmarks of the face images
are detected by using the Supervised Descent Method (SDM) or Dlib. To the best of
our knowledge, the PLWT and PCLWT method achieve the best performance on both
the FERET and the SCface databases, and the second best unsupervised category result
on the LFW database. Although the other proposed methods are also successful, they
are below the state-of-the-art results.

In conclusion, the LWT is a strong image descriptor which reveals the shape
characteristics of images. The CLWT is especially effective on low resolution images
where shape characteristics are blurred. Experimental results show that both the
PLWT and PCLWT are robust in terms of illumination, expression, occlusion, and low
resolution. The high performances of the proposed methods show that these methods
are effective on both wild and low resolution images, and are good alternatives to
unsupervised hand-crafted methods.
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YEREL WALSH DONUSUMU ILE YUZ TANIMA

OZET

Yiiz tamima problemi, durgun goriintii veya videolardan elde edilmis goriintiilerdeki
kisilerin otomatik olarak kimliklerinin tespit edilmesi veya dogrulanmasidir. Bu
alandaki sorunlar, goriintiilerin aydinlatma, ¢oziiniirliik, yiiz ifadesi veya poz gibi
farkliliklarindan kaynaklanmaktadir. Yiiz tanima sistemleri bilgi giivenligi, otomatik
denetleme, eglence uygulamalar1 gibi bir¢ok alanda kullanilmaktadir. Yiizden daha
kesin sonuglar iiretebilecek biyometrik gostergeler (0r: parmak izi, iris) vardir.
Ancak, bu gostergeler alinirken verici ile igbirligi yapmay1 gerektirmektedir. Yiiz
imgelerinin verici farkinda olmasa dahi alinabilmesi, yiiz tanima sistemlerine olan
ilgiyi arttirmistir.

Yiiz tanima sistemleri genel olarak dort asamadan olusur. Bunlar, yiiziin tespit
edilmesi, normalizasyon, Oznitelik c¢ikarimi ve smiflandirmadir. Yiiz tespiti,
normalizasyon ve siniflandirma algoritmalar1 ne kadar basarili olursa olsun, 6znitelik
cikarimi asamasi basarili degilse o sistem istenilen basariya ulagamayacaktir. Bu
tezde bagaril bir yiiz tanima sistemi gelistirebilmek i¢in belki de en zorlu agama olan
Oznitelik ¢ikarimi agamasi lizerinde durulmustur.

Poz ve aydinlatma farkliliklardan daha az etkilenen yerel yaklagimlar {izerinde
sikca calisilmaktadir. Yerel betimleyiciler, seyrek ve yogun yontemler olarak ikiye
ayrilmaktadir.  Seyrek yerel betimleyiciler arasinda yer alan Olcek Degisimsiz
Oznitelik Déniisiimii (ing. Scale Invariant Feature Transform) yonteminde &ncelikle
ana noktalar belirlenip, bu noktalar etrafinda alinan yamalardan 6znitelik ¢ikarilir.
Yerel Ikili Oriintiiler (ing. Local Binary Patterns) ve Gabor gibi yogun yerel
betimleyicilerde ise yontem tiim piksellere ayr1 ayri uygulanarak Oznitelik cikarilir.
Bu iki yerel yaklasimi bir arada kullanan hibrit yontemler de vardir. Bu tezde,
oncelikle global Walsh Doniisiimiinii (WD) temel alan bir yogun yerel betimleyici
Onerilmistir. Ardindan, bu betimleyicinin etkili bir sekilde kullanilmasini saglayan
yontemler onerilmistir.

Bu tezin literatiire olan ilk katkis1 yeni yogun yerel betimleyici olan Yerel Walsh
Doniisiimiidiir (YWD). Walsh Doniistimii (WD) matrisi ¢arpanlart =1 olan ortogonal
fonksiyonlardan olusur. Gergel ve simetriktir yani matris, transpozesi ve eslenegine
esitti. ' WD matrisinde herhangi bir satirin, kendisi disinda herhangi bir satirin
transpozesiyle veya siitunla skaler carpimi sifirdir. N*N boyutlu WD matrisinde, i
0’dan N-1’e satirlar1 numaralandirsin; i.nci satir her zaman i adet sifirdan gecis igerir.

YWD yo6nteminde, WD matrisi imgenin her pikseline ayr1 ayri uygulanarak N*N
boyutlu WD i¢in N2 adet imge, yani YWD bileseni () iiretilir. Faz bilgisini kullanmak
yontemi aydinlatma ve bulaniklik degisimlerine karsi dayanikli yapar. Faz bilgisini
kullanabilmek icin karmagik imgelere ihtiya¢ vardir ancak YWD yalmizca gercel
imgeler tiretir. YWD bilesenlerinden karmasik imgeler iiretebilmek i¢in bu bilesenler
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incelenerek bir yontem Onerilmigtir. Bu yontemde, YWD bilesenlerinin birbirlerine
olan simetrisi kullanilarak, N*N boyutlu WD matrisi i¢in (N« N —N) /2 adet karmasik
imge olusturulur. Uygulanan WD nin satir ve siitunlari sirasiyla u ve v ile gosterilirse,
u < v olmak sart1 ile, (u,v) filtresi ile iretilen YWD bilegeni karmagik imgenin
reel kismini, (v,u) filtresi ile iiretilen YWD bileseni karmagik imgenin sanal kismini
olusturur. YWD karmasik imagelerini iireten bu yontem asagidaki gibi tanimlanabilir:

Zyy = kompleks(Wuy, Wou) = Wur+ iV 3 Y(u,v=0,...,.N—1; u<v). (1)

Sekil 3.1°de, YWD yonteminin 4x4 WD kullanilarak bir imgeye uygulanmasi sonucu
dretilmis YWD bilesenleri gosterilmektedir.

YWD yogun yerel betimleyicisi Onerildikten sonra bu betimleyiciyi etkili bir
sekilde kullanacak cesitli yontemler Onerilmistir. Bunlarin bir kismi, iki asamali
YWD (Kaskatlanmis YWD, KYWD) yontemi, histogram hesaplama Oncesinde
imgeyi alt bolgelere ayirma, agirliklandirma ve imgeyi bloklara ayirip onlardan
elde edilen 6zniteliklerin boyutlarini azaltma yontemleridir. Bunlar disinda, YWD
betimleyicisinin imgelerdeki nirengi noktalarinin etrafinda uygulanmast ve YWD
karmagik imgelere XOR yontemi uygulayip gri seviye imgelere donustiiriilmesi ile
de gelistirilmigstir. Ayrica, yiiz dogrulama problemi i¢in Destek Vektor Makinalari
(DVM, ing. Support Vector Machines) yontemi siniflandirma agsamasinda, L2 Norm
Metrik Ogrenme (L2MO, ing. L2 Norm Metric Learning) yontemi boyut indirgeme
asamasinda kullanilmistir.

Bu yontemler arasinda en etkililerinden biri, YWD betimleyicisinin imgelerdeki
nirengi noktalarinin etrafina uygulanmasi ile elde edilmistir. Bu yontemde, &nce
ylize ait nirengi noktalar tespit edilir.  Tespit edilen bu noktalarin bir kismi
secilerek etraflarinda yamalar kesilir. Istenilirse imgenin cesitli boyutlar1 kullanilip
tespit edilen nirengi noktalar1 etrafinda aynmi boyutlu yamalar kesilir. ~ Burada
imgenin farkli boyutlar1 etrafinda ayni boyutlu yama kesmek o bolge icin hem
yerel hem de globale yakin 6zelliklerinin tespiti icin etkilidir. Bu yamalara YWD
yontemi uygulanir ve elde edilen karmasik imgelerin histogrami hesaplanir. Bu
yontem ile egitim kiimesindeki tiim imgelerin yamalarinin 6znitelikleri ¢ikarilir. Bu
sekilde cikarilan yamalarin 6znitelikleri Beyazlatilmigs Temel Bilesenler Analizi (ing.
Whitened Principal Component Analysis) yontemi ile indirgenir. Bu calismada,
Onerilen yontemin gozetimsiz yontem olmasi ve imgelerin sinif etiketlerini icermeyen
veritabanlari iizerinde de caligabilmesi i¢in gdzetimsiz boyut indirgeme yOntemi tercih
edilmistir. Test asamasinda, test imgesinin Ozniteligi bu yontemle ¢ikarildiktan sonra
en benzer Oznitelige sahip egitim kiimesi imgesinin kimligi test imgesinin kimligi
olarak belirlenir.

Ayrica, Onerilen yontem KYWD yaklasimi ile gelistirilmisti.  Bu yaklasimda,
YWD yontemi imgeye uygulandiktan sonra iiretilmis olan karmagik imgelerin sanal
ve gercel kisimlarma YWD yontemi tekrar uygulanir. Bu yaklagim yonteme bir
derinlik katar ve ozellikle diisiik ¢oziiniirliiklii imgelerde bagarimi artirir. YWD’ nin
nirengi noktalar1 etrafinda uygulanmasi yonteminde YWD yerine KYWD yontemi de
uygulanabilmektedir.

Onerilen yontemler uluslararasi bilinen ve cesitli zorluklar iceren veritabanlari
tizerinde test edilmigtir. Bu veritabanlarindan FERET ve SCface yiiz tanima problemi
icin, LFW yiiz dogrulama problemi i¢in kullamilmistir. Bunlardan FERET yar
kontrollu ortamda ¢ekilmis, yiiz ifadesi, aydinlatma, kamera, boyut gibi farkliliklar
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barindiran imgeler igcermektedir. SCface gercek diinyay1 yansitan, karanlik ortamda
cekilmis imgeler dahil kontrolsuz i¢c mekan ortaminda c¢ekilmis diisiik ¢oziiniirliiklii
imgeler icermektedir. LFW veritabani ise internet sitelerinden toplanmis ifade, poz,
imgelerin bir kisminin kapanmasi, aydinlatma, ¢oziiniirliik gibi ¢esitli zorluklara sahip
imgeler icermektedir. Onerdigimiz ¢ogu yontem gozetimsiz yontem oldugu igin
LFW’nun “gozetimsiz” protokoliinde, yani imgelere ait hicbir bilginin bilinmedigi
stmirli sayida imgenin bulundugu kategoride sonuglar verilmisti. DVM ve L2MO
metodlarin1 iceren yoOntemlerimizin sonuglart LFW’nun yalmizca LFW tarafindan
onerilen etiketli ciftlerinin bulundugu disaridan imgenin kullanilmadig1 kategoride
verilmistir.

Onisleme asamasinda, imgeler frontalizasyon, benzerlik doniisiimii ya da HPEN
(High-Fidelity Pose and Expression Normalization) yontemleri ile hizalanmis ve
normalize edilmistir. Yiizlere ait nirengi noktalar1t SDM (Supervised Descent Method)
ya da DIib ile tespit edilmistir. Nirengi noktalar1 etrafinda 6znitelik ¢ikarimi ve
ardindan boyut idirgeme yontemi i¢in yapilan deneyler sonucunda FERET ve SCface
icin bilinen en yiiksek basarim elde edilirken, LFW veritabaninin “gdzetimsiz”
protokoliine gore ikinci en yiiksek basarim elde edilmistir. Onerilen diger yontemlerin
bagarimi i1yi olsa bile bilinen en yiiksek basarimlarin altindadir.

Yapilan deneyler, YWD yonteminin sekil ozelliklerini cikaran gii¢lii bir imge
betimleyici oldugunu, KYWD’nin de 6zellikle diisiik ¢oziiniirliikli imgelerde oldukca
etkili oldugunu gostermisti. YWD ve KYWD’nin nirengi noktalarinda uygulanmasi
yontemi ile elde edilen yiiksek basarimlar yontemin aydinlatma, ifade, yiiziin bir
kisminin kapanmasi ve diisiik coziiniirlik sorunlarina karsi dayanikli oldugunu
gostermektedir.  Ayrica, bu yontem yalnizca yliz tanima problemine degil tiim
biyometrik tanima problemlerine uygulanabilir.
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1. INTRODUCTION

Face recognition is automatically identifying or verifying a person from a still
image or a video frame. It has been studied for more than 30 years but is still a
challenging subject of computer vision. The challenges in this area largely occur due
to illumination, viewpoint, facial expression, scale, and resolution variances. An image
just contains intensity values of pixels. It is seen that variations of two different faces
in the same condition is smaller, most of the times, than the variations of two face
images of a same person in different conditions such as illumination, expression, and

viewing point [[1]].

As technology evolves, the requirement of face recognition application increases.
There is a wide range of information security, surveillance, law enforcement, and
entertainment applications which use face recognition despite there being more
accurate biometric indicators such as fingerprint or iris [1]. However, these indicators
require the cooperation of those being observed whereas face images can be taken
without the requirement for any such cooperation. This property has also increased
interest in face recognition as a field of study. 2D face image recognition is mostly
preferred to the 3D face recognition since acquisition of 2D images are easier, cheaper,
and faster than that of 3D images [2]. Its potential effect on surveillance issue such
as searching for wanted criminals, suspected terrorists, and missing children cannot be

underrated. Some of the face recognition applications can be listed as follows [1]]:

e Law enforcement: CCTV control and surveillance, post-event analysis, shoplifting,

suspect tracking and investigation.

e Information security: TV parental control, TV person identification for deaf person,
personal device logon, file encryption, intranet security, medical records, secure

trading terminals.

e Smart cards: Driving licenses, entitlement programs, immigration, national ID

cards, passports, voter registration.



e Entertainment: Social media applications, video games, virtual reality, training

programs, human robot interaction, human computer interaction.

Face recognition systems generally have four main stages; face detection,
preprocessing, feature extraction, and classification. Face detection is the first step
of face recognition to find and locate faces of humans in images automatically. After
this step, preprocessing operations may be applied. Preprocessing step may include
normalization, histogram equalization, masking, filtering, correction, smoothing,
sharpening, following these by face alignment using just eyes or all detected landmarks
of the face images, and cropping. The last step of the face recognition is the
classification step in which the identities of the face images are determined. The
most frequently used methods to determine the identity of the people are k-nearest
neighbor method and Support Vector Machine (SVM) together with several distance
metrics such as Euclidean distance, cosine similarity, chi square test, and histogram

intersection.

