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Cross—view gait recognition: a GAN approach with skip connections and
convolutional block attention module

ZHANG Hongying, YANG Mingchuan
(College of Electronic Information and Automation, CAUC, Tianjin 300300, China)

Abstract: To address the problem of decreased recognition accuracy in gait recognition caused by viewpoint variations, this
paper proposes a recognition method based on a generative adversarial network (GAN) with skip connections and
a convolutional block attention module (SC—GAN). First, skip connections are introduced into the generative ad-
versarial network to fuse feature maps in the channel domain, thereby preserving more gait-related information.
Second, the convolutional block attention module is introduced to focus on more feature locations and content
specific to particular viewpoints. Finally, cross—view gait recognition experiments are conducted on the gait dataset
B of the Institute of Automation, Chinese Academy of Sciences (CASIA-B dataset). Experimental results demon-
strate that the proposed model maintains good robustness and effectiveness under multiple covariate factors.
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(DiGGAN, discriminative gait generative adversarial net—
work ), AR AT LR AR KU e 4 = AN WAL L OF A
SR B A AN HEAE . Chen 50 I Z ML SR
XTI 2% (MyGGAN,, multiview gait generative adver—
sarial network ) , il it 4= BB AP ASHEAS LY 7800 5

NS AP SIS T8 0 B S8 o Yu SEOE T T

— PB4 T3 A S 2% (SPAE, semantic pyramid

autoencoder BEAL, IDEEA [A] 2548 120 A5 R 4 2]
G5 — R e RSN BEATIR ), {H AR B I 5 i B2 K
PRl Bl o 12 A1 A= 4 H B 25 285 A O 470 0 45070
(GaitGAN, gait generative adversarial network ), JCT7 7l
FEfi e dan A G A B RIAT AR s A A0 S TR
HE Y 28 25 A O BT R0 48 58 T ( Gait GANV2, gait

generative adversarial network version 2)#f— > ff B4
Z 505 B TEA R RFESR IO T SS3 T A PERE
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AR B O R B O S R RE o (HHAE S AT A
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TR B SRR I S PR R ] 22, AT
T BV RN BB LA 2D U0 5 AT 2
WIFE R g 14 DG B )

25 b AR SCR I — PR S BRI e S B T B
TR A= XTI 4% (SC-G AN, generative adversar—
ial network with skip connections and convolutional block
attention module ) , 3 o 5| A Bk BR % 2 DL el itk %) 2% 25
4, Rl 255 AR 22 71858 (CBAM, convolutional
block attention module )1l M 75 T4 DAL AR AE B9 4y
TEAAZ G s 2 b R B H S b i b 5 8idide
B(CASIA-B, gait dataset B of the Institute of Automation,
Chinese Academy of Sciences) ' X} SC-GAN #1751
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Fig.1 Cross—view gait recognition network architecture
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Fig.3 Basic 90° view—invariant GEI generator model
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Fig4 90° view—invariant GEI discriminator model
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Fig.5 90° view-invariant GEI generator model with skip connections
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Fig.6 Structure of convolutional block attention module
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Fig.7 90° view-invariant GEI generator model with skip connections
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FHRFHERS BAUAL /S PERE  XF T GEL T 7 , s IR 4
FER R A BRI T 02k, 5 S B WA, TR
WRIBCR o I, 38 % ok ] PCA #EA7 R4k, 72 L BR
TUAR R A 1] I 400 3 R 7, A7 28 e ik AU 55 T A5 B
Je K B4 IS B 45 B A LDA BEATHI3, LA S 43 R
LDA fe KAEIE IR B e/ MESS T AR AT
TR 32K RETT

2 ZWWIESSHh

JFEATHUE SC-GAN A R FE AN AR
L EBUHE S CASIA-B b JE 1785 00 £ 45 245 30 591 52
B o VB A SRR RGP B L A TR AP 451
I SEIE D AT RE X b o A S5 A A R 4 i
T, BE RS0 N Windows, TR JE 2% 2 fELE
TensorFlow 5 Keras, 4f 21 5 4 Python , il 1477 1,
{di 1] Intel Xeon(R) Silver 4112 CPU@2.6 GHz AbFEZS,
IF#5#% 2 7K NVIDIA GeForce RTX 2080 Ti .
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Fig.8 Examples of gait image sequences under different viewing

angles in the CASIA-B dataset
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Fig.9 GEI generated from the CASIA-B dataset
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] S RUG P IR, B H 6 N IEH1TE 75
(32 ID(001-062 )-nm-01 % ID(001-062)-nm—-06) .
2 NS T E 1 (ID(001-062 )~bg—01,1D(001-
062)-bg-02) }% 2 P23 KAA T 751 (ID(001-062) -
cl-01,1D(001-062)—cl-02 ) o ;X LEEHH S H TARIARLIIZ

