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Face feature extraction model of convolutional neural
network based on KL divergence

LUO Ke, ZHOU An-zhong

(School of Computer and Communication Engineering, Changsha University of

Science and Technology, Changsha 410004, China)

Abstract: In order to overcome the shortcomings of Euclidean distance measurement in face
feature expression, a neural network face feature extraction model based on KL divergence
is proposed. The convolution neural network is used to transform the input sample into a
probability distribution. The distance between different samples is measured by the KL di-
vergence, and a cost function is defined to optimize the distance. The back propagation algo-
rithm is used to modify the parameters of convolution neural network, the network has a
stronger ability to distinguish between facial features. The extracted face feature vector is
transformed into neural network classifier to performs face validation with YouTube face
database. The experimental results show that the method can not only improve the error
rate but also improve the generalization performance.
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Fig. 1 Triplet method based on distance metric

AR 1 s IEREAS 15 2 BEORE AR i) R g

INFORAEAR S S AR, B2 14
. =JCHMERE LR N,
[zt —a? |5 +a<< 2f—ar 13,
Vzi,al,xi) € T, (D

e BWEE XMBIE 2 WBBEEAR ;2! 5
8 HFEZRFEAR ;27 52t HRFFEAR,
TN P BE B R IR BE L AR A pR R
};[Hflx?»—f<xf>ui—
| faH) —fDli+a]. (2)
PAS (2 A AR R B, 75 ZE I 2 R AR o ik
BT W =0 e M M AL i, — A S
HRREAR , — AR 5 S AR R 2K 1 IEFE AR, — >R
52 BEEAR AR 20 REAR
1.2 ETFTEEZFH CNN A4 FREESR
CNN 2V JBE 27 > HE 42 6 — Rl y DL HE ey 35 A M
T 00 ek 5 4 A A% b B T A 2 kR A )



% 14 K% 20 L4

T, AT KL JE 5 6 A ARAD 2 M 45 A 4 4242 BURE R 87

P HCEE AR B4 T S B 9 2R ) 22 T 2% A fR 3R
TERRAR T 28 1 2 2R P AR ) R 2 Mk B A ) Y
PG AT LA B 42 g A P9 288 3 — 45 i ol B T R AIE 32
WO 732 5 A v Bl B N A AR

FEF CNN N G 45 F £ JBORE 22 K0 A T2 181 4
i 2o AR L e S5 L MARG T YK R B 4 AR e 4 i
JRRH R SRR . 78 CNN 250 1) 42 % 35 =
(FC J2) & BON JI 4 18] & fiz S 3 30 A9 i ik
fi) i AT ARG PR BN I 90 5 A 55 . 18T 2 R
TEEANFEHEL.

ﬁ
-
i
(% Rl s
ikt 3 = 23]
2
HEAE I

N R

B2 ABHERIIER

Fig. 2 Face feature extraction framework
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Fig. 3 Similar samples close to each other,

heterogeneous samples away from each other
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Fig. 4 The CNN structure for face feature extraction
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Fig. 5 The neural network structure for face verification
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Table 1 The test results on three face databases

with different methods %
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