The process of feature extraction can be categorized into two classes as global and
local. In global approaches, features are extracted from the entire image. Global
approaches include subspace approaches such as Principal Component Analysis (PCA)
[3], and Linear Discriminant Analysis (LDA) [4]]; the transformation from spatial
space to frequency space as in Discrete Cosine Transform (DCT) [5]], and Discrete
Fourier Transform (DFT) [6]; as well as moment based approaches such as Zernike
Moments [7]]. Local approaches have been used more frequently due to their success
in handling variations such as illumination and expression. Local representations are
also categorized into two types as sparse and dense representations [8]]. In sparse local
representations such as Scale Invariant Feature Transform (SIFT) [9], points of interest
are detected to be used for object detection. In dense local representations, such as
Local Binary Patterns (LBP) [10] and Gabor [11]], features are extracted by applying

the method to each pixel of an image.

In this thesis, we focus on the feature extraction stage, which is probably the most
challenging part of face recognition systems. Even though the most successful face
detection, alignment, and classification algorithms are used, if the feature extraction

algorithm does not perform adequately, the system will not be successful. In the thesis,



we propose feature extraction methods to solve illumination, expression, occlusion,

time-lapse variations, and low resolution problems.

In face recognition problem, one of the challenges is problem of learning from one
example [12]. In this problem, just one image of people are provided in the gallery set
to determine the identity of a test image. In most of the real world cases we need to
learn from just one example. Beside this, in some cases gallery set may not include
an image of the test person. In order to struggle with these problems, we propose an
unsupervised feature extraction method which will be successful in face identification
problem if there is only one example of people, and in face verification problem even

if there is no example of the people in the training stage.

1.1 Contributions of the Dissertation

The major contributions of this dissertation can be summarized as follows:

e The first contribution of this dissertation is Local Walsh Transform (LWT) method
which is a novel unsupervised dense local image representation method. The
LWT method is based on the well-known Walsh Transform (WT). It localizes the
global WT by applying it to each pixel of an image and decomposing the image
into multiple components, and then producing LWT complex images by using the
symmetrical relationship between them. This method is a simple feature extraction
method like Local Binary Patterns (LBP) [10] and Gabor [[11]. In this dissertation,

we show the effect of this method on the face recognition problem.

e The second contribution of this dissertation is Cascaded LWT (CLWT) method,
which is also a dense local image representation method. It applies LWT again
to real and imaginary parts of LWT complex images. Applying the LWT once
more to real and imaginary parts of LWT complex images increases the success
rate especially on low resolution images. We show the effect of this method on the

face recognition problem.

e Other contributions of this dissertation are Patch-based LWT (PLWT) and
Patch-based CLWT (PCLWT) methods which use efficiently the proposed LWT
and CLWT methods, respectively. These methods take advantages of both sparse

and dense local image representations by applying the LWT or the CLWT to
3



patches extracted around landmarks of multi-scaled face images. The extracted
high dimensional features of the patches are reduced through the application of the

Whitened Principal Component Analysis (WPCA).

e Finally, we show the effect of the proposed PLWT and PCLWT methods on the
challenging, widely known databases which are the Face Recognition Technology
(FERET) [[13]], Labeled Faces in the Wild (LFW) [[12], and the Surveillance
Cameras Face (SCface) [14] databases. The FERET database contains images
including different facial expressions, lighting conditions, cameras, scale, and
aging variances in a semi controlled environment. The LFW database consists
of wild images collected from the web which contain variability in terms of
pose, lighting, focus, resolution, facial expression, age, gender, race, accessories,
make-up, occlusions, background, and photographic quality. The SCface database
mimics the real world conditions of the indoor face recognition problem. As a
result of experiments the state-of-the-art performance is achieved on the FERET
and SCface databases, and the second best unsupervised category result is achieved

on the LFW database.

Other than these contributions, we propose some other methods which lead to lower
performance. One of these methods is LWT with block-based dimension reduction.
In this method, after extracting features by applying the LWT to all pixels of an
image, blocks of the features are reduced by WPCA (Block-based WPCA (BWPCA))
method. In this method, feature extraction process is enriched by dividing images into

subregions and weighting them.

Another proposed method is the LWT with XOR approach. In this method, after
creating LWT complex images of an image by the LWT or the CLWT, phase values
of each pixels are calculated and quantized. Then, XOR operator is applied to these
quantized images and grayscale images of complex images are created. Histogram of
these grayscale images give the features of the image. This method is also improved

by weighting, dividing into subregions and BWPCA approaches.

In the classification step of face verification problem, as an alternative SVM is used in
order to decide if images are matched or unmatched. In this case, only classification

step in the PLWT or in the PCLWT methods is changed by SVM. In addition, in the
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PLWT and the PCLWT methods, instead of WPCA method, L2 Norm Metric Learning

(L2ML) dimension reduction method is applied.

1.2 Thesis Outline
The rest of the dissertation is organized as follows:

In Chapter 2, we review the studies on local representations, WT-based approaches,

and some preprocessing methods.

In Chapter 3, the LWT method is explained in detail. The databases, namely the
FERET, the LFW and the SCface, which are used in the experiments are introduced.
Experimental results for the LWT method is given and complexity of the proposed

method is discussed.

In Chapter 4, the proposed LWT is improved with some approaches such as weighting,
separating into subregions, and Cascaded LWT (CLWT). The LWT with block-based
dimension reduction, LWT with XOR approach, Patch-based LWT (PLWT) and
Patch-based CLWT (PCLWT) methods are introduced. Experimental results are given
for each method. Alternatively, for face verification problem, SVM is used as a
classification method, and L2ML method is used as dimension reduction method.

Complexity of the PLWT and the PCLWT methods are discussed.

In Chapter 35, the thesis is concluded and possible future directions are given.






2. LITERATURE SURVEY

In this chapter, first, we give literature review of some local representations, then
give properties of WT matrix and summarize works on WT, and finally explain some

frontalization and normalization methods.

2.1 Local Representations

Local representations of images arouse interest due to their success in handling
variations. Among dense local representations, Local Binary Patterns (LBP) is the
most frequently used local representation [10,15]. LBP, which was originally designed
for texture description by Ojala et al. [15], has been used for face recognition by
Ahonen et al. [10]. In this method, a binary number is determined for every pixel
of an image by thresholding the pixel with its eight-neighbors. If neighbor pixel is
smaller than center pixel it assigns 0 otherwise 1 and creates a binary number for each
pixel of the image. These binary numbers are then used to create description of an
image. Figure[2.1|shows an illustration of the LBP operator [10]. In [10], Ahonen et al.
also introduce a weight map for a face. For example for face recognition, eyes are more
distinctive than cheeks. Figure[2.2]shows a face divided into 7*7 subregions and shows
weight of each subregion in which weight of a black cell is 0, dark grey is 1, light grey
is 2, and white is 4. In [10], the description image is divided into 7*7 non-overlapping
subregions, and after calculating the histogram of each subregion separately, weighted
histograms are concatenated to create the final feature vector of the image. Many
works use the LBP and its variants such as Local Ternary Patterns [16], Multi-scale

LBP (MLBP) [[17], and LBP Network (LBPNet) [T8].
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Figure 2.1 : Illustration of the LBP operator [10].



(a) (b)
Figure 2.2 : (a) Dividing image into 7*7 subregions. (b) The weight map proposed
in [[10].

2D Gabor filters [11] which produce Gabor phases and magnitudes at several
orientations and scales are frequently used in face recognition methods. Some of the
works which use Gabor filters are Local Gabor Binary Pattern Histogram Sequence
(LGBP) [19], Histogram of Gabor Phase Patterns (HGPP) [20], and Local Gabor
XOR Patterns (LGXP) [21]. In LGBP, after applying Gabor filters to an image,
LBP is applied to Gabor features and so LGBP maps are created. Histograms of the
LGBP maps are calculated by dividing them into non-overlapping subregions and then

these histograms are concatenated to create final histogram sequence of the image.

Figure [2.3] summarizes the approach used in [[19].
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Figure 2.3 : Illustration of the LGBP method [|19].

A more advanced method which uses Gabor is HGPP [20]. In this method, after
applying Gabor filters to an image, Dougman’s Quadrant Bit Coding (QBC) method is
applied to the resulting complex Gabor images. According to QBC, a pixel is labeled
as zero if the pixel value is greater than zero, and otherwise labeled as one. So, each
pixel of real and imaginary parts of Gabor images are constituted by O or 1. Then,
[0-256] valued images are created by using eight neighbors of each pixel of these
images. This approach is called as Global Gabor Phase Patterns (GGPP). Another
approach used in the paper is Local Gabor Phase Patterns (LGPP). In this approach,
after applying QBC method, "exclusive or (XOR)" operator is applied to each pixel



with its eight neighbors and [0-256] valued images are created. Figure [2.4] shows an
illustration of this operation [20]. Then these GGPP and LGPP features are divided
into non-overlapping subregions and histogram of these regions are calculated. These
histograms constitute the features of the image which is called as HGPP. Figure

summarizes feature extraction procedure of the HGPP method.
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Figure 2.4 : Illustration of the LGPP method [20].
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Figure 2.5 : Overview of the HGPP method [20].

Another approach which uses Gabor wavelets is proposed by Xie et al [21]. In
this approach, after applying Gabor filter to an image, the Gabor complex images
are quantized into four phase angle ranges (ie. (0° —90°],(90° — 180°], (180° —
270°],(270° — 360°]. If pixel value of the complex image is between 0° and 90° "0"
is assigned instead of this value. If the value is between 90° and 180° "1" is assigned
instead of this value and so on. After this quantization operation, XOR method is
applied as in [20]. This method is called as Local Gabor Xor Patterns (LGXP). After

obtaining LGXP maps by this method, feature extraction step starts.

In the feature extraction step, direct use of histogram is not effective due to high
dimension of features and "small sample size" problem. So, Block-based Fisher’s
linear discriminant (BFLD) approach is proposed to solve this problem [21]]. In
this method, LGXP maps of an image are divided into non-overlapping blocks and
then each block is divided into non-overlapping subregions. Initially, histograms

of subregions of a block is calculated. Then these histograms are concatenated to



constitute histogram of a block. For each LGXP maps of an image, histogram of each
block is calculated. Then, histograms of each corresponding blocks are concatenated.
For example, top left block of all LGXP maps of an image are concatenated to create
the histogram of top left block of the image. Figure depicts this feature extraction
procedure of the algorithm for an image. Same operations are applied to all blocks of
LGXP maps to constitute histogram of each block of the image. This feature extraction
procedure is applied to all images in the training set. Then features are represented as
"image vs. block" matrices. FLD dimension reduction method is applied to these
matrices and projection matrices are learned. Then the blocks are projected to new
dimension by these projection matrices. The projection matrices are stored to be used
in testing stage. In the testing stage, for each test image after calculating histograms
of blocks, they are projected to new dimensions by the related projection matrices.
Finally, the identity of the test image is determined by using similarity between features

of the test image and that of the training images.
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Figure 2.6 : Application of BFLD method after obtaining LGXP maps of an
image [21].

Local Zernike Moments (LZM) method is based on Zernike Moments (ZM) which is
successful on fingerprint recognition [22]. LZM method is the application of ZM to
each pixel of an image. After obtaining LZM components from the first application
of the LZM, it is applied again to the LZM components. It is asserted that second
application of the LZM reveals statistics of shape characteristics which is obtained
from the first application of it. Then, all LZM components are divided into subregions

which are overlapping by half of the subregions and histograms of each subregions
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are calculated separately. Finally, the histograms are concatenated to construct final

feature vector of an image.

In Monogenic Binary Coding (MBC) [23]], after applying multiscale log-Gabor filters
as a band-pass filter, monogenic signal representation is applied which is built around
the Riesz transform which is a natural multidimensional extension of the Hilbert
transform. Monogenic signal representation decomposes an image into amplitude,
phase, and orientation components, which represent the signal energetic, structural,
and geometric information, respectively. After obtaining amplitude, phase, and
orientation of an image, LBP-like operations are applied to each component separately.
Histogram of each component is calculated after dividing them into non-overlapping
subregions. For face recognition these features are compared with cosine similarity.
As a second method in this paper, Xie’s BFLD method is applied to MBC features of
the image. After that, a weighting approach is used for fusion of the features. In the
experiments it is shown that MBC methods run faster than Gabor-based approaches

and produce competitive results with them.

In [24]), after applying LBP-like operator to take difference of pixels, Fisher criterion
is applied to maximize the ratio of between-class scatter and within-class scatter.
Soft Sampling Matrix, image filter projections and dominant patterns are learned by
applying this criterion. For each pixel, extracted pixel difference matrix is projected
with the learned image filters and soft sampling matrix. The resultant submatrix is
then transformed to form a Discriminant Pattern Vector (DPV). Finally, the dominant
pattern which is the most similar with the extracted DPV determines the identity of the

image. The method is also improved by WPCA.

In Scale Invariant Feature Transform (SIFT) method, which is a sparse local
representation method, the scale space of an object image is constructed and then
difference of Gaussian is applied to extract keypoints [9]. After determining the
keypoints, their orientations are assigned and these orientations are compared to locate
an object within the image. There are also some studies which use the advantages
of both sparse and dense local representations. In [25], SIFT is applied to patches
extracted from five scales of images by visiting every pixel of these images. In [26],
overlapping multiple scales of face image patches centered around facial landmarks

are extracted. Features of each patch are extracted by LBP, SIFT, Histograms of
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Oriented Gradient (HOG), and Gabor. In [27]], features of overlapping multiple scales
of face image patches are determined by LBP or SIFT. Following this, a Gaussian
mixture model is built on the features before face verification. These works show
that using high dimensional data by taking the advantages of both sparse and dense

representations increases the success rate.

2.2 Walsh Transform

Walsh Transform (WT) kernel is defined as a set of orthogonal functions with values
plus and minus ones [28]]. The WT consists of rectangular or square waveforms with
values +1 or -1. Figure (a) and (b) show waveforms of WT of order 4 and 8
respectively [29]. Properties of the WT matrix:

e WT matrix is constituted of just £1s.

The first row and the first column of a WT matrix are always +1.

It is real and symmetric i.e. the matrix is equal to its transpose and conjugate.

The dot product of any two distinct row and column is zero, i.e. they are orthogonal.

It can be constructed for number of rows and columns which are power of 2.

