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Gait recognition using dual-channel generative adversarial

network with style encoding integration
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Abstract: Aiming at the problems of poor cross—view adaptability and insufficient model training stability
existing in current gait recognition technologies, a dual-channel spatiotemporal convolutional generative
adversarial network (GAN) model that incorporates style encoding was proposed. The model employs a
dual-channel spatiotemporal convolutional network to extract complex spatiotemporal and gait features
from gait images, while a style encoder is introduced to minimize the semantic discrepancies between the
generated images and the original ones, thereby enhancing the stability of the generator. Experimental
results on the CASIA-B dataset demonstrate that, compared to GaitGAN, the proposed model achieves
recognition rate improvements of 23%, 28%, and 22% at three representative gait angles of 54°, 90°, and
126", respectively. Additionally, the method shows strong applicability on the OU-MVLP large-scale
cross—view gait database, achieving an average recognition accuracy of 89.1% , significantly improving

cross—view gait recognition performance.

W s B8 :2025-01-02.

E£WA :HXAKRFS IS H (61872027) 5 B B 4 Wl & 5 5 H (M23D00101) ; 4t 5% 3¢ 38 K % B #F 5 H
(W211.00390) ; Jb 5% 58 3 K 2 # e 5l H (SQ20240024) .

YEE RN AN(1974-) , 53 BB -+ WS 5 ) B0 S AL 3 E-mail : hangzhou@bjtu.edu.cn



% 7 4 2

AL, 5« kA KA 2 A 0 338 38 A R A 4T M 28 & AR A - 1971 -

Key words: gait recognition; cross—view; spatio—temporal convolutional network; style encoder;

generative adversarial network

0 51 5

VAR, AP AR BIAE R B 24 A MR R
FIods S BC A AT AR 3k U PURRAE S5 8 5, 1
ANHLZEH B R 2 By S 7 12 W A5 40 1l J il T
Z RN FHAT S SR A AR Ak 2 5 e 1 )
RE M DGR IR 22, EL 350 e 2D A RRAE 1 22 Jmy R 3 s 4K
& AR AL G P A R A TR M,
s O Af U0 R R

Wil TR A7 T Y R A AR IR R B R
G T N B 7 L 2y N = [ F R e i S
HEAT 5 0 AR AL AR . R TR R AR T Y
T VOB K B N AR T, A iy ELAR RS, BRI 1A%
Rz AL RE T o BRLG, T & To 5 R B T A 1Y
Jo Wa B 2 )RR g oy E SR, TG W A ) i
G3 AT B A RRAE , S8 IR BIAE 55, AR T A T
HL W 4% (Generative adversarial network, GAN)™ |
BRI E N AR R . T
GAN Y25 25 3R 51 PR AR Bl e o1 122 R A RN Bl 2
SJRHIE, B IR TR AR

SR HET GAN #Y 20  H IB B A R T 818
(i SR T GaitG AN IAE IG5 ik L A6
AFTEAR IR AR Y A0 A AR Bl = 20 R I AL
HE )y — i 2, T A BRI L B 3 SR
fIE o SR 7 B 5 5 A AR A0 A5 RN Y B R i ke S
BB AN R AR AR AE U it AR v ) i A R R
AR SCAR T — Rl G KU i B 1 00T G I S 45 AR
He BT BT W 4% 485 AY (Dual-channel spatio-tempo-
ral convolutional generative adversarial network
with style encoding, DSCGAN-SE) . % i il [1)
Az A R FH UL JE I 25 45 AR 2 it R 2 R
JE — 25 B 43 S0l 48 D 25 TR A8 A 1) ) P AR AR
FGA ] 25 [ RAAIE , 30 ik 5 ROBE 1Y Jm) 8 4 ik il
RESRRRAEF IR o I B S A RRAE BT A Bk 2
B R AT 42 Jr 4R AE 412 JBC, DA T BB A0 AT 24 b A= 8 B
PR B 25 A R AR SO 7 AR R R AE B i R
WAL, SR T S G b 7R B A 2 A AR A b IR R
B 0315 B, DSCGAN-SE 51 A T XUA% 4 5 45 , ff
A s A R B S e KA BSEER . 58
g ok LRI, FF CASIA-B W 86 45 | A% SCpi iy

TE 54° 90" 126° = A AR L SMAT
B TR 2R ) A S HEAR A GaitGAN 4T T 23%
28% F122% . IR, B AL ZE OU-MVLP M KM
15 A A5 A5 B B L R B TR A Al L O
PP oRs B iR 30 89. 1%, SEER 45 S sm ikl T
AR AR o X R AR AR B2 242 W AR AR AR AR
BPERE , O S PR N SR AL T AT SE A BEOR SCEE

