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Abstract: In this study, the Polynomial-based Radial Basis Function Neural Networks is proposed as one of the recognition part
of overall face recognition system that consists of two parts such as the preprocessing part and recognition part. The design
methodology and procedure of the proposed pRBFNNs are presented to obtain the solution to high-dimensional pattern
recognition problem. First, in preprocessing part, we use a CCD camera to obtain a picture frame in real-time. By using
histogram equalization method, we can partially enhance the distorted image influenced by natural as well as artificial
illumination. We use an AdaBoost algorithm proposed by Viola and Jones, which is exploited for the detection of facial image
area between face and non-facial image area. As the feature extraction algorithm, PCA method is used. In this study, the PCA
method, which is a feature extraction algorithm, is used to carry out the dimension reduction of facial image area formed by
high-dimensional information. Secondly, we use pRBFNNs to identify the ID by recognizing unique pattern of each person. The
proposed pRBFNNs architecture consists of three functional modules such as the condition part, the conclusion part, and the
inference part as fuzzy rules formed in 'If-then' format. In the condition part of fuzzy rules, input space is partitioned with
Fuzzy C-Means clustering. In the conclusion part of rules, the connection weight of pRBFNNs is represented as three kinds of
polynomials such as constant, linear, and quadratic. Coefficients of connection weight identified with back-propagation using
gradient descent method. The output of pRBFNNs model is obtained by fuzzy inference method in the inference part of fuzzy
rules. The essential design parameters (including learning rate, momentum coefficient and fuzzification coefficient) of the
networks are optimized by means of the Particle Swarm Optimization. The proposed pRBFNNs are applied to real-time face
recognition system and then demonstrated from the viewpoint of output performance and recognition rate.

Keywords: histogram equalization, ada-boost, haar-like feature, PCA (Principal Component Analysis), FCM (Fuzzy C-mean
Algorithm), PSO (Particle Swarm Optimization), pRBFNNs (polynomial based Radial Basis Function Neural Network)
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Fig. 1. Overall system diagram for face recognition.
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Fig. 3. Topology of Polynomial-based RBFNNs showing three

modules of condition, conclusion, and inference phases.
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Fig. 4. The structure of particle for optimization.

Step 1: Initialization - m 7R2] particleS B2 F7F ol
A WGSHA s} o] %7] swarme] #Huh v}
A& %7] particle velocityS [—Umax, Umax]Lﬁoﬂ/ﬂ sk
Al et 7] swarm®] 7t particle EAELE ©)§
st HrlEla, o)ls ERE phest® AAJICH
patticle & A9 32 TA] gbest= G HT

Step 2: Inertia weight, velocity updating - 33} Zk
Axkslal, (16)2 o]-83ke] jWHA particle velocityS A&
th AFED [~ Vo Unax ] S F2A8HE

Ujk(t-i-l):w(t) Ujk( )

. t
+e oy (pbestjk(t)_zjk(t))
tey oy o (gbesty (t) —ay (1))

%7

o o

(16)

Step 3: Position updating - (17)° I3} particle®] 1|3
= 2d9oh

2y, (t) = v, (t) +a (6 —1) (17)

A7) 2™ < 2y (t) < 2 olh,

Step 4: Individual & global best updating - A2 ]
HEE 7H particleS HH 3ol o8 @rigEoh 7
particle®] H3 == o] phestd] AP} HILEH phest
E A2AL phesto] particle T HZH HE A=
particle®] 2=} oA ghestd] HFEE Hlwste] HF
AXNPRE 71 particleS ghest = A2 G 3T}

Step 5! Stopping criteria - FHEXAS THESIH gl
4 TR3AL, 23A dow Step 247E HHEIH:

Step 6: Optimal parameter - ZFX o0& A gbest=
HAo] AXARE 7t

2 =FoA AlRME okEk2] 7|9k RBFNNs 729] T}
vERl SFEF BdE A, HXA8 Alge] Hde FAle
AL Y FCM S 2B "S AMgshe vk 7t
RBFNNs®] 5ol ZA 93-S vAE Fa3 EAoth
ole ¥ dHolele] 547 RV 2l 5
oF &= o] EAIRA 7|E =wolA e s
A=A Zskar dck oleld o]FE T

HAE} AgE HHTEskal o4 719 RBFNNs9| &7
71ZAY e A

QIA| AJAR] MA I AlEBi[0M
Akt 7]uk RBFNNsS 981914 dugjEos
A AAZE EER12] A|2"lS AR vloly] A e 3]
2ET% H&3) AdaBoost, PCA WHES ARR3ITE A|2H]
o] AAE HFH A & 3L ® 139 17 59} 2ok

=)
=,

Z I

y
it

A 20 B D)

o, & =

BEE RS BRI 2]

Table 1. Development S/W and H/W of face recognition system.