For WT of order N, let j denotes rows from 0 to N — 1, j* row has exactly j zero

crossings.
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Figure 2.7 : (a) Waveforms of WT of order 4. (b) Waveforms of WT of order 8.
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Hadamard matrix supplies all the properties of WT matrix after rearranging the rows

of the matrix [[30]. The lowest Hadamard matrix is order of two as follows:
1 1
H, = [1 _1] . 2.1)

Hadamard matrix of order N = 2" can be constructed by Kronecker product of 2*2
Hadamard matrix and %7*%7 Hadamard matrix. The application of Kronecker product

and so construction of a Hadamard matrix of order N is as follows:

Hznfl H2n1:| ) (22)

Hyn = H2®H2"_1 - |:H2nl —Hyn
Figure [2.8 shows Hadamard matrix of order 8. In order to convert a Hadamard matrix
to a WT matrix, number of sign changes (zero crossings) in rows of the Hadamard
matrix are counted. The number of the sign change in a row of the Hadamard matrix
gives the order of the row in WT matrix. In Figure [2.8] the last column represents the
number of the sign changes in the related row. In Figure [2.9] the matrix is rearranged

in the increasing order according to the number of the sign changes. This matrix is

also called as Walsh-Hadamard Transform (WHT).

11 1 1 1 1 1 1|0
1 -1 1 -1 1 -1 1 -1|7
1 1 -1 -1 1 1 -1 -1]3
H;=|1 -1 -1 1 1 -1 -1 1|4
1 1 1 1 -1 -1 -1 -1]1
1 -1 1 -1 -1 1 -1 1]6
1 1 -1 -1 -1 -1 1 1|2
1 -1 -1 1 -1 1 1 -1}]5

Figure 2.8 : Hadamard Matrix of order 8.

1 1 1 1 1 1 1
1 1 1 -1 -1 -1 -1
1 -1 -1 -1 -1 1 1
-1 1 -1 -1
-1 -1 1 1 -1 -1 1
-1 -1 1 -1 1 1 -1
-11 -1 -1 1 -1 1
-11 -1 1 -1 1 -1

H23

ordered =

[ T T e T
i
1
—

NN Nk WD = O

Figure 2.9 : Walsh-Hadamard Transform of order 8.

WT can be applied to an image as follows:

F=WfWwW (2.3)
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where f is the image, W is the WT kernel and F is the transformed image. f, W, and
F are square matrices and their sizes must be equal. In order to fit the dimension of
the image to the kernel size, the image have to be resized by either zero padding or
interpolation. This resizing operation deforms the image, and reduces the success of

methods [31]].

Figure [2.10] (a) shows the application of a 4*4 WT to a 4*4 image symbolized by
letters, and the output matrix shows how each pixel is constructed. Figure 2.10] (b)
visualizes filters for a 4*4 WT kernel which constructs the transformed image in which
the white squares symbolize plus and dark squares symbolize minus. Figure 2.11](a)
shows an image which is resized to 256*256 and Figure[2.1T|(b) shows the transformed
image which is obtained by applying 256*256 WT to the image.
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(a)

Figure 2.10 : (a) Application of WT to a matrix symbolized by letters. (b) 16 direct
filters to produce application result (F) for a 4¥*4 WT kernel (W).
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(b)
Figure 2.11 : (a) An image with size 256%256. (b) The transformed image with
256%256 WT kernel.

The original image can be reconstructed lossless from the transformed image by using

the same size WT kernel in the following formula:
1
f= 2 WF W (2.4)

where F is the transformed image, W is the WT kernel, f is the reconstructed image

which is same as the original image, and N is the order of the WT kernel.

Alternatively, WT can be applied to an image directly without creating a WT kernel
[30]. By this method, each pixel of the transformed image is calculated separately and
so, unnecessary pixels of the transformed image may not be created. The application

of WT of order N = 2" to an image is as follows:

N—-1N-1

Fluy)= Y Y flx.y)(~1)oee) 2.5)

x=0 y=0
where u € {0,...,N—1},ve€ {0,...,N — 1}, f(x,y) represents the intensity values of an

image over a N*N matrix, and

n—1

q(x,y,u,v) = Z (pi(u)xi + pi(v)y:) (2.6)
i=0

where the terms x; and y; are the digits of the binary representations of x and y, and

po(u) = u,—1
pl(u) =Up1+Uy 2

p2(u) = up—2+uty_3

Pn—1(u) = uy +ug 2.7
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which is obtained by using the binary representation of u. An example of binary

representation is
(u)decimal = (un—lun—2---ulu0)binary (2.8)

where u; € {0,1}. The direct application of WT to an image is faster than first creating

WT matrix and then applying it.

Previously, WT is considered as an alternative to DCT and DFT since it concentrates
the energy of an image to the upper left corner, and is generally used in compression
and coding [30,[3234]. Studies which use WT in face recognition differ considerably
from our approach. In [31] and [35]], Kekre et al. apply WT globally to face images
after resizing them to the kernel size. However, it is stated that resizing an image to
the kernel size decreases the success rate. In [36], PCA, DCT and WT are applied to
whole image, to row mean of the image, to column mean of the image and to both row
and column mean of the image. Applying the methods to whole image and to both
row and column mean of the image performs better than just applying to the row mean
or to the column mean. It is stated that WT is faster than the other methods. In [37],
features of images are extracted by applying WT to the image and down sampling to
quarter of the image. This operation is applied for seven times. For each times features
of the images are extracted and compared by euclidean distance. Experiments on their
own database show that applying the procedure four times and then extracting features
and comparing them produce the best result. However, since the experiments are not
performed on a well-known database it cannot be compared. In [38]], Walsh power
spectrum is used in face recognition problem. It is shown that Walsh power spectrum
performs better than Fourier power spectrum and is tolerant to head movements and
small illumination changes. In [39], after extracting features by synthetic discriminant
functions, dimensions of features are reduced by truncated WT. All of these methods

use WT globally and produce lower results.

In [40], Hassan et al. produce five images from an image by applying different
formulas to the components produced by the application of WT to overlapping blocks
extracted from the image. Juefei-Xu et al. use WT locally by applying WT and
LBP consecutively to each pixel of periocular region of images [41-43]. In [41],
the best standalone feature extraction method is explored for the periocular region

of human faces for identification. It is seen that application of LBP to the features
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extracted by WT performs better than other feature extraction methods such as LBP,
DCT + LBP, Discrete Wavelet Transform + LBP, Force Field Transform + LBP, Gabor
Filters + LBP, Laplacian of Gaussian Filters + LBP, SIFT, and SURF. Most of the
kernels used in these experiments create N2 features for each pixel of the image where
N x N represents size of the kernels. Application of LBP to these features reduces
the N2 features to 1, and so clusters these features for a pixel. In [42], again, WT is
applied to periocular region of an image and then LBP is applied to the transformed
image. After extracting features of all images in the database by this method, subspaces
are built by Unsupervised Discriminant Projection (UDP) [44]]. The most recent work
which use a Walsh-based approach is Spartans [43]]. In the feature extraction step of
Spartans, various sizes of WT kernels are applied to the periocular regions of 3D face
images produced from 2D images by a 3D generic elastic model. Following this,
LBP is applied to the WT components, and an optimal feature subset is selected using
Laplacian regularized A-optimality. Finally, they design a class-specific representation
based on advanced correlation filters in kernel feature space to produce a compact
representation. They also use the coupled max-pooling technique that strategically
combines information from both the MACE filters and the ECPSDF filters. These

methods are different than ours, and also has a lower performance.

2.3 Frontalization and Normalization Methods

In general, feature extraction methods do not perform well on images which include
high pose variations. In order to solve this problem, frontalization and normalization
methods are proposed. In [45], an unsupervised frontalization method called Stacked
Progressive Auto-Encoders (SPAE) is proposed. This method frontalizes the images
gradually and stores all stages of the frontalization. For face recognition, it uses all
variations of images except the one which contains highest variation of pose. In
order to increase discriminating property of the method and make it a supervised
method, they apply FLD method. Experiments show that it produces better results
than 2D methods which frontalize images or projects them to a common space, and

outperform some 3D methods.

In [46], face images are frontalized by projecting them to a single 3D reference face

image unlike most of the other frontalization methods. Thus, the method also aligns
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images while frontalizing. Due to pose variations some parts of faces are invisible.
The occluded parts are determined by using the reference image. After predicting the
invisible parts of the face images, these are filled with values in the symmetric position.
The experiments on the LFW database show that frontalizing images by this method

boost performance about 3%.

In [47]], a High-fidelity Pose and Expression Normalization (HPEN) method is
proposed to automatically generate a natural face image in frontal pose and neutral
expression. In this method, first, landmarks of images are fit to 3D model and then,
the whole image is meshed into a 3D object. The pose and expression variations of
images are eliminated. Lastly, the invisible regions caused by occlusion are inpainted
by a method based on Possion Editing. Experiments on the Multi-PIE and LFW show

that the HPEN significantly improves face recognition performance.
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3. LOCAL WALSH TRANSFORM

In this chapter, first the proposed dense local image representation method Local
Walsh Transform (LWT) is explained in detail. Then, the databases used during the
dissertation are introduced. Finally, experimental results for the LWT method is given

and complexity of the proposed method is discussed.

3.1 Local Walsh Transform (LWT)

In order to generate a face recognition system which is robust to local variations
we propose a method called Local Walsh Transform (LWT) [48-50]. Applying the
LWT method to an image by utilizing a N*N WT kernel, decomposes the image into
N? images with sizes equal to those of the original image. To create these images,
namely LWT components, WT kernel is applied to each pixel of the image in-turn
so that for every visited pixel group, N? values are obtained for the N*N WT kernel.
These N2 values are assigned to the related pixel of each LWT components, which

have same index as the visited pixel.

For example, by applying LWT with a 4*4 WT kernel to an image with the dimensions
of 130*150, we obtain 16 LWT components. We start the application of the LWT from
the (0, 0) pixel of the image. When we apply a 4*4 WT kernel to the region starting
from the (0, 0) pixel, we obtain 16 values and assign these 16 values to the (0, 0) pixels
of the 16 LWT components. We then pass the WT kernel to the next pixel i.e. the (0, 1)
pixel and apply WT to this region. Again, we obtain 16 new values and assign these
values to the (0, 1) pixels of the LWT components. This procedure is applied to each

pixel of the image to obtain the pixel values of the LWT components.

To better illustrate, the LWT method can be explained as follows. While applying
WT to an area, each pixel of the output is created by a different filter as can be seen
in Figure 2.10] So, each LWT component can be created by applying these filters to
the image separately. For example, the first filter is a summation filter which adds the

values of all the pixels that it covers. The first LWT component is thereby constructed
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through the application of this filter to each pixels of the image. For a 4*4 WT, a second
LWT filter adds the values of the pixels in the first and second columns that it covers,
and subtracts the values of the pixels in the third and fourth columns. The second LWT
component is constructed by applying this filter to each pixels of the image; and so on.

Thus, a LWT component y,, , on a pixel (/,m) can be expressed as

—1N—-1

Vur(l,m) =F(u,v,l,m) = Z Z FU+x,m—+y)(—1)70vu) 3.1
x=0 y=0

where u € {0,...,N—1},ve{0,..,.N—1},1=0,..,L—N,m=0,...M—N,Land M
are numbers of rows and columns of the image (f) respectively, and g(x,y,u,v) is given
in Equation By computing v, ,, for all (u,v) values, we generate the so-called LWT

representation of an image, consisting of N2 images, as shown by the set ¥ by

Y ={vo0, Vo1, -» UN-1LN_1}- (3.2)

Figure [3.1|shows the outputs of the application of a 4*4 LWT to a sample image. Each
of the LWT component in the figure is given in the same location as the LWT filter
which is shown in Figure (b).

As one can notice, when WT is applied to the pixels which are in the last
"kernelsize — 1" rows or in the last "kernelsize — 1" columns of the image, the WT
kernel cannot cover the "kernelsize*kernelsize" region. To solve this problem, we

extend the image by mirroring before applying the LWT method. We mirror the image

\_kernelszze 1 J (kernelzsize— 1 "

from the top and left by pixels, and from down and right by

pixels.

Based on the fact that using phase information makes the method invariant to uniform
illumination changes and blurring [51], we propose an approach to create complex
images from LWT components. As can be seen from Figure 2.10] (b), there is a
symmetry between the LWT filters with respect to the diagonal. For example, the filter
indicated by (0, 1) takes the difference in the values of the third and fourth columns
from the values of the first and second columns; the filter indicated by (1, 0) takes
the difference in values of the third and fourth rows from the values of the first and
second rows. Using this symmetrical relationship, we propose to match the produced
LWT components with respect to the diagonal to produce complex images. The

LWT components which are on the upper side of the diagonal are generally created
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Figure 3.1 : LWT components of an image for kernel size 4*4.

by horizontal difference filters, while the LWT components which are on the lower
side of the diagonal are generally created by vertical difference filters. Inspired by
the shape of the Zernike polynomials which are used to produce Zernike complex
components [7,22], LWT components which are on the upper side of the diagonal are
considered as real, while LWT components which are on the lower side of the diagonal
are considered as imaginary parts of constituted complex images. So, if we denote the
rows and columns of the WT kernel by u and v respectively, the LWT component
created by the LWT filter indicated by (u,v) constitutes the real part of a complex
image, and the LWT component which is created by the LWT filter indicated by (v, u)
constitutes the imaginary part of the complex image where u < v. Formally, a LWT

complex image Z, ,, can be defined as:

Zyy = complex(Wyy, Wou) = Wy +iWy, 5 V(u,v=0,..,.N—1L u<v). (3.3)

For a WT order of N, the number of LWT components are N2. By using these LWT
components, the number of the produced complex images becomes (N> — N) /2. For

example, in Figure [3.1] there are 4 rows and 4 columns of LWT components produced
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by the application of the LWT method. Through the creation of complex images,
6 complex images are built from these LWT components which are Zy 1, Zy», Z3,

212,713, and Z; 3.

To calculate the Phase Magnitude Histogram (PMH) of a complex image, the phase
and magnitude of each pixel of the complex image is calculated. The [0,27] angle
interval is divided into bins. The bin of the phase value of a pixel of a complex image
is determined by dividing the phase value to the number of bins, and the magnitude of

the pixel of the complex image is then added to this bin.