1 JEF GAN F 25 PH 1) 45 AU

GAN & —f il Goodfellow 2" T 2014 4 #&
YR BE A ) R B R A O X B VIR AL A=
B R O R BCHEFE A . GAN 3 ZE i A 4% 0 3
Sy R A RS (Generator, G) FiLH] 51 #% ( Discrim-
inator, D) o A i 1Y 2 BE 72 A2 BB A R E FEAE
B R AS A, LA S5 B 40 3] i, i ) ) i 104 2 R
D)2 DX i A R B 2k ) A e 3 S S B 1Y L
SEHAE
1.1 GaitGAN B M £8 2244

GaitGAN" & — B JL F GAN 1y 25 45 15 1) 45
AU, 5 LE AT 2R R ) ) g SR A A A R B A
G . A AR a2 2 D AR E S
H bR L F D8 FC 9 26 25 G T 0 46 0 1 IX 43
AR AESEB S BEER . GaitGAN B 1E 4
BRI A R GE Sy 90" AR ), LA A Sy DT
T A TR 0 Y A, DA T A TR GAN R
1720 25 R0 09 8 e B, BRI g R B o & 1
FIR o

5545 G5 e O PR (R 5 8 R TR), GaitGAN
() I 4% B 32 2 fh AR A G 2 A4S L& 6] T g

gy

Py o
g

EXTE #WE FAK
R A RES&

B1 GaitGANHEREE
Fig.1 Schematic diagram of the GaitGAN principle
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Fig. 8 Synthetic gait energy image(GEI)
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Fig. 9 Recognition accuracy at various angles for
three cases with the same viewpoint on
CASIA-B dataset
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Fig. 10 Recognition accuracy at various angles for
three cases excluding the same perspective
on CASIA-B dataset
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Table 5 Cross—perspective recognition accuracy of the

CASIA-B dataset under normal conditions
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Table 7 Cross—perspective recognition accuracy of

the CASIA-B dataset under coat wearing

Kz et 1140 conditions
A AR /() P— — -
£ B A TR A0 A HEBR AR R 41 A SR LA /() Kz Z P 11 A A
L
0 0.98 0.86 : A A A4 )L A HE A 7] 6L A7
18 0.98 0.88 0 0.42 0.41
36 0.98 0.89 18 0.41 0.42
54 0.98 0.88 36 0.41 0.42
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90 0.98 0.89 72 0.42 0.41
108 0.97 0.87 90 0.44 0.43
126 0.97 0.88 108 0.42 0.42
144 0.97 0.87 126 0.42 0.42
162 0.98 0.85 144 0.41 0.41
180 0.98 0.86 162 0.41 0.41
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Table 6 Cross—perspective recognition accuracy of the 96.001
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Fig. 11 Recognition accuracy at various angles for
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three cases excluding the same perspective on
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180 0.74 0.57 PERE SR T, A< 525058 i 7B A5 A B I B 2S5 R

BB 0 BEAR KN LA K Hs A A R S A AR JE
R I T B

E 118 OU-MVLP 4 4 76 HE B AH 5] 40 £
3FE O R A A A B AT BIRE B . NI 1T AT L
F AR DSCGAN-SE R 75 15 90 £ Y K R AR
AAVUINME S R e R . X R ERERY
T 25 T OU-MVLP 88 5 76 kA B8 Al
2 REE B IZ B R IR 2 B e Bkt e T i
LRI, 8143 DSCGAN-SE £5 5 5 5 iy
FEA AT ST T A R ORG B 7R 4 56 R
T HAE KRR 25 0L A1 25 A5 BT 55 b 1 6 e
bkt fE . HARS f B R BIER R R 8 Irm .
3.7 HBLLIR

Al GaitGAN #5878 5] A S BT H IS 1Y

X8 2% 0 XA 2t Bt 2, 6 4% bl Xof A4S 280 4 B 114 Bt
ko HARZERFE IPron . @5 A RGHE I R 5
BRI 45 )5, A LA BE 6% [7] B 42 30D 25 R 9 s
(i) 125 ) AR A, X6 A 1] B 45 R A ) &5 R AE R
4 B2 B 5 il o A TR 1 SF- 5 R IDORS B DA 64 06 42
FEET7Y% o HE—H A KK G 5% 25, 3 1 32 A
B BG5S AR AR FREAE 1] i I 31 3 L XA
2S5 22 5 ARk T A R S B B S EORTE X
— Bk P BRI B T 2 8106 . WL I I A
& B 28 RS S 5 4 43 501 6 20 A R AE A5 A=
R S5 s A Ak T R T SRR DL 0 — 2 4R
T+ T DSCGAN-SE #4551y 25 10 1 20 A U0 B8 T o
3.8 LHLRFML

H A, & F GAN 19 2 25 3551 85 90 A iF 5%



- 1980 - THRXFEFFHR(OT FR)