CPU Intel(R) Core(TM)2 Quad CPU Q6600
@ 2.40Ghz
RAM 2G DDR2 RAM
oS Windows XP Professional
Compiler Visual Studio 2008 Visual C++
CCD Samsung SDZ-330
Capture board Osprey-100

a8 5. Al=H AAIE 98k st=so] Al
Fig. 5. Hardware equipment for system design.
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Fig. 6. Flowchart of overall system.
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R,: —0.308670 —0.087411x, +0.2690461, +0.1736411,

Ryt —0.058565 —0.082294x, + 0.0039672, — 0.261087

R, —0.154756 — 0.255290x, — 0.008580, — 0.186037z;
Ry 0.064908 +0.032713z, — 0.206616z, — 0.122488z,

R,: —0.282821 —0.104784z, +0.190745z, — 0.073845z,
Ry 0.139787 +0.298078z, + 0.181766z,+0.107922z,

R,: —0.148004 — 0.281884x, —0.120383x, — 0.165454;,
R,:  0.005581 +0.026555 (18)

2 9 4 AR A seeE,
Table 2. The experiment parameters of face recognition.
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Fig. 7. weight of obtained real time image by PCA.
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Fig. 9. Discrimination process of recognition candidate person.
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Fig. 10. The facial image dataset(Automation Lab).
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Fig. 13. (a) A image among training images (b) A Real-time
acquired image for recognition (wearing a cap).
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Table 3. The experiment parameters of face recognition (Automa- s
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Table 5. The results of Automation Lab dataset(Wearing a cap).

No. of Rules| RBFNNs L-RBFNNs Q-RBFNNs

2 18.8% (13/16) | 56.3% (7/16) | 50.0% (8/16)
18.8% (13/16) | 56.3% (7/16) | 43.8% (9/16)
31.3% (11/16) | 50.0% (8/16) | 43.8% (9/16)
25.0% (12/16) | 25.0% (12/16) | 56.3% (7/16)
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Fig. 15. (a) A image among training images (b) A Real-time

acquired image for recognition (wearing a glasses).
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Fig. 16. Discrimination process of recognition candidate person.

2ol @A Tk

I8 1594E PCAS 53 & = A 9
, Foll W2 EAHY o7} WA= A B4
ATk F2 EZY F, Z, Yo 5FAH] FAE o Q1

o,
™
"

1 A= |
AHEIARL R 150)9) S F8 9le] A BEs
A gar, kel oF 7k F-9ie) WA=rE GEbAEA

E470] uhl hsAe] EAB,
a9 168 A4 FRAEY BERY F @ NS
Gtk F2 A9 ke BEe] Ave 3
Anz Folslolol S, WHAYL B vk
D= AE YelAL Utk ¥ 62 BABEVHE H&
w2 914 Aol AUE Uegich Aol vas
4G A Mol o] A 2eL IASIFAT,
A 2g A ke T S S o
e AR vl WAl % 544 Walrh
2 e gHgel €3 544 wsud o 2 99
HA5 glee RISk

W
1
)
rﬂ,
i
oot
o 5

g%
o 1 ot > g fr o W

£ 6 AEs AT E vlolE] A3 A (7 ZHE ).
Table 6. The results of Automation Lab dataset (Wearing a

glasses).
No. of Rules RBFNNs L-RBFNNs Q-RBFNNs
2 31.3% (11/16) | 62.5% (6/16) | 50.0% (8/16)
3 31.3% (11/16) | 56.3% (7/16) | 43.8% (9/16)
4 31.3% (11/16) | 50.0% (8/16) | 43.8% (9/16)
5 25.0% (12/16) | 56.3% (7/16) | 56.3% (7/16)
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