3.2 Databases

In this section, we explain the databases used during the dissertation. The proposed
methods are generally evaluated in both face identification and face verification
problems. We have chosen challenging, widely known, popular face databases to
evaluate the methods. Specifically, for the face identification problem the Face
Recognition Technology (FERET) [13] and the Surveillance Cameras Face Database
(SCface) [14] databases are used, for the face verification problem the Labeled Faces

in the Wild (LFW) [12] database is used.

3.2.1 The Face Recognition Technology

The Face Recognition Technology (FERET) is one of the most widely used
benchmarks in the evaluation of face identification methods [13]. It contains a gallery
set (Fa) of 1196 images of 1196 people and four probe sets; Fb (1195 images), Fc
(194 images), Dup I (722 images), and Dup II (234 images). There is no officially
determined training set of the FERET database. Some papers use an unofficially
determined training set (429 images for training, 573 images for testing) which
contains images from the probe sets of the FERET [21]]. However, we prefer to use the
gallery set as a training set, as is used for most of the state-of-the-art results [8,/52].
Since our method is an unsupervised method, not using test images during the training

phase is considered more logical.

When the probe sets are compared with the gallery set, it is seen that Fb contains
different facial expressions, Fc contains different illumination conditions, the images

of Dup I and Dup II are taken with different cameras and have different illumination
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conditions, facial expressions, occlusion, pose and scale in which the former is taken
a week later, the latter is taken a year later. So, these probe sets give opportunity
to evaluate methods with various facial expressions, lighting conditions, cameras,
scale, and aging property. Figure [3.2] shows samples from the FERET database. The
experiments are carried out by using the standard protocol of the FERET and the results

are given as rank 1 accuracy rate of correct predictions [8}[13,/52].

Figure 3.2 : Samples from the FERET database.

3.2.2 The Labeled Faces in the Wild

Labeled Faces in the Wild (LFW) is a database designed to facilitate the studying of
unconstrained pair matching, and is also intended to illustrate the problem of learning
from one example [12]. The database consists of images collected from the web which
contain variability in terms of pose, lighting, focus, resolution, facial expression, age,
gender, race, accessories, make-up, occlusions, background, and photographic quality.
The only constraint for these images is that the faces in the images are detected by
the Viola-Jones face detector. The database contains 13233 images of 5749 different
individuals. 1680 of these have more than one image. Figure[3.3]shows sample images

from the LFW database.

There are six different protocols used to report performance [53]]. There are two types
of files called "pairs" and "people" in the database. "Pairs" files contain list of matched
and unmatched pairs of people. "People" files contain name of people and number
of images they include and so developers can create matched and mismatched pairs

of people as they want within training or testing sets separately. For image restricted
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Figure 3.3 : Samples from the LFW database.

protocol only "pairs" files are used, and for unrestricted protocol "people" files are

used. The six types of standard protocol of the LFW database are:

e Unsupervised: In this protocol, the algorithm cannot access to the label information
of the subjects and whether any pair of images are same or different during training
and testing phases. So, it is not possible to define a threshold to determine if images
are same or not. Therefore, performance has to be reported by Area Under Curve

(AUC) of Receiver Operating Characteristic (ROC) curve.

Image-restricted with no outside data: In this image restricted protocol, it is
assumed that no data from outside LFW will be used including additional images,
or tools such as eye-detectors, alignment methods, or feature extractors that have

been trained on outside data.

Unrestricted with no outside data: In this unrestricted protocol, it is again assumed

that no data from outside LFW will be used.

Image-restricted with label-free outside data: In this image restricted protocol using

additional images from outside LFW are allowed, but these images cannot contain
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the identity of any individual and cannot contain any information about whether

two images are same or different.

e Unrestricted with label-free outside data: In this unrestricted protocol, again

identity or labels of outside data cannot be used.

e Unrestricted with labeled outside data: This is the most permissive protocol, and
allows many types of external data for training including identity of the images,
arbitrary annotations, and pairs of face images labeled as same or different, as long

as they do not contain individuals in an LFW test set.

There are two defined "views" of the database where View 1 is used for algorithm
development and View 2 is used for performance reporting. View 1 contains training
and test sets for both "pair" and "people" files. View 2 contains 10 folds of image pairs
that can be used for leave-one-out cross validation. Each fold contains 300 matched
and 300 unmatched pairs. In the training phase of View 2, the images of View 1 cannot

be used since they may contain the same images [[12,53]].

There are also four types of image sets of the LFW that one of them is original and
three of the others contain aligned version of the images. The aligned images include
"funneled images" [54], LFW-a images [55], and "deep funneled" images [56]]. LFW-a

set cannot be used in image restricted protocol.

We use the "unsupervised" protocol since during both training and testing phases we
do not use the label information of the subjects, and do not access to whether any pair
of images are of the same subject. For both views, we use "pairs" files and so, we use

only the proposed pairs of people without generating any extra pairs.

3.2.3 The Surveillance Cameras Face Database

Images of the Surveillance Cameras Face Database (SCface) are taken in an
uncontrolled indoor environment that mimics the real world conditions of the indoor
face recognition problem [14]. The database contains 4160 images of 130 subjects,
taken with five different quality surveillance video cameras under uncontrolled daytime
and night vision conditions. These five surveillance cameras are installed in a room at
a height of 2.25 m to take images of subjects at three different positions which are

4.20 m (distance 1), 2.60 m (distance 2), and 1.00 m (distance 3) far from the cameras.
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Two of the cameras are capable of infra-red (IR) night vision mode and are used to
take images of subjects when the room is dark. There are 21 test sets which include
images taken at all three distances by the five daytime cameras (cam 1-5) and two night
time cameras (called as cam 6 and 7 which are night vision mode of cam 1 and cam 5,
respectively). In addition to these images of 130 subjects, mug shot images are taken
under conditions expected for passport images or any other personal identification
document. Figure (a) shows mugshot image of a subject, (b), (c), and (d) show
images of the subject taken at distance 1, distance 2, and distance 3, respectively, by
seven different cameras settings. All images in the figure are shrunk with the same
ratio. Therefore, scale difference of the images in the database can be visualized by

this figure.

The experiments are carried out according to the standard protocol outlined in the
original paper. According to the protocol, mug shot images are used as a gallery set and
images from 21 different cases are used as test sets [14]]. Results are given as rank 1
accuracy rate of correct predictions. The paper also recommends to use a different
training set in the training phase which contains images of different subjects, such as

FERET Fa.

3.3 Experimental Results

In order to evaluate the performance of the proposed method, LWT, we conduct a series
of experiments on the FERET database. The FERET images are aligned according to
the eyes, masked and cropped. The size of the images are fixed to 130*150. Then,
the images are normalized to have zero mean and unit variance. We determine values
of the parameters of the method by utilizing the unofficially determined training set of
the FERET. We select the number of bins of PMHs as 8, after trying the number of the
bins of PMHs with integer divisors of 360° total phase angle. We select the number of

the subregions as 15*15 after trying from 7*7 to 24*24.

In order to determine the size of LWT kernel, we apply the LWT method with the
selected parameters for size of LWT kernel as 2*2, 4*4, 8*8, 16*16, and 32*32. The
method is applied to both the unofficially determined training set and the probe sets
of the FERET. Table and Figure |3.4] shows comparison of the success rates of the

proposed method for these sizes of the kernel. The last column of the table is the
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weighted average of the probe sets. As can be seen from the table and the figure, the

best success rate is obtained by 8*8 LWT kernel.

Table 3.1 : Comparison of the success rates (%) for different sizes of LWT kernels on

the FERET database.
Size of LWT Kernel | Training | Fb | F¢ | Dupl | Dup2 | Average
2%2 83.8 88.2 1794 603 |551 |75.6
4*4 88.1 91.6 | 923 | 69.1 | 633 | 819
8*8 90.9 0521928 70.2 |66.2 | 844
16*16 89.7 96.0 | 923 | 66.8 | 62.4 | 83.3
32%32 87.4 93.6 | 82.0 | 57.3 | 55.1 | 776
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Figure 3.4 : Comparison of the success rates (%) for different sizes of LWT kernels
on the FERET database.

LBP [10], LGBP [19] and LZM [22] are the most well-known local representations. In
Table[3.2] we give our success rate in comparison to these methods. LWT outperforms
LBP and LGBP, and is comparable to LZM. These good results of the LWT show that

it is a promising method and worth to study on.

3.4 Complexity Comparison of the Methods

The complexity of the LWT method affects the complexity of other proposed
LWT-based methods. So, having less complexity is important for the LWT. In this
section, first we discuss complexity of the LWT. Then, we give complexity and running

time of the methods in comparison to our method. Let us denote size of an image as
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Table 3.2 : Success rate (%) of the LWT in comparison to other local representations

on the FERET database.
Method Fb | Fc | DupI | Dup II | Average
LBP [10] 93 51 61 50 75.4
LGBP[19] | 94 | 97 68 53 82.2
LZM [22] | 95.0 | 87.1 | 73.8 70.9 85.4
LWT 95.2 | 92.8 | 70.2 66.2 84.4

n*n, number of filters as f, and size of kernel as N*N. We will give the complexity of

methods in terms of #.

The LWT is application of LWT filters to all pixels of an image, in which values of
the covered pixels are just added or subtracted. Number of the LWT filters and so
number of the produced complex images depend on size of the WT kernel. In order to
create real and imaginary parts of a LWT complex image, two filters are used. In our
experiments we always use 8%8 WT kernel. So, number of the filters to create complex
images by LWT with a N*N = 8*8 kernel is f = N> — N = 82 — 8 = 56. Application of
a filter to a pixel takes O(N?) time. All of these filters contain addition or subtraction
operations. The filters are applied to each pixels of an image separately. So, size of the
image determines the complexity of the method. Hence, computational complexity of

T(n) = f*N?xn> =56 xN?xn® is O(n?).

Now, we give the complexity of the methods which are used for comparison of the
LWT. The simplest method which is used for comparison is the LBP. In the LBP, the
operator which takes O(N?) time for a N*N kernel is applied to all pixels of an image.

So, the complexity of T'(n) = N? xn? is O(n?) where n*n is size of the image.

In the Gabor method, filters are applied to each pixels of an image separately by
convolution. According to [57], this convolution operation takes O(N?) time where
N*N represents size of the Gabor filter. So, the complexity of application of a Gabor
filter to an image is O(N? % n?) where n*n represents size of the image. In most of
the papers such as [19] and [21]], 40 Gabor filters of 5 scales and 8 orientations are
used. So, the complexity of application of f = 40 Gabor filters is T'(n) = f* N> xn*> =
40%N? xn? = O(n?).

In the LZM, same approach is used with the Gabor. The LZM filters are applied to

an image pixel by pixel. The filters are created once in the beginning to reduce time
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complexity [22]. Then, they are applied to each pixels of the image by convolution.
If f, N*N, and n*n represent number of the filters, size of the kernel, and size of an
image respectively, T'(n) is equal to f N? s n?. In LZM, number of the LZM filters
are generally selected as 12. So, the complexity of T(n) = f * N?>xn? = 12+ N? xn? is
o(n?).

To sum up, general approach in the application of the methods is first creating filters
and then applying these filters to each pixels of an image. So, complexity of each
method converges to O(n?). Here, the simplest method is the LBP since it uses just
one filter with a low complexity. The second simplest method is our LWT method,
since it just adds or subtracts the values of the pixels that it covers. The running time
complexities of the Gabor and the LZM are greater than that of the LWT, since they
require convolution operation with floating numbers. In addition, size of the Gabor
filters are bigger than ours. Specifically, computation time of application of basic
versions of these methods on a computer with Intel Core 17 2.79 GHz and 8 GB RAM
is given in Table [3.3]in terms of average running time (ms) versus frame per second
for about 10000 run. Standard size of kernels are used for the methods which are 3*3
for LBP[I, 5*5 and 7*7 for LZMEL 40*40 for Gabo and 8*8 for LWT. Computation
times of the methods are as expected that the LBP has the lowest, the LWT has the

second lowest, and the Gabor has the highest running times.

Table 3.3 : Computation time (Average running time (ms) / Frame per second (fps))
of the LWT in comparison to other methods.

Size of image LBP LZM | Gabor | LWT
40*40 0.02/50000 | 24/42 | 28/36 | 4/250
50*50 0.003 /33333 | 36/28 | 52/19 | 7/143

100*100 0.1/10000 | 106/9 | 164/6 |25/40

150*150 0.2 /5000 127/8 | 372/3 | 55/18
200*200 0.3/3333 139/7 | 635/2 | 93/11
250%250 0.6 /1667 193/5 | 1037/1 | 148/7

ICode is taken from https://github.com/pi19404/OpenVision
2Code is taken from [22]
3Code is taken from https://github.com/Ekberjan/GaborFeatureExtactor
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(d)
Figure 3.5 : Samples from SCface database. (a) Mugshot image of a subject. (b)

Images of the subject taken at distance 1 by seven different cameras
settings. (c) Images of the subject taken at distance 2 by seven different
cameras settings. (d) Images of the subject taken at distance 3 by seven

different cameras settings.
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4. IMPROVEMENTS ON THE LOCAL WALSH TRANSFORM

In this chapter, we explain the LWT-based methods which are proposed to improve a
face recognition system. The following sections show the proposed methods and the

experiments.

4.1 Weighting

We adopt the weighting approach proposed in [10] to use distinctive parts of face
images effectively. The details of this approach is explained in Section 2.1} However,
the number of subregions in our study is different than the number of the subregions
used in the LBP. So, we resize 7*7 weight map values to the number of subregions
used in our study (i.e. 15*15 as determined in Section [3.3) by cubic interpolation.
Table [.1| shows result of two methods advanced by the weighting approach. It is seen
that weighting approach increases success rates of both of the approaches. Our method
is still better than the LBP method.

Table 4.1 : Comparison of success rates (%) of the methods advanced by the
weighting approach on the FERET database.

Method Fb | Fc | DuplI | Dup II | Average
LBP (Weighted) [10] | 97 79 66 64 82.7
LWT (Weighted) 96.7 | 96.4 | 74.5 72.7 87.5

4.2 Separating into more Subregions

Partitioning complex images into subregions before calculating PMHs is useful to
protect spatial information of face images [20]. However, while dividing an image
into subregions, we can unintentionally divide meaningful parts of the face images
into different subregions. To overcome this problem, after dividing a complex image
into a*a subregions, we divide the same image into (¢ — 1)*(a — 1) same sizes of
subregions by shifting the starting point by half of the subregion size from top and

left. So, we obtain a® + (a — 1)? subregions for each complex image. Thus, logically
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combined parts may occur together at least once. By this approach, success rate on
Fb, Fc, Dup I and Dup II increase to 97.0%, 96.4%, 74.8%, and 73.1% respectively
by using same parameters determined in Section [3.3] So, this approach makes a slight
increment on the accuracy rates of probe sets. It increases the success rate especially
for Dup I and Dup II which contain more variations than Fb and Fc such as aging, and

scaling.

