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The cross-view gait recognition analysis based on generative
adversarial networks derived of self-attention mechanism

Zhang Hongying""** |, Bao Wenjing’
1. Tianjin Key Laboratory of Advanced Signal and Image Processing, Civil Aviation University of China, Tianjin 300300, China;
2. College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China

Abstract: Objective Gait is a sort of human behavioral biometric feature, which is clarified as a style of person walks.
Compared with other biometric features like human face, fingerprint and iris, the feature of gait is that it can be captured at
a long-distance without the cooperation of the subjects. Gait recognition has its potential in surveillance security, criminal

investigation and medical diagnosis. However, gait recognition is changed clearly in the context of clothing, carrying status,
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view variation and other factors, resulting in strong intra gradient changes in the extracted gait features. The relevant view
change is a challenging issue as appearance differences are introduced for different views, which leads to the significant
decline of cross view recognition performance. The existing generative gait recognition methods focus on transforming gait
templates to a specific view, which may decline the recognition rate in a large variation of multi-views. A cross-view gait
recognition analysis is demonstrated based on generative adversarial networks ( GANs) derived of self-attention mechanism.
Method Our network structure analysis is composed of generator G, view discriminator D and identity preserver @. Gait
energy images (GEI) is used as the input of network to achieve view transformation of gaits across two various views for
cross view gait recognition task. The generator is based on the encoder-decoder structure. First, the input GEI image is dis-

entangled from the view information and the identity information derived of the encoder G which is encoded into the

identity feature representation f(x) in the latent space. Next, it is concatenated with the view indicator v, which is com-
posed of the one-hot coding with the target view assigned 1. To achieve different views of transformation, the concatenated

vector as input is melted into the decoder G, to generate the GEI image from the target view. In order to generate a more

dec
accurate gait template in the target view for view transformation task, pixel-wise loss is introduced to constrain the generated
image at the end of decoder. In the discriminant network, the view discriminator learning distinguishes the true or false of
the input images and classifies them to its corresponding view domain. It is composed of four Conv-LeakyReLU blocks and
in-situ two convolution layers those are real/fake discrimination and view classification each. For the constraint of the gen-
erated images inheriting identity information in the process of gait template view transformation, an identity preserver is
introduced to bridge the gap between the target and generated gait templates. The input of identity preserver are three gener-
ated images, which are composed of anchor samples, positive samples from other views with the same identity as anchor
samples, and negative samples are from the same view in related to different identities. The following Tri-Hard loss is used
to enhance the discriminability of the generated image. The GAN-based gait recognition method can achieve the view trans-
formation of gait template but it cannot capture the global, long-range dependency within features in the process of view
transformation effectively. The details of the generated image are not clear result in blurred artifacts. The self-attention
mechanism can efficiently sort the long-range dependencies out within internal representations of images. We yield the self-
attention mechanism into the generator and discriminator network, and the self-attention module is integrated into the
up-sampling area of the generator, which can involve the global and local spatial information. The self-attention module
derived discriminator can clarify the real image originated from the generated. We update parameters of one module while
keeping parameters of the other two modules fixed, and spectral normalization is used to increase the stable training of the

network. Result In order to verify the effectiveness of the proposed method for cross-view gait recognition, several groups of

comparative experiments are conducted on Chinese Academy of Sciences’ Institute of Automation gait database dataset
B (CASIA-B) as mentioned below: 1) To clarify the influence of self-attention module plus to identify positions of the gen-
erator on recognition performance, the demonstrated results show that it is prior to add self-attention module to the feature
map following de-convolution in the second layer of decoder; 2) Ablation experiment on self-attention module and identity
preserving loss illustrates that the recognition rate is 15% higher than that of GaitGAN method when self-attention module
and identity preserving loss are introduced simultaneously; 3) The frame-shifting method is used to enhance the GEI dataset
on CASIA-B, and the improved recognition accuracy of the method is significantly harnessed following GEI data
enhancement. Our illustration is derived of the OU-MVLP ( OU-ISIR gait database-multi-view large population dataset )
large-scale cross-view gait database, which has a rank-1 average recognition rate of 65. 9% . The demonstrated results based
on OU-MVLP are quantitatively analyzed, and the gait templates synthesized at four views (0°, 30°, 60°, and 90°) are
visualized in the dataset. The results show that the generated gait images are highly similar to the gait images with real and
target views even when the difference of views is large. Conclusion A generative adversarial network framework derived of
self-attention mechanism is implemented, which can achieve view transformation of gait templates across two optioned views
using one uniform model, and retain the gait feature information in the process of view transformation while improving the
quality of generated images. The effective self-attention module demonstrates that the generated gait templates in the target
view is incomplete, and improves the matching of the generated images; The identity preserver based on Tri-Hard loss con-

