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I. INTRODUCTION

(b), (c) and (d) in different size are used in I8] to extract
features. And, Lienhart et al. [11] introduced eifficient

ACE DETECTIONis a fundamental task for applicationsscheme for calculating 45rotated features. And, Mita and

such as face tracking, red-eye removal, face retogrand
face expression recognition[1]. To build flexislestems which
can be executed on mobile products, like handh€d &nd
mobile phones, efficient and robust face detec#lgorithms
are required.
Most of existing face detection algorithms considerface
detection as binary (two-class) classification peab Even
though it looks a simple classification problem,ist very
complex to build a good face classifier.

Kaneko introduced a new scheme which makes Haar-lik

features be more discriminative [6]. Though Halee-feature
provides good performance in extracting texturesascading
architecture and integral image representation mitke
computationally efficient, it is still not feasiblen mobile
products.

T. Ojala et el. [12] a new rotation
computationally lighter feature sets. It shouldnoged that the

Thereforebasic LBP features have performed very well in oasi

learning-based approaches, such as neural netvesedb applications, including texture classification esshmentation,

methods or supports vector machine (SVM) methoalgs been
proposed to find a good classifiers [2][3][4][5]Most of
proposed algorithms use pixel values as featutdswever,
they are very sensitive to illumination conditiarsl noises [6].

Papageorgiou et al. [7] used new feature, ialked Haar-like
features.
intensities between two rectangular regions, aay &ne able to
extract texture without depending on absolute ites.

Recently, Viola and Jones proposed an efficigstesn for
evaluating these features which is called an iafeigrage [8].
And, they also introduced an efficient scheme torstructing a
strong classifier by cascading a small number dfirtitive
features using Adaboost. Its result is more roimsst and
computationally efficient.

Base on Viola and Jones’ work, many improvements ¢
Mainly, there @ t

extensions have been proposed.
approaches to enhance their scheme. The firsbappris an
enhancement of the boosting algorithms. Boos®gs[one of
the most important recent developments in clasgifio

methodology and, therefore, many variant of AdaBsash as
Real AdaBoost, LogitBoost, Gentle Adaboost, KLBaust

etc[10], have been proposed. The second appreadn i
enhancement of used features. Base on origingdogm of
Haar-like features, (a), Viola and Jones extendufeaset as
shown in Figure 1.

(a) (b) (c)
Figure 1. Example of Harr-like feature sets

image retrieval and surface inspection [13].

Il. LOCAL BINARY PATTERN

Local Binary Pattern (LBP) features have performedy
well in various applications, including texture ss#ication and

These features encode differences imagee segmentation, image retrieval and surface inspectio

The original LBP operator labels the pixels of arage by
thresholding the 3-by-3 neighborhood of each pixith the
center pixel value and considering the resultlzisary number.
Figure 2 shows an example of LBP calculation.
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Figure 2. Example of LBP calculation

The 256-bin histogram of the labels computed owensge
can be used as a texture descriptor. Each biistoignam (LBP
code) can be regarded as a micro-texton. Locahifives
which are codified by these bins include differéypes of
curved edges, spots, flat areas, etc. Figure 3vstsmme
examples
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Figure 3. Examples of texture primitives
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The LBP operator has been extended to considezreiff
neighbor sizes. For example, the operator LBRuses 4

neighbors while LB ,considers the 16 neighbors on a circle

of radius 2. In general, the operator LBR refers to a
neighborhood size of P equally spaced pixels olr@decof
radius R that form a circularly symmetric neighbet. LBR r

produces 2 different output values, corresponding to tfe 2

different binary patterns that can be formed byPRhgixels in
the neighbor set. It has been shown that certais dontain
more information than others. Therefore, it isgiole to use

used to select the features and to train the &kassiThe formal
guarantees provided by the AdaBoost learning praeedre
quite strong. It has been proved in [15] thattth&ing error of
the strong classifier approaches zero exponentialythe
number of rounds. Gentle AdaBoost takes a newtepssor
optimization.

Gentle AdaBoost
1. Start with weights w; =1/N i=1,2,... N, F(z) = 0.

2. Repeat for m =1,2,... . M:

(a) Estimate fr,(x) by weighted a fit of y to .
(b) Update F(z) + F(z) + fm(z)
(c) Update w; ¢ wie™% ifm (%) and renormalize.

3. Qutput the classifier sign[F(z)] = sign[S"M_, fi(2)]

Figure 5. Gentle AdaBoost

only a subset of the?2.BPs to describe the textured images. The weak classifier is designed to select the singsP

Ojala et al. defined these fundamental patterrib@se with a
small number of bitwise transitions from O to 1 asce versa.
For example, 00000000 and 11111111 contain O transi
while 00000110 and 01111110 contain 2 transitiortsso on.
Accumulating the patterns which have more tharaBsitions
into a single bin yields an LBP descriptor.

The most important properties of LBP features dmirt
tolerance against monotonic illumination changed é&émeir
computational simplicity.