4.3 Cascaded LWT

LWT filters are a type of high pass filter which eliminates the effect of illumination
and allows the extraction of shape information of the images. In Cascaded LWT
(CLWT) approach, we apply LWT again both to real and to imaginary parts of the
LWT complex images. In other words, we once more apply LWT to sharpened images
in which shape information is extracted by the first application of the LWT. This
approach gives a depth to the method and increases success rate on low resolution
images in which shapes and edges are blurred. To restate, the first application of the
LWT eliminates less relevant features for face recognition and the second application

of the LWT extracts shape information from the sharpened images.

Using the CLWT approach remarkably increases the number of the produced LWT
complex images, compared to the LWT. In order to solve this problem, we select
c complex images from the first and second applications of the LWT which are
determined experimentally. In these circumstances, the number of the produced LWT

complex images are ¢ + 2 * ¢? in total.

It is also possible to apply the LWT more than twice. In other words, we may apply
LWT to real and imaginary parts of the complex images produced by the CLWT. If
we apply the LWT once more to images produced by the second application of the
LWT and select ¢ complex images from each application, the number of the produced
LWT complex images becomes ¢+ 2 % cZ +2% % ¢> in total. If we again apply once
more in the same way, the number of the produced LWT complex images becomes
c+2%c?+2%xc> 423 xc* in total, and so on. Experiments show that application
of the LWT more than twice does not increase the success rate anymore and such
an increment in the number of the LWT complex images increases the computational

load.
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We determine 5 LWT complex images to select both from the first and from the second
application of the LWT by experiments on the unofficially determined training set
of the FERET. These images are determined according to the success rate of each
complex image when they are used on the training set separately. For 8*8 LWT,
the selected LWT complex images are Z», Zo3, Z12, Z1.4, and Z 3. Success rate
is increased to 98.1% on Fb, 97.9% on Fc, 78.0% on Dup I, and 78.6% on Dup II by
using this approach with same parameters determined in Section This approach

increases the success rate especially for Dup I and Dup II.

4.4 The LWT with Block-based Dimension Reduction

By local image representation methods many features are produced, however
comparison algorithms suffer from high dimension of the feature vectors. In
order to solve this problem, dimension reduction methods can be used such as
Principal Component Analysis (PCA) and Fisher’s Linear Discriminant Analysis
(FLD). Unfortunately, since dimension of feature vectors is very high but the number
of samples is low applying these methods suffer from "small sample size" problem. In
order to overcome this problem, Xie et al. propose Block-based FLD (BFLD) [21] as
explained in Section [2.1]

FLD which is a supervised method do not produce good results when a person contain
just one image in the training set [58|]. PCA also has some drawbacks that it keeps
low frequencies which reveal illumination and expression features, and eliminates
high frequencies which contain discriminating information [8,59]. In Whitened
PCA (WPCA) method, eigenvectors are divided by square root of their eigenvalues.
Through this simple intervention, the effect of eigenvectors which give information
regarding details increases while the negative influence of eigenvectors with larger

eigenvalues decreases.

We adopt Xie’s block-based approach for dimension reduction. However, since the
gallery set of our test databases contain just one image of each person, we choose
WPCA method instead of FLD method. So, after extracting features of each block, we
apply WPCA to reduce the dimension of features of blocks of the images. We call this
new approach as Block-based WPCA (BWPCA).
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In BWPCA method [48]], we divide LWT complex images into non-overlapping blocks
and then divide each block into non-overlapping subregions. Initially, histograms
of subregions of a block are calculated. Then these histograms are concatenated
to constitute histogram of a block. For each LWT complex images of an image,
histogram of each block is calculated. Then, histograms of each corresponding
blocks are concatenated. For example, histograms of the top left blocks of all LWT
complex images of an image are concatenated to create histogram of the top left
block of the image. Same operations are applied to all blocks of the LWT complex
images to constitute histogram of each block of the image. This feature extraction
stage is applied to all images in the training set. Then, features are represented as
"image * block" matrices. WPCA dimension reduction method is applied to these
matrices and projection matrices are learned. Then, features of the blocks are projected
to new dimensions by these projection matrices. The projection matrices are stored to
be used in testing stage. Final feature vector is created by concatenating the histograms

of the projected blocks of the image.

We combine the approaches, which are introduced to improve the LWT method, in an
algorithm. The training stage of the algorithm is given by Algorithm 1. Figure 4.1
illustrates the phases of the training algorithm from step 1 to step 6. Let us call these
steps as feature extraction stage. Figure [4.2] illustrates steps from 7 to 9 which is

processed after applying feature extraction stage to all images in the training set.

In the testing stage, feature extraction stage is applied to a test image. Dimensions of
the features of the blocks of the image are reduced by related projection matrices.
Then projected features are concatenated to create final feature vector. This final
feature vector is compared with the final feature vectors of training images by using a

comparison metric.

In the experiments, same parameters with the previous experiment are used. Number of
blocks and number of subregions in a block are selected as 3*3 and 5*5, respectively.
After shifting the starting point by half of the subregion size from the top and left,
number of blocks and number of subregions in a block are selected as 2*2 and 7*7,
respectively. Table 4.2 shows success rate of the proposed algorithm in comparison
to some other methods. Some of these methods include same approaches which are

used in our algorithm. It is seen that, our algorithm is better than most of the methods.
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Algorithm 1 Training Stage of the LWT with Block-based WPCA
Input: Images in the training set
Output: Features of the images

for all images in the training set do
1. Apply LWT or CLWT to create LWT complex images.
2. Divide LWT complex images into non-overlapping subregions and blocks.
3. Divide LWT complex images into non-overlapping blocks and same sizes of
subregions by shifting the starting point by half of the subregion size from top and
left.
for all blocks do
4. Calculate PMHs of all subregions and multiply them with the weight of the
subregion.
5. Concatenate histograms of subregions of the block.
end for
6. Concatenate histograms of corresponding blocks of the LWT complex images
of the image.
end for
for all blocks do
7. Create "images * block" matrix.
8. Apply WPCA to "images * block" matrix and project it to new dimensions.
Store the projection matrix.
end for
for all images do
9. Concatenate all the projected blocks of the image to generate final feature
vector of the image.
end for
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Figure 4.1 : Feature extraction of the LWT with BWPCA.

CLWT approach increases the success rate significantly especially in test sets which

contain more variations.
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Figure 4.2 : The LWT with BWPCA method.

Table 4.2 : Success rates (%) of the LWT and the CLWT with BWPCA in
comparison to other state-of-the-art methods on the FERET database.

Method Fb Fc | DupI | Dup II | Average
LBP (Weighted) [[10] 97 79 66 64 82.7
LGBP (Weighted) [19] 98 97 74 71 87.8
HGPP (Weighted) [20] 975 | 995 | 79.5 77.8 90.2
LZM?-LPMH-IR (W) [22] | 98.7 | 99.5 | 84.8 82.5 92.9
LGBP-Pha+BFLD [21] 99 99 88 86 94.3
LGBP-Mag+BFLD [21]] 99 99 91 91 95.7
LGXP+BFLD [21] 99 100 92 91 96.1
The LWT with BWPCA | 993 | 99.0 | 82.0 78.2 91.8
The CLWT with BWPCA | 99.5 | 100.0 | 88.8 88.5 95.1

4.5 The LWT with XOR Approach

The details of LGXP method [21]] are given in Section [2.1] In the first part of this
method, after quantizing the Gabor images, XOR operator is applied to them and they
are converted into grayscale images. In the same way, we apply XOR operator to the
LWT complex images after quantizing them and create grayscale images. The details

of the algorithm is given in Algorithm 2.

This algorithm is also improved by the approaches used in Algorithm 1. So, we
enhance the algorithm by dividing images into subregions and weighting them.

Figure [4.3] shows the LWT method improved by the XOR approach. Parameters are
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Algorithm 2 The LWT with XOR Approach
Input: Images in the training set
Output: The number of correctly predicted test images

for all images in the training set do
1. Apply LWT or CLWT to create LWT complex images.
for all complex image do
2. Calculate phase value of each pixel by using complex images. Create a phase
image with these phase values.
3. Quantize the phase image where [0° —90°) correspond to 0, [90° — 180°)
correspond to 1, [180° —270°) correspond to 2, [270° — 360°) correspond to 3.
4. Apply XOR method to quantized image and produce grayscale image.
5. Calculate histogram of this gray level image and so create feature vector of
this image. Then save the feature vector.
end for
end for
for all images in the test set do
6. Apply algorithm steps from 1 to 5 to the test image and so create feature vector
of it.
7. Compare feature vector of the test image with feature vectors of the images
in the training set. The identity of the most similar vector is determined as the
identity of the test image. The predicted identity is compared with the real identity
and the result is reported.
end for

selected experimentally as 8*8 for the LWT kernel size, 16¥16 for subregion size,
and 256 for gray level histogram bin number. Success rates of LWT-based methods

improved by XOR approach used with the selected parameters are shown in Table {.3]
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Figure 4.3 : The LWT with XOR approach.

After improving the method with these approaches, we also apply our proposed
dimension reduction method BWPCA. After adding this approach to the algorithm
the parameters are adapted as 15*15 for subregion size and 64 for gray level histogram

bin number. Number of blocks in an image is selected as 3*3. After shifting the
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Table 4.3 : Success rates (%) obtained after improving the LWT with XOR Approach

on the FERET database.
Method Fb | Fc | DuplI | DupII | Average
LWT+XOR 95.4 1938 | 652 |556 82.0
LWT+XOR+Weighted 97.8 1 96.4 | 69.0 | 60.3 85.1

LWT+XOR+Weighted+SlidedGrid | 98.0 | 95.9 | 69.3 | 60.7 85.2
CLWT+XOR+Weighted+SlidedGrid | 97.5 | 97.9 | 78.0 | 72.2 89.0

starting point by half of the region size number of the blocks is selected as 2*2.
According to these parameters the obtained results are shown in Table 4.4} Improving
the Algorithm 1 by XOR method increases the success rate a few. So, we decide not

to continue to experiments with this algorithm.

Table 4.4 : Success rates (%) after improving the LWT with XOR approach by
BWPCA on the FERET database.

Method Fb | Fc DupI | Dup II | Avg.

LWT+XOR+Weighted+SlidedGrid+BWPCA | 99.3 | 97.9 | 76.9 | 71.8 89.6

CLWT+XOR+Weighted+SlidedGrid+ BWPCA | 99.7 | 100.0 | 89.1 87.2 95.2

4.6 Patch-based LWT

We take the advantage of both sparse and dense local representations like [25], [26]]
and [27]] by applying the proposed local dense representation method, LWT, to salient
points of face images. Patch-based LWT (PLWT) is the application of the LWT to
patches which are extracted around selected landmarks of the face images and then
reducing dimensions of the features of each patch. In [26]], it is recommended to
create five scales of images and extract same sizes of patches from each scales of
the images to allow extraction of both the local and global features of the images.
Taking this recommendation into account, we scale images for once or twice before
applying the procedure. It has been asserted that a single global histogram of an image
loses the structural information of an object [10,20]. Therefore, dividing the image
into subregions and then calculating the histogram of each subregion separately is
recommended. Although this work does not use a single global image, the created
patches are still large to emphasize any characteristic features of a face such as moles
and scars. So, before calculating PMH of complex images, we divide them into

subregions.
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The feature extraction stage of the PLWT method is given in Algorithm 3. In this
algorithm, first, landmarks of images are detected and some of them are selected.
Then, the images and their landmarks are scaled for once or twice. For each selected
landmark at different scales of an image, same size of patches are created around
the landmarks. Following this, the LWT method is applied to all patches of the
image and LWT complex images are created. Each complex image is divided into
non-overlapping subregions and PMHs of each subregion are calculated. The PMHs
of the subregions are concatenated to create the features of complex images and the
features of these complex images are concatenated to create the features of the patches.
So, by this algorithm, the features of the patches at all scales of an image are extracted.

Figure 4.4|illustrates the feature extraction stage of the PLWT for a selected landmark.

Algorithm 3 Feature Extraction of the Patch-based LWT
Input: An image
Output: Features of patches of the image

1: Detect salient landmarks of the image.

2: Scale the image and the landmarks (Optional!).

3: for all scales of the image do

4:  Create same size of patches around the landmarks.

5. for all patches do
6: Apply LWT, and create LWT complex images.
7: for all complex images do
8: Divide the complex image into non-overlapping subregions.
9: Calculate the PMHs of all subregions and concatenate these PMHs to create
the features of the complex image.
10: end for
11: Concatenate the features of the complex images to create the features of the
patch.
12:  end for
13: end for

The number of features created by Algorithm 3 is determined by the number of
landmarks, scales, subregions, and bins of the PMHs, and the size of the WT kernel.
The number of landmarks multiplied by the number of scales determines the number of
patches. The number of features of a patch is determined by multiplying the number
of LWT complex images, the number of subregions, and the number of PMH bins.
The number of LWT complex images is determined by the size of the WT kernel. The
dimension of the final features is the number of patches multiplied by the number of

features of a patch.
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Figure 4.4 : PWLT feature extraction stage for a selected landmark. (Parameters used
for this figure: Three scales of image, patch size = 50*50, LWT kernel
size = 8*8, number of subregions that LWT complex features are divided
into = 5%5.)

