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Abstract
based on traditional convolutional neural networks (CNN). The proposed model is a 9-layer structure composed of an

To improve gender classification accuracy, we propose a cross-connected convolutional neural network (CCNN)

input layer, six hidden layers (i.e., three convolutional layers alternating with three pooling layers), a fully-connected layer
and an output layer, where the second pooling layer is allowed to directly connect to the fully-connected layer across two
layers. Experimental results in ten face datasets show that our model can achieve gender classification accuracies not

lower than those of the convolutional neural networks.
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Fig.1 The crossed-connected convolutional neural network
# 1 CONN [f/g54ifik
Table 1  Description of the CCNN
Layer Type Patch size Stride Output size
T Input 32 x 32
hq Convolution 5x%x5 1 28 x 28 X 6
ho Mean pooling 2x2 2 14 x 14 x6
hs Convolution 5x5 1 10 x 10 x 12
ha Mean pooling 2 X2 2 5x5x12
hs Convolution 2x2 1 4x4x16
heg Mean pooling 2% 2 2 2xX2x16
h~ Fully-connected 364
o Output 2

(Patch size). K (Stride) H1%EJZ % th 1) K /)
(Output size).

1.3 EEENMZMENES]HiE
ST 1 ANREA of, CONN TRy
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2: for epoch = 1 to mazepoch do;

3: for I =1 to N do;

4: THRARANFEA 1 SE R H

5 VAR 2 M RABAE IR % 8%, 8%, oF; (1 <4 <
16), 04 (1< j <12), 83, (1 <5 <12), 8, (1<) <6),
815 (1< <6);
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8: End for

9: End for

Output: M4 FIBUE R .
2 XWERESH

A YE CCNN [PERE, ASCK L CNN
PER Ay R REEAT T L. SER IR AT 10 AN A
I, 4354 UMIST (University of Manch-
ester Institute of Science and Technology) #(#
#0124  ORL (Olivetti Research Laboratory) %4
#E. Georgia Tech ¥#li4£2°) . FERET (Face recog-
nition technology) ##fi4E . Extended Yale B %#f
#1261 AR (Aleix Martinez and Robort Benavente)
H PR Faces94 Hi#is4E. LFW (Labeled faces
in the wild) % #i428. MORPH (Cranio facial
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Table 2 Number of training samples and testing samples of the experiments
Ktk Ik kAR
% /3 R b u R
UMIST 209 57 266 95 19 114
ORL 320 30 350 40 10 50
Georgia Tech 450 75 525 195 30 225
FERET 658 532 1190 105 105 210
Extended Yale B 1280 384 1664 576 192 768
AR 910 910 1820 390 390 780
Faces94 2000 400 2400 660 20 680
LFW 8000 1900 9900 2000 800 2800
MORPH 40997 7102 48099 3000 1000 4000
CelebFaces+ 27887 37113 65000 2500 2500 5000

longitudinal morphological face) £ #ii4EF1 Celeb-
Faces+ #4420, i s 36 34 18 i7-3770 CPU
3.40 GHz 8.00 GB W1 Dell &ML EAFH Mat-
lab R2010a &84T 58 k.

CNN WZE#H M ZHw'E S CCNN M F, B,
3 NEGHBUZ (hy, hs, hs) BB K AN 50 h
5x5.5x5 M 2x2 WHEFRRNE2x2.
CNN 1 CCNN {52 2] 248 E o4 0.1, 14, CNN
1 CCNN 7& 7 M 4E (UMIST ##i4:. ORL
i 4. Georgia Tech %4 4E. FERET %4
4. Extended Yale B ##i %2 AR ##li%E . Faces94
) B SRR ECY 30, 7 3 MR
(LFW %445 MORPH #(#li4E . CelebFaces+ %
PAE) RS KIEARIRECA 200.

2.1 SLIGEIEEREN

FE SR R 10 A Hdis 420, UMIST %
#idE. ORL #¥i4E. FERET %445, Extended
Yale B %4 4270 AR HdiE 4R 10 UG O K R,
Faces94 #fli4E . Georgia Tech #fli4E . LFW % ¥
2. MORPH #i#i 4. CelebFaces+ £ 41 %
ARG, R T AT A, RSO G 1 AR
AR EEE, IG5 —JE RGN —46 0 32 x 32,
AR 16 [0, 1].

B2 g5 T & A B AR s B B R R
2 4y T L R AR U R A R AR R
oL, Hoh 7 AP 45 (UMIST. ORL. Georgia
Tech. Extended Yale B. AR. Faces94. MORPH)
i B B4 4k o 4 B v, 3 A B R
(FERET. LFW. CelebFaces+) {if Fil $## 4z v (1)
A R AN, AR S S T ] 2 A IR A
EHBA R, WE— NH N B RAGE [ I L
IAE N ZRIE A AR

(i) MORPH i 4E
(i) MORPH dataset

(a) FERET %u#i gk
(a) FERET dataset

(c) AR i

(c) AR dataset

(e) UMIST %448
(e) UMIST dataset

(g) Faces94 (i 5
(g) Faces94 dataset

(b) ORL #rfuts
(b) ORL dataset

(d) Extended Yale B ¥(# 2
(d) Extended Yale B dataset

(f) Georgia Tech $(IFLE
(f) Georgia Tech dataset

(h) LFW (3R 4
(h) LFW dataset

(j) CelebFaces+ ik 4
(j) CelebFaces+ dataset

2 10 MRS IR B E 5

Fig.2 Examples of face images in ten datasets
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2.2 CCNN 5 CNN ARSI 2 bbig