strains the generated gait templates inheriting identity information via input gaits and the discrimination of the generated



$Eo7TE/E4H /2022 F 48

SKELH, B / S EIESEDNFERIHINEERHELSSRG

images is enhanced. The integration of the self-attention module and the Tri-Hard loss identity preserver improves the effect

and quality of transformation of gaits, and the recognition accuracy is improved for qualified cross-view gait recognition. As

the GEI input of the model, the quality of pedestrian detection and segmentation will intend to the quality loss of the synthe-

sized GEI images straightforward in real scenarios. The further research will focus on problem solving of cross-view gait rec-

ognition in complex scenarios.

Key words: machine vision; gait recognition; cross-view; self-attention; generative adversarial networks ( GANs)
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TZ J5 Y48 F 3% 7 4k (spectral normalization , SN)
(Miyato %,2018) BN F1 ReLU 17 pR%% .
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Fig.2  Generator

R1 ENBEMEEHSHEE

Table 1 The parameter setting of generator

XAl JEEA BR DK WA Ak O s
T oRFE HZE 4x4 2 96 BN  RelU
T oRAE BRZ 4x4 2 192 BN  RelLU
TR HBIZE 4x4 2 384 BN  ReLU
TR BRZ 4x4 2 768 BN  RelLU

L AR - - - - -

R RER)Z 4x4 2 768 SN.BN ReLU
FSRAE REMZ  4x4 2 384 SN.BN RelU
EBRFE AEmEOIEE - - - - -

R FRERJZ  4x4 2 192 SN.BN RelLU
R B 4x4 2 96 - Tanh

e - UERIEAR SR

A G I ETERUFEE A R p (20 SR
x! SRt gy v B9 T A A T B AR A
h g WIS £ . B TSSO RATES A
B AERR B B R LA 020 SR, TE G, K351 A
BE DAL A WG, A B T s (9 20 2
AR A AL A e 0 2E AR FE VI 2R B b AR
ASCR B ERY L1 B K R /M A S A L 5L
EUR Z BRI R R iR 25, BAR

min Ly = B e DIG(v) - xf], ] (2)
o, |-, FRRER LBk,
1.3 FAFEM LK

A SCH T P F 25 LA 3 2% D ORE 7y

TREEES @, TR LS A 20 A R R A i A i)
A EUGHAT X A3, I AR i 4 ik AR b DR FE 5 0y
FHIE
13,1 s

Xof 45 7 W TE W B R AR 1 2D SR e, A SCH
Pz — R A LR AR s A v 362 19 B AR LA
(AL ASHEER £ o DRI SR AL A 000 6 2% =T 05 o
AREAS 2 5 L S 51 3 288 310 17 179 1R £ B, B
D:x—{D, (x),D, (x)|. AAHE ] Patch-
GAN Z5HG %} AR e AT FLO8 0, OF 51 5% HLE A
(SN) e 2 figh 68 JBE 4 2 1) AT, DTG i vy A5 A4 1) S
P, 52585 H 4 4 Conv-LeakyReLU B F1 %5 4k
PIASFAT R B FRUZ A, Hoh—A T 5 D R S
S, — AT AR 2, LA 0 ) 26 4 i 2
BUBCE I 2 iR,

x2 MAFRNEMEERSHRE

Table 2 The parameter setting of view classifier

JEAY B K BE A MG R
LBRZ 4x4 2 o4 - LeakyReLU
HBIZE 4x4 2 128 SN LeakyReLU
R 4x4 2 256 SN LeakyReLU
SREF=WLL B3 - - - - -
BIZE 4x4 2 512 SN LeakyReLU