()M 4E : 5 62 452183 (1D 063-124) B9 %k
PELL N, F ot — R 4 S e . O,
i AR 2R E WIRT 4 D IEFATE 5 GE A ID(063-
124)-nm-01 & ID(063-124)-nm-04); QA i) 4 , £
SHAFH, G 2 A IEE 178751 (ID(063-124 ) -
nm-05,1D(063-124)-nm-06) .2 MEH WAL TE 75
(ID(063-124)-bg—01,1D(063-124 )-bg—02 )l 2 > %

HRKATEFHI(ID(063-124)—cl-01,1D(063-124 ) -
cl-02),
213 AAZHE A

A REZEM

A AR R FH S A — R A 2 A8 7 S A B B, 8
1 AR R R E G ) SRAE SR 208 5 AH Y |l
TESRAS B B R FH AR ] i b RBE PR 328 0k 42 %
IR ARSI A AR SR AT
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-fif % C512— C256— C128
b, C FRBRR)ZE R EE A AH WV 8 4

D)HIAN B LM

223k I G5 9 ) 551 25 K6 P A A W A i 2 i o
A DXISEAS R B A SO T AR S5 F a0 T
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2.2 EF CASIA-B 4R

A SC-GAN Y1 RE A IE #4325 (CCR, correct
classification rate )i & , FoE R IERf 23 25 BOREAS Bl
YRR .

Fe 1.3 2 fIFE 3 JB/R T SC-GAN 1E CASIA-B ¥
e F B AR RE . LI AE SRR . O A if) 4
FIEHATEESINN (R 1), CCR 1E[RIPA N e, I b
AR 22 S8 M e B @ A 3 4 R A )
IRATE P I (3R 2) 8028/ RARATEF I (3% 3)R), 5%
ANIRAEAL T, BAK CCR B E R, HICH: F <3
HAf 22 SR \CCR MU A TR M kA
2.3 HERSCIE

TE CASIA-B $#i4E I, A SCLL GAN S FERHESE,
Bt T 3 HINmsLs S5 —4 N R iG GAN Hegk ;26 —
ZHAE B FERE FA G ABRBRE 2 55 =40 — &
BEER R S CBAM, A4 HiPFAE SC-GAN 750 f 2
APHMTESS TP PERE, 3250 783 A T CASIA-B Hi