Since using such high dimensional features is a burden for the comparison metrics
used to identify a test subject, the application of a dimension reduction method to the
features of the patches becomes necessary. For this work, we choose an unsupervised
dimension reduction method to make the proposed methods completely unsupervised
and be operable on the databases which do not contain class labels of images. We

choose WPCA method for the reasons explained in Section [4.4]

In the training stage, the features of the patches at all scales of the training set images
are extracted by Algorithm 3. For each patch of the training images, the WPCA
method is applied to learn the projection matrix of the patch. Then, after extracting
features of the gallery set by Algorithm 3, the dimensions of the features of the
patches of the images are reduced by using these projection matrices. In the testing
stage, Algorithm 3 is applied to a test image. The dimensions of the features of
each patch of the test image are reduced by using the related projection matrices.
Finally, the reduced features of the patches of the test image are compared with the
reduced features of the patches of all the gallery images by using a cosine similarity
metric. A summation of similarity values of the features of the patches gives the final
similarity value. The identity of the image with the highest similarity score is assigned
as the identity of the test image for a rank 1 score. This procedure is applied to all
the images in the test set. Correct predictions are counted to calculate the accuracy

rate. Figure 4.5 summarizes the Patch-based LWT (PLWT) method when the training
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set and the gallery set are considered as same. The code can be downloaded from

https://github.com/uzunper/PLWT.
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Figure 4.5 : Overview of the Patch-based LWT method.

We also use CLWT approach in Algorithm 3. To use CLWT, all that is necessary is to
change the sixth line of the algorithm and apply the CLWT instead of the LWT. When
the proposed method is carried out with the CLWT approach, we call this method
Patch-based CLWT (PCLWT). Using the CLWT approach remarkably increases the
number of the produced LWT complex images, compared to the LWT. Again, we
select ¢ complex images from the first and second applications of the LWT which

are determined experimentally.

4.6.1 Landmark detection and preprocessing

The success of the landmark detection method plays a critical role in the success rate of
the PLWT and the PCLWT. Therefore, the landmark detection programs are selected
carefully. One of the selected successful landmark detection algorithm is Supervised
Descent Method (SDM) proposed by Xiong and De La Torre [60]. The algorithm
produces 49 landmarks which are 5 points for each eye brows, 4 points on nose,

5 points under the nose, 6 points for each eyes, 12 points to indicate outside edges of
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lips, and 6 points for inside edges of lips. Figure d.6](a) shows all landmarks produced
by the program on a sample image. Another successful landmark detection algorithm
is in DIib which is a C++ library containing machine learning algorithms and example
codes to solve real world problems [61]. We use "Face Landmark Detection” code
of this library. This code produces 68 landmarks which are 17 points around face,
5 points for each eye brows, 4 points on nose, 5 points under the nose, 6 points for
each eyes, 12 points to indicate outside edges of lips, and 8 points for inside edges of
lips. Figure [4.6] (b) shows all landmarks produced by this code for a sample image.
These programs are not successful in all circumstances. For example, SDM may fail
to detect landmarks of face images which contain occlusion and different poses, and

Dlib may fail to detect landmarks in low resolution images.

(a) (b)
Figure 4.6 : Landmark points produced by (a) SDM landmark detecter (b) Dlib
landmark detector.

In the preprocessing step, we apply the frontalization method of Hassner et al. [46],
or the normalization method of Zhu et al. [47], or a similarity transform. The
frontalization method both frontalizes and aligns the images, and the normalization
method, High-Fidelity Pose and Expression Normalization (HPEN), both frontalizes
images and eliminates expression variations, by using landmarks detected on the face
images. Since the HPEN does not align images, similarity transform is also applied to

images after the application of the HPEN.
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4.6.2 Face identification experiments on the FERET database

We carry out a series of experiments on the FERET database using the standard
protocol of it after applying similarity transform, the frontalization method or the
HPEN as a preprocessing step. Figure 4.7 shows samples from the FERET database in
which (a) shows the original images (b) shows frontalization operation applied images,
c¢) shows images normalized by the HPEN, and (d) shows similarity transform applied

and aligned images according to eyes.

Figure 4.7 : Samples from (a) the FERET database (b) FERET images frontalized
with no symmetry (c) FERET images normalized by the HPEN (d)
similarity transform applied and aligned images according to eyes.

We determine the parameters of the method by utilizing the unofficial training set of
the FERET database (see Section [3.2.1] for details). LWT kernel size and number
of the bins of PMHs are remained same as in the previous experiments as 8*8 and 8,
respectively. In order to determine the selected landmarks to be used for the PLWT and
the PCLWT methods, we carry out a series of experiments on the unofficial training

set of the FERET database. The landmark detection programs do not produce center
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of eyes. We also designate them by using the coordinates of the landmarks at the two
corners of the eyes. We select some of these landmarks and the landmarks detected
by the landmark detection programs. The selected landmarks include 4, 6, 8, 10, 12,
13, 16, 18, 20, 22, 26, 49, and 51 points. We perform tests by using these landmarks
for several different parameters. Figure [d.8]shows success rates of the PLWT for these
different number of landmarks on the training set of the FERET by using different
parameters for the size of patch and the number of subregions. These experiments show
that the best performance is generally achieved by using the selected 20 landmarks for
the PLWT method. Figure 4.9 shows these selected 20 landmarks on a sample image
which are 6 points from eyebrows, 6 points from eyes, 4 points from nose, and 4 points
from mouth. The size of patches and the number of subregions into which each patch is
divided are set as 50*50 and 10*10, respectively. Figure d.10]shows patches extracted
around the selected landmarks. The dimensions of the features of the patches are
reduced to one less than the number of the images in the training set. The success rate
obtained with the PLWT on the frontalization method applied FERET images with the

selected parameters is given in Table 4.5]
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Figure 4.8 : Success rates (%) of the PLWT for different number of landmarks on the
unofficial training set of the FERET database for different parameters.

For the CLWT method, five LWT complex images are chosen from the first and second
application of the LWT, which are determined according to success rates of each LWT
complex images when they are used on the training set separately. The selected LWT
complex images for 8*8 LWT are Zy 1, Zo 2, Zo 3, Zo.4, and Z; 5. By using the PCLWT
method with these parameters, the success rate no longer increases. Choosing the LWT
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Figure 4.9 : Selected landmarks.
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Figure 4.10 : Patches extracted around the selected landmarks from (a) eyebrows (b)
nose (c) eyes (d) mouth.

complex images proposed in and given in Section 4.3] and applying the PCLWT
method with the same parameters to the images at scales of 1.0 and 1.5 times those of
the originals produce the results given in Table {.5] Although these complex images
are determined by a different method, the state-of-the-art result can be obtained with

these images.

The average success rate obtained with the PLWT is equal to the current published
state-of-the-art result obtained by Local Patterns of Gradients (LPOG) with WPCA
[52]]. LPOG is built by concatenating Block-wised Elliptical LBP (BELBP), and Local

Phase Quantization (LPQ) descriptions. The second best published score is obtained by
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Table 4.5 : Comparison of success rates (%) of the PLWT and the PCLWT methods
to the state-of-the-art results on the FERET database.

Method Fb | Fc | Dupl | DupII | Avg.
LBP [10] 97 |79 |66 64 82.7
LGBP [19] 98 |97 |74 71 87.8
HGPP [20] 9751995795 | 778 90.2
LZM?2-LPMH-IR (W) [22] 98.7 1995 | 84.8 | 825 92.9
2DPCANet [62] 95.7 |1 100 | 945 |93.7 95.5
LGXP+BFLD [21] 99 100 | 92 91 96.1
G-LQP* [63] 99.9 | 100 |93.2 |91 97.0
MBC-F [23] 99.7 1995 1936 |915 97.0
LMGEW//LN+LGXP [64] 99.9 | 100 | 94.7 |91.9 97.5
s-POEM+POD+WPCA [38] 99.7 | 100 | 949 |94 97.7
PCANet-2 [65] 99.6 | 100 | 954 |94 97.8
DBN [66] 100 | 100 [ 952 |934 97.8
LMGEW//LN+LGBP [64] 99.9 | 100 | 95.6 |93.6 98.0
SLF-RKR_1; [67] 99.7 1995 1963 |944 98.1
Fus. of LZM-based approaches [68]] | 99.8 | 100 | 96 94.9 98.2
VGG-Face+WPCA [69] 99.8 1995|963 | 96.2 98.3
LPOG WPCA [52] 99.8 | 100 [ 974 |97.0 98.8
PLWT 99.7 | 100 | 974 | 974 98.8
PCLWT 99.7 | 100 | 98.2 | 97.9 99.1

VGG-Face+WPCA [|69]]. In this method, VGG-face is used as a feature extractor until
the 34'" layer. After the 34" layer WPCA or LDA is applied for dimension reduction.
In this table beside VGG-Face+WPCA, Deep Belief Network (DBN) [66], PCANet
[65]], and 2DPCANet [62] methods are also deep learning methods. The average
success rate obtained with the PCLWT outperforms current published state-of-the-art
method. Although applying the CLWT approach and using more than one scale of
images increase the success rate by only 0.3%, we give these results to show the

state-of-the-art result for the FERET.

In order to see the effect of the preprocessing step, we apply the PCLWT with the same
parameters to the FERET images aligned with just similarity transform according to
eye centers, and the images normalized by the HPEN and then alinged with similarity
transform, and obtain the average success rates of 98.3% and 97.2% respectively. Since
the PLWT and the PCLWT are robust to expression variances and most of the FERET
images are already frontal, the HPEN has negative effect and the frontalization method

has a small positive effect.
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4.6.3 Face verification experiments on the LFW database

We carry out an excessive amount of experiments on the View 1 of the LFW database
in order to adjust the parameters. First of all, we try to determine which version of the
LFW database is better. For that purpose, we use the deep funneled images and LFW-a
images. We have figured out that there is no superiority between these databases. Then,
we try to determine the best landmark detection algorithm for the LFW database. Dlib
finds landmarks better than SDM for the LFW database which contains high variances

of poses and occlusion in the face images.

In the preprocessing step, the frontalization method or the HPEN with similarity
transform are applied. Figure[4.11](a) shows sample images from the LFW-a database,
(b) shows these images after the application of the frontalization method [46], and
(c) shows LFW images normalized by the HPEN [47].

Figure 4.11 : Samples from (a) the LFW-a database (b) LFW-a images frontalized
with no symmetry (c) LFW images normalized by the HPEN.

As a comparison metric, the superiority of the cosine similarity metric and L1 Norm
metric is searched. As in the FERET database the cosine similarity metric is preferred
due to its success. The difference of the cosine similarity metric appears when the
dimension reduction method is applied. Comparing the reduced features with cosine

similarity metric produces better results than the L1 Norm.
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In order to see the effect of standard normalization techniques, experiments are
performed with same parameters by just changing the normalization part. Results
are obtained firstly without applying any normalization technique, secondly by just
normalizing to have zero mean and unit variance, and lastly by applying histogram
equalization method besides normalizing to have zero mean and unit variance. LFW-a
database which contains gray scale aligned images are used in these experiments.
No other operation is applied to these images. It is seen that there is no effect of
normalizing to have zero mean and unit variance, and applying histogram equalization
to images before applying the method decreases the success rate. We also search the
effect of histogram equalization method on patches. Rather than applying histogram
equalization method to whole image, we apply it after extracting the patches. So, when
we apply histogram equalization to patches before applying the LWT method, we again

see that success rate does not increase with this normalization technique.

We search the effect of the shape of the patch on the LFW database. For this
purpose we apply PLWT to horizontal rectangle, vertical rectangle, and square patches
separately. We just change the size of patches as a parameter, the remaining parameters
are not changed. Experiments show that the highest success rate is obtained by using
vertical rectangular in which the edge along y-side is longer than the edge along x-side.
Specifically, the best results is obtained by using size of patch 40*80 and number
of subregions 10*10. Although the best results is obtained with vertical rectangular
patches, we continue our experiments with square patches since the difference is not

high and we use square patches for other databases.

We apply the PLWT to just eyes, in order to see if using just eyes are sufficient for the
face verification problem. The experiments show that just using the eyes is generally
not sufficient to decide if the images are of the same person or not. Applying the
method to the selected 20 landmarks determined by the experiments produce better

results than applying it to the landmarks around just eyes.

Based upon experiments on the View 1 of the LFW, we normalize the LFW images by
the HPEN and then align by similarity transform. The size of patch and the number
of subregions are set to 40*40 and 5*5, respectively. The used image scales are 1.5,
1.0, and 0.5 times those of the originals. The other parameters remain same as those

found in the experiments of the FERET database. The PLWT and PCLWT methods are
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applied with these parameters separately, and the dimensions of the features of each

patch are reduced to 1000.

We compare the average of the AUC values of the 10 folds of the View 2 as
recommended in the unsupervised category of the LFW database [[70]. Table[#.6]shows
the AUC values and Figure d.12]shows the ROC curves of the methods which compete
in the unsupervised category of the LFW. Our both PLWT and PCLWT methods
achieve the second best results. The best result in this category is obtained by the
fusion of the MLBP [17]], Multiscale Local Phase Quantisation (MLPQ) [71]], and
Multiresolution of Binarised Statistical Image Features (MBSIF) [72] descriptors via
nonlinear binary class-specific kernel discriminant analysis classifier (CS-KDA) [73]].

However, this fusion is more complex than our method as explained in Section

Table 4.6 : Comparison of AUC values of the PLWT and the PCLWT methods to the
state-of-the-art results on the unsupervised protocol of the LFW

databaseﬂ

Method AUC
SD-MATCHES [70]], 125*125, funneled | 0.5407
H-XS-40 [70]], 81*150, funneled 0.7547
GJD-BC-100 [70], 122%225, funneled 0.7392
LARK unsupervised [74], aligned 0.7830
LHS [75], aligned 0.8107
I-LQP* [63]], aligned forthcoming
Pose Adaptive Filter (PAF) [76] 0.9405
MREF-MLBP [77]] 0.8994
MRF-Fusion-CSKDA [73]] 0.9894
Spartans [43|] 0.9428
LBPNet [[18] 0.9404
SA-BSIF, WPCA, aligned [78] 0.9318
PLWT 0.9608
PCLWT 0.9688

In this category, the third best score is achieved by Spartans [43]] which is also a WT
based approach. It is completely different than our approach, as previously explained
in Section 2.2] The only deep funneled method in this category, LBPNet [18]], has
the fifth best score and extracts high-level over-complete features by applying LBP
and PCA to patches in the same topology of Convolutional Neural Network. So, our

hand-crafted method also surpasses this deep learning approach.

IThese results are taken from http://vis-www.cs.umass.edu/Ifw/results.html
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Figure 4.12 : ROC curves of different methods on View 2 of the LFW database for
the "unsupervised" settingsEI
In order to see the effect of the preprocessing step, we apply the PCLWT to the LFW-a
images and the frontalization method applied LFW-a images with the same parameters,
and obtain average AUC values of 0.9332 and 0.9583 respectively. It is seen that the
frontalization method increases the success rate by 2.51%, and the HPEN with the
similarity transform increases the success rate by 3.56% for the LFW images which

contain large pose and expression variances.

