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Abstract

With the popularity of mobile devices, all kinds of related applications are
constantly being developed to meet user needs. However, subject to the re-
quirements of portability restrictions, we can not endlessly amplified its com-
puting performance to cope with the many demands. Based on this consid-
eration, this paper proposes a new training methods for face detection. The
learning by simple data augmentation allows mobile devices to strengthen the
out-of-plane face detection capabilities with little increase of computed con-
sumption. According to the experiments of various data sets, the proposed
method is recognized as a viable approach. The functional enhancement with
efficiency not only improves the performance but also allows mobile devices
to perform more functions simultaneously to facilitate the development of

more rich applications.
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Chapter 1

Introduction

Figure 1.1: B #& B], B~ p [38]
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Chapter 2

Related Works
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2.1 Weak Classifier

2.1.1 LBP
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Figure 2.1: Local Binary Pattern
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2.1.2 Haar-like Feature ~ HOG

HTa B ¥ Ladric i# 7 Haar-like Feature 2 HOG (Histograms of Oriented
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23 HOG P 4 = w R i3 5 Bl $0 B s 53 Ridarek » &
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Figure 2.2: Haar-like Feature, B~ p [23]
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2.2 Strong Classifier

2.2.1 Adaboost

Adaboost 5 Adaptive Boosting 55 » F & + & &7 & H i B VAEA S A H
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5 A % ® (Strong Classifier) o P # & ¥ * 7 Adaboost 3 A #f B % & ;2 5 Gentle
Adaboost » it 78 boosting T 3 5 4 = TR Ak nd f A o A LgEd 28
regression function i& 45 11 R £ e | SR A 0 HUPRARIE B s e L ATHE
BE o B d inst P &

Gentle AdaBoost
1. Given N examples (x;.y)).....(xy.y,) Wwith xe Sik,y,-e {-1,1}
2. Start with weights w;=1/N,i=1, ..., V.
3. Repeatform=1, ... M
(a) Fit the regression function f, (x) by weighted least-squares of y; to x; with weights w;
(¢) Set  wye—wpexp(—y;f,(x)) ,i=1,.., N, and renormalize weights so that Yw;=1

4. Output the classifier signi:f;f”(x)}
m=1

Figure 2.4: Gentle Adaboost, B~ p [23]

2.2.2 SVM - Neural Network
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Figure 2.5: Support Vector Machine, B~ p [40]
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Figure 2.6: Neural Network, B~ p [41]
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Figure 2.7: Cascade Classifier, B~ p [23]
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<!-- stage 15 —-->
< >
<maxWeakCount>9</maxWeakCount>
<stageThreshold>-1.0141675174236298e-001
</stageThreshold>
<weakClassifiers>
< >
<internalNodes>
0 -1 50
-43553 1710194655 -43937 -541102097
-168826897 -184549921 -1532542655 -4258609
</internalNodes>
<leafValues>
-4.1064536571502686e-001 5.4582500457763672e-001
</leafvValues></ >

< >
<internalNodes>
o -1[3] the content of LUT
-123734569 -728579295 -1065295872 -2067596094
-2080257359 -2130605428 -48921708 -189349953
</internalNodes>
<leafvValues>

=-5.0367355346679688e-001 4.4452941417694092e-001
</leafvalues></_>

<features>
< >
<rect>
3 2 3 2</rect></_>
<>
<rect>
3 2 9 7T</rect></ >

Figure 2.8: OpenCV Xml Format
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Chapter 3

Proposed Algorithm

3.1 Problems
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Figure 3.2: Labeled Faces in the Wild-a (LFW-a)
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Figure 3.3: MIT CBCL Face Data

12

d0i:10.6342/NTU201602169



e
=L
= ER Al 2 ||#E
Clear
IcC ¥ [
remsmEs | v
P
W, A
A
B3 IR
EEa) £
Bt =
AR i -
SEEEE
Bk Y 55
HE 114
BE 140
e 1
L R
ot vl
12415
O | v [ #r. [ 7. [ EE. ]
[V St i RRRAR S ik i [+]
o

Figure 3.4: XnView 3+ =< & 4%

13

d0i:10.6342/NTU201602169



3.4 Samples Expansion and Mixing
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xl = xllxwaxll+zlrxwaxlr (3.1

rr = xrilxwzrlt+rrrswaxrr (3.2)

waxll = |z l—alr7| (3.3)

waxlr = |z l—zll (3.4)

waxrl = |lzr—xzrr (3.5)

waxrr = |lxr—zrl (3.6)
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3.5 Training Results

non-Expansion Expansion Expansion+
Positive 2000 10000 10000
Negative 1000 1000 1000
Stage 17 17 17
minHitRate 0.995 0.995 0.99995
Feature 80 96 159
Xml 28.9KB 34.3KB 59.9KB
Time 13’10~ 14°22” 11°43”
Table 3.1: 3" %% %, LFW-a
non-Expansion Expansion Expansion+
Positive 2000 10000 10000
Negative 1000 1000 1000
Stage 17 17 17
minHitRate 0.999 0.999 0.99995
Feature 85 104 115
Xml 32.8KB 39.0KB 45.2KB
Time 14°25” 23°21” 15°50”

Table 3.2: 2" %% % , MIT CBCL

Table 3.1 3.2 & %] &

% 22t B 9K (non-Expansion) ~ 2 &
AUEEIRL RAnafi AR B BV EE
EEPIR o DA B A gy JUR e i e ut B
# ¢ % (Minimal Hit Rate) #% < %

D Beng A oo 2§ d At
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&
!

B e o DIRPER S Y Bl
PR E gL i Bk (23]
WA RE
BOf A o P [22] SR ATEH
Ao RIPLRADRRE LR

W 820 menE BN A EE RS &
A

LFW-a 2 MITCBCL s739"st% % » £ p 3
"% (Expansion) ¥ it &

SR A B TR

- R SRR

40 %3 SUK (Expansiont) -

B rfRAER

£k 0 Bh i #-F — & (Stage) G|

0.99995 « o AT § ¢

3 4Fu# Z2 OpenCV P 43¢ 4 4F

TR AhRY EYApR 0 B R A LR EE YR

SORE N

f'l"lgilf ):}:,,L "’khi 15;

THRAR B RAM o P77 3 Hc (Feature) T
s T ANRE G F DR

FEA R - &

EAENY B R

# » f3k %_False Alarm Rate 5 50% e in ™ »
3] 50% 12+ o %Pe Figure 3.11 ez p? » B
el S g F] 5 7’?“

foR

ARG P BT ZRA A x T Bushf A Bt % F I F 1,048,576 % 1+
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Chapter 4

Experiment

4.1 Test Method
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4.2 Test Results
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Figure 4.2: B35 %, B-p [43-46]
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4.3 Analysis
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Chapter 5

Conclusion
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