ALK H CCNN 5 CNN # A 10
A NI HAREE EIEm > LB g5 B S5 70K 3 .
MHAHMEE H: CCNN £F UMIST. Georgia Tech.
FERET. Extended Yale B. Faces94. LFW.
MORPH #I CeleFaces+ X 8 M4 L1145k
ffi %45+ ONN, 17E ORL f1 AR 5 CNN #f
. 5 CNN #itk, CCNN 7£ UMIST #il LEW %¥i#
£ R RUE A 4 e T 2.71 % 1 0.86 %. iX
Al RAESE A 5 CONN A DL B Al H P ANt A 2 $2 Y
PIPRFE 224328, 1) CNN H A — AN fe )2 32
B IE 29328, S8 CONN 7S AN F R
i BV BE 08 S M ME A b s i RS S, AT Rk1S T
SEIF I3 PR RE.
# 3 CNN fil CCNN 7£ 10 M4 L0 KR (%)

Table 3  Classification accuracies of CNN and CCNN in
ten datasets (%)

K e CNN CCNN
UMIST 96.49 99.20
ORL 98.00 98.00
Georgia Tech 97.60 97.78
FERET 94.77 96.44
Extended Yale B 98.53 98.82
AR 98.71 98.71
Faces94 96.46 97.35
LFW 87.00 87.86
MORPH 92.73 94.56
CelebFaces+ 85.18 88.70

2.3 CCNN 5 CNN EB ML HERGESHH

DAL

Jy b8 CCNN 1 CNN 43 5 76 55 ot #1 %&
PR GE S P BB E, KA Georgia
Tech. Extended Yale B. Faces94 1 LFW iX 4
ANECHE A BT TR, g R Wk 4 iR, AR
4 WLLAE H, CONN X5V Lot ORI & 1) 23
FUER R AL T CNN. CCNN £ Faces94 #i 4%
£ BT BEL Lo PERUOUE SR A 1 43 R HE A 2 0 50l A
100 %~ 94.70 % F197.5%, 5 CNN A4 54 =
T 1.52 % 0.26 % #10.89%. t4h, CCNN Fil CNN
XS PRI 2> R UERG 2 = T oM. 5 Georgia Tech %1
PEgE I, CNN Fl CCNN i 53 P11 20 B UEff R 4 4
99.49 %, 1% PR RUER 3 95.71 % i
96.07 %. X 1] HE AL K A 7E Bdn A b 2ot N G
BT BENEEG, SEC AR -GG 152
803 1R 2Rt BT

#4 CNN #1 CONN 7E 4 Mg BRI K% (%)

Table 4  Classification accuracies of CNN and CCNN in
four datasets (%)
E{EITEIS CNN CCNN
% Z  RE 9 u BE
Georgia Tech  99.49 95.71 97.60 99.49 96.07 97.78
Extended Yale B 100 97.06 98.53 100 97.64 98.82
Faces94 98.48 94.44 96.46 100 94.70 97.35
LFW 95.00 79.00 87.00 96.80 78.92 87.86

24 AEEEARRI CCNN a0

HRBEAF #5577 A CCNN P fg =4
HIs%m, A CHE Georgia Techy AR« Faces94. LEW
AT MORPH hiAMHd4E BT 195, g & R
* 5 P, o, hy — hy Ko 2 NSRS
IVERR AR I 7 KU AR, ha — hy RIS
3SR SRR E NI KR, hy — hy
TS 4 MREE R 52 RGN 7 2R 4,
R, hs — hy RoRATHIE 5 ANMES R S RIER R RE
FEIN 3 2845 1.

# 5 CCNN TEA A& 7 Ao KU 2 (%)

Table 5  Classification accuracies of the CCNN with
different cross-connections (%)

sk hy —h7  h3—hs  ha—hs  hs —hy
Georgia Tech 97.96 97.84 97.78 97.33
AR 98.85 98.85 98.71 98.59
Faces94 97.50 97.35 97.35 97.35
LFW 88.13 88.04 87.86 87.86
MORPH 94.63 94.63 94.56 94.45

MK 5 AT LLE H, AN 5% J7 28 CCNN
MR A e m. BAACKRE, T HAKZ M
faf 25 aEE 2 g, CONN 175 K HEf %
METHZEMREGES 2T EEEN 12K
#HEffi %, i, CCNN 7t Georgia Tech %i#fi4E I
4 Ff AN [F) 1) 5 3 7 23R A3 (1) 43 S8 HE A 2 40
M H97.96 % 97.84 % 97.78 % F1 97.33 %, 1 H]
B2 ANREE (hy) SAEREER NI U
#(97.96 %) METHZ GBS Z (hs, ha, hs) 5
AR 1) 3 R UER A (42 R 97.84 %, 97.78 %,
97.33%).

3 it

R YUAEALE G AR S i e fil b 42 T —
AN PR A 2R s A B 45 A R CCINNL 1%
HYGE NG 10 o 5 )2 JE B A AN B 2 ) AR R AL,
AT SE A Ay b s i AR A R, 3R A5 B 4 g i)
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