4.6.4 Face identification experiments on the SCface database

After showing the superiority of the proposed methods on semi-controlled and wild
images, we also validate them on low resolution images in a real life scenario. Since
the SCface database contains low resolution images, both SDM and Dlib fail to detect
landmarks in many images, especially in those taken 4.20 m far from the subjects.
SDM cannot detect landmarks in 800 images of the 910 images taken at distance 1,
whereas Dlib cannot detect any landmarks in any of these images. Taking this into

account, we cannot apply the frontalization method or the HPEN to the images taken at

>These results and the <code to plot this figure are taken  from
http://vis-www.cs.umass.edu/lfw/results.html
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distance 1. Instead, we apply a similarity transform and align the images according to
the eye coordinates given within the database. Actually, Dlib fails to detect landmarks
of most of the images in this database. Since the HPEN only works with 68 landmarks
we cannot apply it to this database. For the images taken at distance 2 and 3, if the
landmarks can be detected by the SDM, the frontalization method is applied, otherwise
similarity transform is applied according to the given eye coordinates. For each test set
at different distances, all images are aligned to those dimensions i.e. for experiments
at distance 1, 2, and 3, all images, including those of the FERET Fa and the mug
shot images, are aligned to distance 1 dimensions (100*75), distance 2 dimensions
(144*108), and distance 3 dimensions (224*168), respectively. Figure d.13|shows the
preprocessed versions of the SCface database and (a), (b), and (c) show the images at
distance 1, 2, and 3, respectively. For each category, the images are arranged in the

order of mug shot image, and then the images taken by cam 1 to cam 7.

Figure 4.13 : Samples from SCface database. (a) Similarity transform-applied
images at distance 1. (b) Frontalized images at distance 2. (c)
Frontalized images at distance 3. The first images of each category are
mug shot image with the same property of the category. After mug shot
images, images are taken by cam 1 to cam 7.

We avoid resizing images and fixing the size of the images to a specific dimension
to prevent any deformation. However, this approach poses a problem when arranging
parameters according to the size of dimensions. To solve this problem, based on the
experiments on the training sets of the FERET and the LFW, we recommend choosing
patch size and number of subregions of 50*50 and 10*10 respectively if the database

already contains frontal images and the average distance between the eye centers is
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greater than 25 pixels. For frontal high resolution images, dividing the patches into
more subregions extracts the characteristics of face images well and increases the
success rate. However, if the database contains high variances of poses, or the average
distance between the eye centers is less than or equal to 25 pixels, it is recommended
to choose a patch size and number of subregions of 40*40 and 5*5 respectively. For
such images, dividing them into more subregions leads to the division and loss of
characteristic information of images. So, for images taken at distance 1 and 2, patch
size and number of subregions are chosen as 40*40 and 5*5, respectively; for images
taken at distance 3, patch size and number of subregions are chosen as 50*50 and
10*10, respectively. Other parameters remain the same as in the other databases. As
a training set, just the FERET Fa or mug shot images of the SCface database with
FERET Fa are used, and the dimensions of the features of the patches are reduced to
one less than the total number of images in the training set. For the images taken at
distance 1 and 2, the used scales are 1.5, 1.0, and 0.5 times those of the originals; for
images taken at distance 3, the used scales of images are 1.0, and 0.5 times those of the
originals which are determined empirically. According to these parameters, Table
Table [4.8] and Table 4.9] show the performance of the PLWT and the PCLWT on the
test images taken at distances 1, 2 and 3, respectively, and by seven different camera
settings in comparison to the LPOG. The ’-F’ symbol in the tables symbolizes that
only the FERET Fa set is used for training. It can be seen that the CLWT approach

considerably increases the success rate of face recognition for low resolution images.

Table 4.7 : Success rates (%) of the PLWT and PCLWT in comparison to the LPOG
on test sets at distance 1 of the SCface database.

Method caml | cam2 | cam3 | cam4 | cam5 | cam6 | cam7
LPOG-F | 623 |477 |362 |392 |43.1 13.1 17.7
LPOG 69.2 | 577 1492 439 |539 | 13.1 17.7
PLWT-F | 646 |454 |492 |569 |508 |19.2 |24.6
PLWT 67.7 |56.2 | 554 |615 |54.6 | 185 |223
PCLWT-F | 59.2 | 500 | 562 |66.2 |53.1 |346 | 338
PCLWT 669 623 |63.8 |708 |600 |362 |362

In these tables, we also compare the results with the current published state of the art
result obtained by LPOG for each camera cases at each distances. It is seen that the
results obtained by LPOG for cam 1 at distance 1 and cam 6 at distance 2 are greater

than the results of those obtained by the PCLWT in both cases in which just FERET
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Table 4.8 : Success rates (%) of the PLWT and PCLWT in comparison to the LPOG
on test sets at distance 2 of the SCface database.

Method caml | cam2 | cam3 | cam4 | cam5 | cam6 | cam7
LPOG-F | 715 |562 |592 |669 |539 |223 |17.7
LPOG 73.1 | 66.2 |63.1 |754 |523 |239 |20.0
PLWT-F 823 [ 677 592 |60.8 |71.5 |10.0 | 13.1
PLWT 823 [ 669 |57.7 592 |73.1 10.0 | 14.6
PCLWT-F | 89.2 | 80.8 |70.0 |70.0 |8.9 |169 |254
PCLWT 88.5 | 80.8 | 754 |73.1 |862 |20.0 |28.5

Table 4.9 : Success rates (%) of the PLWT and PCLWT in comparison to the LPOG
on test sets at distance 3 of the SCface database.

Method caml | cam2 | cam3 | cam4 | cam5 | cam6 | cam7
LPOG-F | 454 |43.1 |492 |523 |362 |262 |19.2
LPOG 4777 1485 | 54.6 |585 |385 |315 |19.2
PLWT-F | 538 |61.5 |59.2 |60.0 |53.1 154 | 20.0
PLWT 654 |70.0 |70.8 |69.2 |56.9 |269 |30.0
PCLWT-F | 71.5 | 708 | 769 |70.0 |63.1 |346 |33.1
PCLWT 73.8 | 762 | 815 |762 |669 |469 | 36.2

Fa used as a training set or not. Other than these results, the PCLWT always surpass

the current state-of-the-art results.

Table 4.10] and Table 4.11] show a comparison of the success rates of the proposed
method with the state-of-the-art results which uses the DayTime and NightTime
protocols proposed in [14], respectively. Some works on the SCface database which
use a subset of images are not used for comparison with the results given here since
they use a different protocol. Our results obtained with both the PLWT and the PCLWT
surpass the state-of-the-art results in both cases in which FERET Fa, and SCface mug

shot frontal images with FERET Fa are used as training sets.

For experiments with cam 6 and 7, which contain images taken in the dark, the
images are deformed by frontalization operations, especially at distances 1 and 2.
For these images, aligning them with a similarity transform produces better results
than frontalization. Table shows the performance on similarity transform-applied
images at distances 1 and 2. In order to exemplify the bad effect of frontalization on
low resolution images, Table @ and Table @ show the performance on frontalized

images and similarity transform-applied images, respectively, taken at distance 2 by
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Table 4.11 : Comparison of success rates (%) of the PCLWT with other
state-of-the-art results on the SCface database using the NightTime
protocol [[14]].

Camera/ | PCA | ELBP(h+v) | LPOG-F | LPOG

Distance | [14] | WPCA [81] | [S2] [52] PCLWTF | PCLWT
cam6_1 | 1.5 9.2 13.1 13.1 34.6 36.2
cam6_2 | 3.1 15.4 22.3 23.9 23.1 33.1
cam6_3 | 3.9 25.4 26.2 31.5 34.6 46.9
cam7_1 | 0.7 13.1 17.7 17.7 33.8 36.2
cam7_2 | 54 13.1 17.7 20.0 30.0 37.7
cam7_3 | 4.6 13.9 19.2 19.2 33.1 36.2
Average | 3.2 15.0 19.4 20.9 31.5 37.7

cam 6 and 7. As can be seen from these tables frontalization decreases the success rate

by about 10%.

4.6.5 Other experiments on face verification problem on the LFW database

The success rate of the proposed PLWT and the PCLWT methods are below the
state-of-the-art results for the LFW database. The highest AUC value for the PCLWT
is the second best result in the unsupervised category of the LFW. For that reason, we
try to improve the method by including Support Vector Machines (SVM) and L2 Norm

Metric Learning.

4.6.5.1 Experiments with Support Vector Machine

In order to decide if images are matched or unmatched, we use Support Vector Machine
(SVM) method. In this method, for each pair we apply Algorithm 3 with the LWT or
the CLWT to images and produce features of patches of the images. Then, we compare
features of patches by cosine similarity metric. We save these similarity values in
order to use later. We apply this method to all pairs in the training set. So, we obtain
similarity values of patches for each pair in the training set. Number of patches are
equal to the number of the selected landmarks times number of scales. Finally, we
obtain a matrix, pairs versus similarity values of patches. Then we use this matrix to
train SVM. In the testing stage, we again calculate similarity values of patches of the

pair and then by using the trained SVM we predict if the pair is matched or unmatched.
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OpenCV SVM does not run stable. Therefore, we use MATLAB to run LIBSVM
which is a simple, easy-to-use library for SVM [82]. After saving similarity values
of patches of the pairs in OpenCV C++, prediction operation is implemented in
MATLAB. We do multi-class classification to predict if the pairs in the test set are
matched or unmatched by using LIBSVM. As a kernel type of SVM we use linear,
polynomial and radial basis functions. Each types of kernel uses different parameters.
We perform experiments for different parameters of different kernels. Since SVM
is a supervised method we use "image restricted with no outside data" protocol of
the LFW and give accuracy of the test set for several parameters. Experiments are
performed for size of patch and number of subregions, 50*50 and 10*10, respectively.
Tabled.12]shows accuracy values of several types of kernels and several parameters for
these kernels when the method is applied to experimentally selected 6 landmarks which
are 43, 48, 40, 28, 23, and 21* landmarks obtained by DIib face landmark detection
algorithm around eyes. The highest accuracy is obtained when polynomial kernel is
applied with degree 2, gamma 100, and coefy 0.1. The second highest accuracy is
obtained with radial basis function when cost is taken as 1000 and gamma is taken as

its default value 1/6 (1/ number of features).

We repeat some of these functions with size of patch 48*48 and number of subregion
8*8. For polynomial kernel with degree 2, gamma 100, and coefy 0.1, accuracy is
76.8%. When gamma is changed to 1, accuracy is 75.9%. For linear kernel with cost
10000, accuracy is 75.7%. For radial basis function kernel with cost 1000 and gamma
0, the accuracy is 74.3%. All of these accuracies are lower than their counterparts for

size of patch 50*50 and number of subregion 10*10.

Experiments are repeated for the selected 20 landmarks. Algorithm 3 is applied to
the selected 20 landmarks to extract features of patches and then similarity values
of patches of image pairs are stored to be used in SVM. Again size of patches are
taken as 50*50, and number of subregion 10*10 in all experiments. Table @.13|shows
accuracy values for Algorithm 3 with just LWT, just LWT applied to 1.0 and 0.5 times
of images, and the CLWT for several types of kernels and parameters. Accuracies are
generally higher when the method is applied to 20 landmarks rather than 6 landmarks.
The CLWT makes a very slight increase. Applying more scales of images may also

increase the success rate. These results are lower than most of the results compete in
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Table 4.12 : Accuracy rates (%) on the LFW database when SVM is applied after
extracting features by Algorithm 3 with just LWT applied on the selected
six landmarks.

Kernel Type Cost Gamma Degree | Coefy | Accuracy (%)
0.01 or less 73.7
0.1 71.5
1 76.0
10 76.4
Linear 50 76.2
100 76.1
1000 76.5
10000 76.6
100000 or more 76.5
0.01 or less 1/6 73.6
0.1 1/6 73.6
1 1/6 73.6
10 1/6 76.8
50 1/6 76.5
100 1/6 76.4
Radial 1000 1/6 77.1
Basis Function | 10000 1/6 75.2
100000 or more | 1/6 75.9
1000 1 75.6
1000 10 76.2
1000 100 75.8
1000 0.1 76.6
1000 0.01 or less 76.4
0 3 0 72.6
0 6 0 68.9
0 2 0 73.0
. 0 2 0.1 73.3
Polynomial 1 5 01 763
2 2 0.1 76.5
100 2 0.1 77.7
1000 2 0.1 76.5

the "image restricted no outside data" protocol of the LFW. Although this method and
the PCLWT compete in different protocols, it is seen that the PLWT and the PCLWT

are far more better than this supervised method.

4.6.5.2 Experiments with L.2 Norm Metric Learning

In the PLWT, after applying Algorithm 3 and produce features of patches, we apply
WPCA as a dimension reduction method. In this method, after application of

Algorithm 3, we apply another dimension reduction method, L2 Norm Metric Learning
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Table 4.13 : Accuracy rates (%) on the LFW database when SVM is applied after
extracting features by Algorithm 3 with just LWT, just LWT using
different scales of images, and the CLWT applied on the selected 20

landmarks.
Accuracy (%)
Kernel Type | Cost | Gamma | Degree | Coefy | LWT ISJZZIZ Sto CLWT
0.1 74.1 | 75.9
1 775 | 77.1 76.6
Linear 10 77.1 | 78.0 77.7
100 76.4 | 76.0 77.0
1000 763 | 76.2
10000 76.3 | 75.5
1000 | O 774 | 76.6 77.1
Radial Basis | 100 0 77.0 | 78.0 77.6
Function 1000 | 0.1 77.3 T1.7
1000 | 0.01 76.7 77.1
1 2 0.1 76.7
10 2 0.1 77.1 76.9
Polynomial 100 2 0.1 77.2 77.8
1000 2 0.1 77.0 77.4
10000 2 0.1 76.3

(L2ML) [83]]. Algorithm 4 gives the steps of the algorithm of this dimension reduction
method. In the algorithm "eigs(S+,k)" function returns A and U. Here, A symbolizes
a diagonal matrix of the k largest eigenvalues and U symbolizes the associated
eigenvectors of S;. The others steps of the algorithm consist of multiplication or
division of eigenvalues and eigenvectors of S_ and S;. To adapt our method to this

algorithm first we prepare the inputs of the algorithm. Input parameters are

@.1)

_ AT — AT
S_= sz'u,«:o did; , S+ = Zwu,-:l did

where d; is difference vector of features of a pair i. According to this formulation
we multiply difference vector with its transpose and add all these multiplications of
the pairs. Here S_ is hold for unmatched pairs, S is hold for matched pairs. Since
we produce features of each patch separately, we produce number of patch times
S_and S;. So, we apply dimension reduction method, L2ML algorithm, to each patch

separately. We store transformation matrix of each patch to use in testing stage.