A. LBP based Facial Representation

Each face image can be considered as a composifion
micro-patterns which can be effectively detectedthy LBP
operator. Ahonen et al.
representation for face recognition. To considex shape
information of faces, they divided face images iMosmall
non-overlapping regionsgRRy, ..., Ry (as shown in Figure 4).
The LBP histograms extracted from each sub-regrenttzen
concatenated into a single, spatially enhancedrfe&istogram
defined as:

H; ;= Zf(ﬁ (x,y) =) ((x.y) € R;)

where i =0, ..., L1 j=0, .., M-1. The extred feature
histogram describes the local texture and globapstof face
images.
LBP

(Face Image)
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Figure 4. LBP based facial representation

Il
In this system, a variant of AdaBoost, Gentle Ada&ads

LEARNING CLASSIFICATION FUNCTIONS

histogram bin which best separates the positive reeghtive
examples. Similar to [8], a weak classiflefx) consists of a

featuref; which corresponds to each LBP histogram bin, a

threshold &; and a parity pindicating the direction of the
inequality sign:
1

hj(x) = { 0
Found weak classifiers are used to compose a strong
classifier.

it pifilx) < p;6;
otherwise

IV. THE ATTENTIONAL CASCADE
A cascade of classifiers is used, which achieveseased

introduced a LBP basece fagetection performance while obviously reducing catapon

amount. Simpler classifiers are used to rejectniagority of
sub-windows before more complex classifiers areduse
achieve low false alarm rates.

Stages in the cascade are constructed by traitasgifiers
using Gentle AdaBoost. A positive result from marktrong
classifier triggers next strong classifier whichshelso been
adjusted to achieve higher detection rate thanipuswne. A
negative result is immediately rejected at anyestafgcascade
structure.

All Sub-windows

Further
Processing
Reject Sub—window

Figure 6. Schematic depiction of the detection adsc
Because an overwhelming majority of input sub-winde

negative, this method can significantly reduce thenber of

sub-windows which is processed with more complessifier.



V. TRAINING DATASETS

Because | am building an appearance-based detscti@me,
large training sets of images are needed in omeapture the
variability of facial appearances. Some trainingraples are
shown in Figure 7.
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Figure 7. Example face images from the training wih
rotation.

As shown in above figure, my training set also lides
rotated face training examples to enable to detgated faces.
Because rotated face in every 96an be detected by rotatin
LBP operator, onlyt18 , 12° and 6 rotated face exampleg

meters are the UNKNOW

; .order model whose para : ] 0
a low-order mc estimation of these m

Global motion analysis is the
parameters.

i 5 § ttained
The computation of global motion has seldom a

i e

center tage cf r'esearc:h due to thC.“ well—col:;ﬁio
assumption thai it is a linear or othcrwxn.c‘ 1 LTy
problem. I nractice, an image seque.nce dlt'»p Ays Pl g
that voids the assumption of Gaussian noise in the o
field data. The presence of moving foreg.round ObJekt_:
occlusion locally invalidates the giotal motlon.model,_ gl
rise to outliers. Robustness to such outliers is requiret
global motion estimators. Researchers [1-16] have forn‘ml
solutions to global motion problems, usually W_lth
ipplication perspective. These can be broadly classifie
yature-based [6-9], and flow-based [1-5] techniques. Fea
ased methods extract and match discrete features bet
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are added to training set.

Figure 9. Negative examples from printed charaters.

With above training set, face detection works witlican
detect faces in images with low false alarm rdat, it can not
detect faces in low light condition and dark skinds. To solve

By this method, | obtained 298,000 nonface patteass
negative training examples.

this problem, there are two approaches; one is émag

preprocessing and another is enhancing traininglsetio Jin
and Shin’ich Satoh introduced a good method tared#d an
illumination condition of image and enhance its lqud14].
But their method is computationally, it is not fiees on mobile
product.

Therefore, to enable the system to detect facdswrlight
conditions, faces in various illuminations and dakin faces
are also added to my training set.

(7

Figure 8. Example face images from the training wih
various illumination conditions.

| collected 57,134 face images and used it as &iyos
training set.

To collect nonface patterns, | used the “boostsifdtegy in
five iterations [2]. First, my system extracts Zf¥dterns per an
image from a set of false-alarm-causing image &éttwdo not
contain faces. Because most of false alarms ane é@mm trees,
characters, handwritings and fabrics, | used thHesds of
images as a false-alarm-causing image set. Soamepies are
shown in Figure 9.

Then, at the end of each training iterations, | tlie face
detector and collected all those nonface pattehas were
wrongly classified as faces and used them for itrgin And,
extract negative training examples on false-alaansing
image set again. To get more efficient negativengles, |
used classifiers which were found in previous tieraand
chose negative examples which were mis-classifieal face.

VI. EXPERIMENTRESULTS
From the collected training sets, | built LBP hggtams.

Then | used these histograms as inputs to the itgarn
application and trained the face classifier.

Figure 10. Face detection results
Some of face detection results are shown in FigQreEven
though trained classifier still suffers from daMirsfaces, its




detection result was quite good.

Finally, | implement a face detector which usegtrd face
classifier as a S60 Symbian application. On VGpuina face
detection which use LBP-based classifier took €oad to
process whole image while Haar-like feature badaedsifier
took 6.3 seconds to process image.

VIl. CONCLUSIONS

In this project, | introduced and implemented a&fdetection
algorithm, based on LBP features. Motivated byftw that
computing Haar-like features are too computatigniafiavy to
work on mobile product, | utilize another featurédieh is
computationally simpler than Haar-like feature.

Although LBP feature is simpler, my implementat&imows
that it is enough to discriminate faces and noeddaster.
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