x1 EREAERTERFTIH CCR
Tab.1 CCR for the probe set of normal-walking sequences

%

s i) 4E (ID(063-124)—nm-05, ID(063-124 ) -nm-06 ) L i
0° 18° 36° 54° 720 90° 108° 126° 144° 162° 180°
FMHEECH D 0° 97.58 66.13 50.81 4435 29.84 2339 24.19 28.23 3871 47.58 75.00
(063-124)-nm-~ 18° 77.42 99.19 92.74 71.77 49.19 38.71 42.74 47.58 52.42 54.84 5242
01 £ ID(063~ 36° 5000  91.13 9839 9355 7339 5968 6048 6774 6855 5484 3548
;ﬁg_“m_m) 54° 37.90 69.35 92.74 96.77 93.55 86.29 85.48 80.65 73.39 47.58 27.42
72° 25.00 39.52 72.58 91.94 99.19 97.58 96.77 86.29 66.13 38.71 21.77
90° 22.58 30.65 54.03 79.84 97.58 99.19 99.19 83.87 54.03 34.68 20.16
108° 25.00 41.13 63.71 83.87 95.16 96.77 99.19 94.35 76.61 49.19 23.39
126° 20.16 5242 60.48 76.61 83.06 81.45 92.74 97.58 96.77 55.65 27.42
144° 35.48 55.65 66.13 68.55 68.55 59.68 77.42 97.58 99.19 80.65 38.71
162° 53.23 66.13 61.29 49.19 36.29 39.52 41.13 60.48 88.71 99.19 75.00
180° 70.97 4597 3145 20.97 19.35 18.55 17.74 24.19 33.87 75.00 99.19
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Tab.2 CCR for the probe set of carrying—walking sequences
%
s )4 (ID(063-124 )-bg—01,ID(063-124 )~bg—02) ¥ ]
0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180°
EMHECH 1D 0° 84.68 54.03 36.29 25.00 18.55 21.77 17.74 19.35 25.00 33.87 51.61
(063-124)-nm—  1go 58.06 88.71 75.00 48.39 39.52 31.45 33.06 38.71 4597 4435 36.29
(1);4%_1)11(_0063)_ 36° 3871 7903 8468 7097 5565 4032 3710 4355 5232 4274 2581
WA 54° 29.84 55.65 81.45 86.29 79.64 59.68 57.26 55.65 57.26 38.71 25.00
72° 21.77 33.87 54.84 75.00 93.55 82.26 79.64 70.16 45.16 27.42 21.77
90° 18.55 33.87 50.00 60.48 83.06 84.68 81.45 63.71 36.29 25.81 21.77
108° 15.32 33.06 49.19 60.48 79.64 79.03 87.90 79.64 68.55 30.65 15.32
126° 24.19 3145 4435 55.65 63.71 58.87 75.00 82.26 7742 41.13 23.39
144° 29.84 40.32 47.58 41.94 49.19 47.58 54.03 76.61 84.68 55.65 35.48
162° 37.90 40.32 36.29 29.03 27.42 30.65 27.42 39.52 58.06 82.26 50.61
180° 52.23 29.03 25.81 20.97 12.90 11.29 9.68 1371 27.42 41.13 87.90
*3 ETHEAFERKRITEFIH CCR
Tab.3 CCR for the probe set of coat—walking sequences
%
S AEHEEID(063-124)—c1-01, ID(063-124 ) —cl-0280 £
0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180°
HEMHEECH 1D 0° 41.94 26.61 19.35 16.94 12.90 12.10 9.68 16.13 19.35 21.77 25.81
(063-124)-nm~ 18° 25.81 4597 47.58 28.23 20.97 20.16 17.74 19.35 26.61 22.58 18.55
?;f_ﬂ_ogj)‘ 36° 2419 4194 5887 5323 2903 2097  20.16 3226  29.84 2823 1774
e 54° 18.55 29.84 49.19 58.87 47.58 38.71 4355 37.10 32.26 17.74 12.10
72° 22.58 27.42 36.29 47.58 63.71 51.61 48.39 48.39 33.06 16.94 8.87
90° 19.35 25.81 3145 41.94 60.48 55.65 50.81 47.58 32.26 20.97 10.48
108° 18.55 29.03 35.48 4597 59.68 50.00 60.48 58.87 40.32 25.81 8.06
126° 10.48 25.00 30.65 34.68 46.77 41.13 4597 60.48 55.65 30.65 12.90
144° 14.52 24.19 29.03 37.10 30.65 25.00 37.90 53.23 58.06 40.32 16.13
162° 16.13 20.16 29.84 20.97 19.35 12.10 16.94 28.23 36.29 4274 25.00
180° 15.32 11.29 9.68 8.87 5.65 7.26 7.26 12.90 16.13 27.42 41.13

S ITA LA RS S, T LL nm bg el 3 FATIE SR
PFF CCR SN EZIEMFaAR o TH Rl S g6 45 51
M 4 iR,

R4 IMTERUTEEREENTY CCR

Tab.4 Average CCR of ablation variants under three walking

conditions
. CCR/%
nm bg cl
GAN 55.36 36.19 19.72
GAN+BIR 32 61.03 45.27 28.39
GAN+BEERTEHE+CBAM 62.22 48.10 30.44

FINFLBR L A0 7 %
H13% 4 A0, 7E GAN 5| ABKBRIEREZ )5, 3 FiT
EFAF T Y CCR 5 BT SIABRERE 2
J5HY GAN S i B S F AR AE EHR Bl AR i
TR AR A L SR A R R A R R T B R AR
FEAN I [ IR AE A S T B SR R R S, 1 A%
e ERAE BERS Rl 5k H it as 220 2 UK
A2 1 45 B, L DT S 2 48 i 1 A i PR 15 ) 4 1 £ B

2.3.1

RE 1. FeBlRAEDEE TR ET , S ER
AR R 2R, MEkERIE BEHL T A L o I A it
THRBREE
232 @EkbPkskiE A CBAM % 5 ik

e ABKBREZ LA T, AL SC-GAN #—#
51 CBAM DURFD S GITERE . SCE0 4 SRR, il
HEkERIERE S CBAM U758, 18 3 P 4514 T I
¥ CCR ¥ T34k GAN A5 | ABRBRIEFE R GAN,
HE— 5] AR CBAM fff SC-GAN {E4%/F # gt o F
i) s S 01 o 3 0 L5 S B DX, 385 1 A YT R B S A
SIRETT . SLER AR, Al A Bk EREEE S CBAM (1) SC-
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