In the testing stage, we again produce features of patches of images by Algorithm 3

with the LWT or the CLWT. Then, we multiply them with transformation matrices
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Algorithm 4 1.2 Norm Metric Learning Algorithm [83|]
Input: S_ = Yyy—odid] , Sy = Yj—1 did]

Input: Number of dimensions k of the LZML space
Output: The L2ML transformation 7

: AU = eigs(Sy,k)
U =UA"2
:S_=u's.u”
:_,V =eigs(§'_k)
:T=VU’

(U R NN R S

of the patches to reduce dimension. We calculate similarity of the reduced features
of each patch of pairs by cosine similarity metric and add them to produce overall
similarity value of the pairs. We use ROC curve to determine threshold and find
the accuracy. Experiments are accomplished firstly by just using the 43¢ landmark
obtained by DIlib face landmark detection algorithm. We apply Algorithm 3 with just
LWT on 43" landmark with size of patch 50*50 and number of subregion 10*10. If we
reduce the dimension of patches to 500 and 2000, the accuracy is 0.7289 and 0.7605
respectively. If we apply the algorithm to 20 landmarks with size of patch 50*50 and
number of subregion 10*10 and reduce the dimension to 500, the accuracy is 0.7770.
When we use 20 landmarks accuracy increases. However, this method produces less
success rate than WPCA produces. There is also one drawback of the algorithm is
that the size of features which is reduced by this algorithm affect the result very much.
Therefore, in [[83]] all sizes less than the original dimension is tried for the reduced

dimension to find the highest success rate.

4.6.6 Complexity comparison of the methods

In this section, we discuss the complexity of the proposed PLWT and PCLWT methods,
and MRF-Fusion-CSKDA method which produce higher success rate than the PLWT
and PCLWT for the LFW database. Let us represent number of filters used to produce
complex images by f, size of a patch (or an image) by n*n, number of the patches by
P, and number of images in the training set of a database by k. We will give complexity

of the methods in terms of » and k.

In the PLWT method, the LWT is applied to patches extracted around the selected

landmarks and PMHs of the produced complex images are calculated. For the PLWT
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method, we select 20 landmarks and extract a constant size of patches around the
landmarks. Function of running time of the application of the LWT to a patch of an
image is T (n) = f « N%xn®. To calculate PMH we reach all pixels of the complex
images which means the function of running time of this operation is T (n) = f/2 xn>.
Therefore, the total complexity of an application of the LWT to a patch is T'(n) =
f*N?xn?+ f/2xn*> = O(n?). For an image, the LWT is applied to p = 20 patches.
So, the complexity becomes T'(n) = p* (f* N>+ f/2)*n> = O(n?*). For k images in the
training set of a database, the complexity becomes T'(n) = k* p* (f * N>+ f/2) xn*> =
O(k*n?).

In the training stage of the PLWT, after applying the method to all images in the
training set of the database, PCA method is applied. The complexity of the PCA
method is O(t x d?) [84] where d is the dimension of the features and ¢ is the reduced
dimension. So, time complexity of the training stage is O(k * n?) + O(t *d?). In
the PCLWT method, only number of the filters increases which do not affect the
complexity. So, the complexity of training stage of the PCLWT is also O(k % n?) +
O(t xd?). In the testing stage, for a test image, after applying the LWT and reducing
the dimension of the feature vector, we compare these features with reduced features of
images in the training set. The complexity of comparing two vectors of ¢ dimensions
with cosine similarity is O(¢). If we compare the features of the test image with all
images in the training set, the complexity becomes O(t xn). So, the total complexity

for a test image is O(n” 41 xn).

Specifically, computation time of feature extraction, dimension reduction, and
comparison stages of the PLWT method for a test image for size of patch 40*40
and number of subregion 5*5 on a computer with Intel Core i7 2.79 GHz and 8 GB
RAM is 190 ms, 50 ms, and 200 ms on average respectively. Before, applying the
PLWT, preprocessing steps are needed. Among the preprocessing steps, Dlib and
SDM landmark detection programs last 20.7 ms and 16.6 ms on average respectively;
the frontalization and the HPEN last 145 ms and 965 ms on average respectively. So,
for the minimum computation time, if the SDM and the frontalization method are
selected as preprocessing steps, total running time of the PLWT becomes 602 ms
i.e. 0.6 seconds for face identification problem. Although application of the LWT

method for these parameters lasts only 4 ms, preprocessing steps, application of the
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LWT to overlapping patches, and 1-NN comparison for determining the identity of
the images increase computation time. For the PCLWT method, computation time
with the preprocessing steps increases to 0.9 seconds, since the PCLWT creates higher
dimension of features. For the face verification problem, average running time of
the PLWT and the PCLWT decreases to 240 ms and 540 ms respectively for these
parameters without preprocessing steps, since only one comparison is needed for

decision.

Our method surpass the success rates of all compared methods except
MRF-Fusion-CSKDA. Therefore, here we show the complexity of the
MRF-Fusion-CSKDA is worse than that of our method. In this method, MBSIF,
MLBP, MLPQ methods are applied to images which are pixel-wise aligned by a
symmetric Markov Random Field (MRF) matching model. Then, CS-KDA which is
proposed to solve two-class problem, is applied to the face verification problem to
decide if images are matched or not. We ignore the complexity of the symmetric MRF
matching model since it can be counted as pre-processing step. MBSIF is application
of f filters to each pixels of multiscaled images. Then, Independent Component
Analysis (ICA) dimension reduction method is applied to features of each scales of
images separately. Let us show the number of the used scales by s, and size of an
image by n*n. So, the complexity of MBSIF is T'(n) = k * s * f ¥ n*> = O(k x n*) for
k images in training set of the database. The complexity of ICA for each scale of
images is T (k) = 2xm*d * (d + 1) xk+s = O(m+d? * k) where m represents number
of iterations and d represents dimension of features [85]. So, the total complexity of

MBSIF is O(k xn? 4 k* m+ d?).

In MRF-Fusion-CSKDA method, the second method which is used in fusion is MLBP.
MLBP [17] is the application of the LBP for different radius and then application
of LDA. In the method, before applying LDA, PCA (O(t *d?)) is applied to reduce
dimension. The complexity of application of LBP for different radius to all pixels
of an image is T (n) = N? xn?> = O(n?) for N*N kernel. The complexity of LDA is
O(k*d * x + x>) where k is the number of samples, d is the number of features and
x = min(k,d) [86]. In the experiments k is smaller than d. So, the complexity of
LDA may be taken as O(k? xd +k*). The total complexity of the MLBP method is
O(k*xn?4txd* + k> xd+13).
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In LPQ method, a Fourier transform based filter is applied to four frequency points.
Then SVD is applied to frequencies of real and imaginary parts of the produced four
complex images. Application of a filter to an image with size of n*n is O(nz) in
minimum. The complexity of SVD for n*n matrix is O(n). In MLPQ approach,
multi-resolution property of the MLPQ is obtained by applying different scales of
filters to the image. So, the total complexity of the MLPQ is T'(n) = s * (n> +-n®) =
O(n?) for an image where s represents different scales of filters. For each image in the

training set of the database it becomes O(k * n?).

In MRF-Fusion-CSKDA method, after extracting the features of images by MBSIF,
MLBP and MLPQ, CS-KDA method is applied for classification. In CS-KDA
method, first K;,, matrix is calculated by using images and features of these images.
After that Cholesky decomposition is applied to K,,. In this method, the highest
complexity is caused by Cholesky decomposition whose complexity is O(k* — k)
where k is the number of images in the training set of a database [73]. The other
steps of the algorithm are not clear but it is stated that their complexities are less
than this operation. Therefore, the total complexity of the MRF-Fusion-CSKDA
method is O(k*n? +kxm*d*> +txd> +k*>xd + k> +k*n’) = O(k* + k+n?). The
complexity of MRF-Fusion-CSKDA is greater then that of the PLWT and PCLWT
since O(k3 4+ k*n®) > O(k*n?).

4.7 Discussions on the Experimental Results

For a better face recognition system, the proposed LWT method is improved by
weighting, separating into subregions, application of cascaded, XOR, block-based
dimension reduction, and patch-based approaches. Effects of each approaches are
evaluated and it is seen that each of them increases the success rate more or less.
Among these approaches, reducing the dimension with WPCA method increases the
success rate more than the other approaches. As explained in Section 4.4] dimension
reduction methods suffer from "small sample size" problem. To overcome this
problem, block-based or patch-based approaches are used. Second most effective
approach to increase the success rate of the LWT-based methods is the cascaded

approach. It increases the success rate especially on low resolution images. Cascaded
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approach gives a depth to the method and the CLWT extracts the shape information of

the low resolution images better than the LWT.

Separating an image into subregions before calculating histogram of the image
increases the success rate. However, after separating an image into subregions,
separating the image into same sizes of subregions by shifting the starting point by
half of the subregion size increases the success rate only slightly. This approach also
increases the computational load since the number of subregions extracted from an
image is also increased. So, considering the success rate and computational load
trade-off, this approach is not recommended for the LWT-based methods. On the other
hand, extracting overlapping patches from an image and then applying the method to

these patches increases success rate considerably as in the PLWT.

In the experiments, effects of the preprocessing steps are also evaluated. For the
LWT-based methods, it is seen that there is no effect of normalizing to have zero mean
and unit variance, and applying histogram equalization to whole image or patches
before applying the method has negative effect. However, since our method is not
invariant to pose variances, frontalizing images before application of the methods
increases success rate considerably if the landmarks of the face images are detected

correctly.

In order to determine the values of the parameters, the unofficially determined training
set of the FERET and View 1 of the LFW, which is used for algorithm development, are
used. An excessive amount of experiments are conducted on these databases to adjust
parameters. These experiments include determining size of the LWT kernel, number of
PMH bin, number of the subregions that whole, blocks or patches of images are divided
into, number of the blocks, size of the patches, number of the scales, importance of
the LWT complex images separately and together, and importance of the landmarks
on faces separately and together. Besides, effects of similarity metrics such as L1
Norm, cosine similarity, L2 Norm, histogram intersection, chi-square, correlation, and
Bhattacharyya distance are evaluated for comparison of the features. Among these
metrics, the highest success rate is obtained with cosine similarity and histogram
intersection. The shape of the patches for the patch-based methods, and effect of
just periocular region of the face images are also evaluated. It is seen that success

rate of the PLWT on vertical rectangular patches are higher than that of the PLWT
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on horizontal rectangular patches and slightly higher than that of the PLWT on square
patches. Applying a LWT-based method just to the periocular region of the images are

not enough for high success rates.

As a result, the PLWT and the PCLWT methods produce the highest success rates
among the proposed methods. In these methods, applying the LWT or the CLWT to the
overlapping patches, using multi-scaled images, and applying the WPCA dimension
reduction method are effective in increasing the success rate. Application of the CLWT
with the patch-based approach are also effective especially on the low resolution

images as in the other LWT-based methods.
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S. CONCLUSIONS AND FUTURE WORK

In this dissertation, we present novel dense local image representation methods, LWT
and CLWT, based on WT. The LWT decomposes an image into multiple components
by utilizing WT for each pixel of the image, and allows the creation of complex images
by using the symmetrical relationship between the produced LWT components. The
CLWT is the application of the LWT again to both real and imaginary parts of the
LWT complex images. The LWT is a strong image descriptor which reveals the shape
characteristics of images. In the CLWT method, features are extracted from images
already sharpened by the application of the LWT. The CLWT is particularly effective
on low resolution images where shape characteristics are blurred. We also compare
the complexity of the proposed methods with popular feature extraction methods. It
is seen that both the LWT and the CLWT have lower running time than most of the
methods. Among basic feature extraction methods LBP has lower running time than
our methods. However, the success rate obtained with the LWT and the CLWT is

greater than the LBP.

The PLWT is a hybrid model, which benefits from the advantages of both sparse and
dense local representations. It applies the LWT method to patches extracted around
the landmarks of multi-scaled images and reduces the high dimension of extracted
features through WPCA. The PCLWT is application of the PLWT method with the
CLWT approach. We evaluate these methods on the FERET, and SCface databases
which are commonly used to examine the face recognition problem, and the LFW
database which is used to examine the face verification problem. Experimental results
show that both the PLWT and the PCLWT outperform most of the state-of-the-art
methods. To the best of our knowledge, they achieve the best performance on both the
FERET and the SCface databases, and the second best unsupervised category result on
the LFW database. These high performances of the proposed methods show that these
methods are effective on both wild and low resolution images, and are good alternatives

to unsupervised hand-crafted methods.
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As a preprocessing step, the frontalization method, a similarity transform or the HPEN
with a similarity transform are applied. It is seen that the HPEN increases the success
rate for high resolution images which contains large pose variances. The frontalization
method increases the success rate partially on high resolution images. The similarity
transform is the only alignment option for low resolution images since the landmarks

of them could not be detected.

Other than these methods, the LWT is enhanced with some other approaches such as
dividing image into more subregions, weighting, and reducing dimension of features
by block-based dimension reduction i.e. BWPCA. In addition, LWT complex images
are converted to grayscale images by XOR approach. For face verification problem,
SVM is used for classification, and L2ML is used for dimension reduction. However,

the success rates obtained with these methods are below the state-of-the-art results.

Both the LWT and the CLWT are effective, rich image representation methods which
may be used as better alternatives to LBP and Gabor due to performance and low
running time trade-off. In this dissertation, we use these methods effectively and obtain
the state-of-the-art results. As a future work, these methods may be used instead
of LBP or Gabor in a method. In addition, the proposed methods may be applied
to a different recognition problem such as any biometrics and texture recognition.
Moreover, they may be used to feed a deep learning approach. The PLWT and the
PCLWT may also be used in a classification problem since they are successful in both

the face identification and face verification problems.
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