% 56 %

&8 OU-MVLPHEEHKRBERAABBERLT
ENRENRIEE
Table 8 Recognition accuracy at various angles in the

OU-MVLP dataset excluding identical

viewpoints

T ffgﬁw 14190 £ |
55 R 17 A A HEBR AR 1R R £

0 0.88 0.87
15 0.88 0.87
30 0.87 0.86
45 0.87 0.86
60 0.89 0.88
75 0.93 0.92
90 0.94 0.94
180 0.88 0.87
195 0.87 0.86
210 0.87 0.86
225 0.88 0.86
240 0.89 0.87
255 0.88 0.87
270 0.88 0.88
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Table 9 Impact of dual-channel spatiotemporal
convolution and style encoder on
cross—view recognition accuracy

based on the CASIA-B dataset
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GaitGAN 0.65 0.61 0.66 0.64
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Fig. 12 Visualization results of DSCGAN-SE model’s
original viewpoint and target viewpoint gait
image transformations based on the
CASIA-B dataset
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Fig. 13 Visualization results of DSCGAN-SE model’s
original viewpoint and target viewpoint gait
image transformations based on the

OU-MYVLP dataset
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Table 10 Comparison of average recognition rates
during normal walking (based on the
CASIA-B dataset)

o BF £ )%

54° 90° 126° -4
GaitGAN 0.65 0.61 0.66 0.64
TCC-GAN 0.81 0.73 0.79 0.78
SE-CLGait 0.76 0.76 0.69 0.73
Dtrain-GAN 0.64 0.61 0.68 0.64
SA-GAN 0.81 0.72 0.80 0.77
AL 0.88 0.89 0.88 0.88
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8o X FPARAE 23 B B IR0 AR TR 8 0 T e b Al
P25 00 AR BT S5 h i B Ze T 5 AR Mk . Ik Ab,
b it — 54 i A R BRI T, DSCGAN-SE i
FIAT XS 4 i 2% 0 O A i BR A 18 SCZ T Y
— B, T TR A AR e R R 48
& X B0 P51, DSCGAN-SE 78 4b 3 % 10 £
AT S5 i R BT B M RE Rh SE B T
A ISR 1 15 0 o A R AR B A

AR T3 MER R GaitGAN™ ,DSCGAN-SE
FERIAE 54° 90" F1 126° = AN H £ T B3R 51 4 51
P T 23%.28% M 22% . X i W DSCGAN-
SE AU AAR G Hb g D T GaitG AN B AL rp B il
GAN 25 4 1% g A7 BR 0] 2, [A] B i i T TCC—
GAN H B U I 5 B R 4% 32 F 78 42 s
(75 AT A 5 1A 20 A5 R rh R B £
310 OU-MVLPHEE LEM AL IR
X bk

A 34 1 DSCGAN-SE #5  R {Y 1E

CASIA-B ##ls 45 LR 4, 7F OU-MVLP %X
ER SRS R 2 S T = S /e S (1 N W BT
DSCGAN-SE 7E 14 >0 /1 19 35 50 o 0 2 800 T
GEINet'™ | GaitSet'” | GaitGANv2'™ | MvG-
GAN'! FSEAM'#'Hl TSGM'# # Bl | %5 % fiE
b 7 52 J WL AR 78 Ak 2% 1 T RS HE B UE B RRAE L OF
TE R FUBLE R 48 b 0 7 T v Je B0 13 i 8 9 32 Ak g
1o HPERROL AT 25 T 78 A2 0T 4 0 26 HE 48 v il
BT IR G B ARG T8 B 25 35 B 4, G S50 5
TRRAE 2R I8 68 7 R R AR DT BC M AR L DT S5 3
e B TRDRS B . SE 25 SR e iE B T DSCGAN-
SE 78 85 90 A 25 A R BT 55 vb 10 R0 Fn g
Sk A5 A5 R AR B S By B AL T
£ 11 87EEOU-MVLP #iE&E IR
ERREIT
Table 11 Comparison of recognition accuracy of

various methods on the
OU-MVLP dataset

\ BEF 4 1440 A 00 T2
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) FSEAM TSGM
Net GAN  Set GAN2 LY

0 011 052 079 0.81 0.81 0.64 0.87
15 0.29 062 0.87 0.88 0.90 0.79  0.87
30 041 0.63 0.89 0.90 0.89 0.87  0.86
45 045 0.57  0.90  0.90 0.90 0.88  0.86
60 0.39 0.55 0.88 0.88 0.89 0.80  0.88
75 041 0.64 088 0.89 0.89 0.84 0.92
90 0.38 0.61 087 0.88 0.88 0.81 0.94
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240 0.39  0.56  0.87  0.87 0.88 0.79  0.86
255 040 0.57 087 0.88 0.88 0.83  0.87
270 0.36 0.56  0.86  0.86 0.86 0.79  0.87
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