HWHZE(D,) 3 %3 1 1 - -
HWHZ(D,,) 4 x4 1 M - -

T - AR SR

X4 IR EUR x, 38 ad 00 A K 53 2% D
gt G B AR A PR SE B A AR R AR T
AR AL AR At . M A GO A S
(2L SR o BT, D K FLYE R LSS IR B 5K
P13 IS B0 Ry R0 £ 3585 Y A RSO 2 A G R
B ERR AR AR B AL 2SR £ IF D W5 R ) A R A
IR BN v TR E AR, A T
& D, /MBI H bR R %L
Ly, = E, p, [logD, (x)] (3)
KD (x,) S5 A AR o LS 020 AR x
FER AR 1 . Ak G B AR L 20 2
B AR (AL F AR s 2, B AR R R
L. = Egp, [log D, (G(x],v))] (4)
i e MEZ H bR R, A2 s GRS T
DL BN FE st v 15 8 LA 1045 SR
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1.3.2 B fREEes

LS GAN BLTUAE A REA B Z 21, 2R A%
R STERFP R LT A AR 5 4 — B MG T
TR AL S BNE S5, 7625 A A e 4 i 7
RS B R ECHEEN, HIL, A SR
5 A B R R @, 4008 B AR 5 A B A
BRI SRR B 5 B . B R EEAS
@ 5T GaitGAN H iy S0y #1028 D, B 454, 54
FAFIRIER D L, 51 AGE R IE Ak R 3 s A i F e
P, WK 3 s, B R @ L (x,,,x,.,x,.,)
3AEGAE A i x, AHOCPHERRZ

positivefEA I]
anchorkfAx u

hard negative
A
K3 B fhdsde gk

Fig.3 Identity preserving discriminator

5
]

HESRIEFIE

1

‘_
\
[

Ry 1A B 2D AR T G R R B D
ARG AW MEREA = J02 Tri-Hard 1 25 ( Hermans
85,2017) VE A B 3 f B2 45 2% ofe 1 5 AR i 45 i ]
FIBIE. DL(x,, xx,) 3 BRI A
R By A4 2%

T PxK

Llrihard (xan(' X X )

9% pos "V neg

Z ( ma);d(xanu 9xpos) - xmiEan(xanc ’xneg) + 6)

Xpos €
Xane € batch  “pos

(5)
X, x,, Hx SEIEFEARS BATH) B4 bR Al 1A,
x, JTRIEFEN Asx,, M ox, JE GRS EA]
W B AR e, T BRI R4 B, IRXEREA
e IR TR — U % batch, FEPLPEE P K
[FE AT N, A AT NBEALE K i AS [ 09 R
YT INGRE R B —A x,,,, 26 BUCS Y BE BS dR 11)
FEAAE R x,, , TEVNGRAL N A SR A rh g BRUEE
BERITITEN x,,,0 d( -, +) FRPIN R ATTR IR
[CHEES 1M 6 = 0 FRm = e R A, 7ESL5
TR 2R 6 Bl 0.2, i il Tri-Hard 15125 i
M, d(x,, x,, )BT 0,10 d(x,, ,x,,) A—E Rl

FHEBE KT d(x,,.,x,,.) o GBI 0 B, AL
A RERAEE

B ORRRaE @ 75 BARYE B FFAE f(x) SR IX 43
ARG S5 B A A G T E IR A=
UG AR ARG 7S 2 T o S A 2D S, R
A SCHs By PR B AR Sy PR A . LT @ Ak fr
MESESEG M PUER R LY, LT G il
TR O B8 AR B 20 S AR P AR RUBE Bk LYo 41
Sy IR FEET @ I, R B AR A 00 52 1Y 2P A5
M GELVEN x5 MO E i AE G 8 25 i £y
Ry BENE R EE X, . LES LEHE
B GIAET x,, FEAS (3 B, RIS 1 25 S A5 Al
Az B AD AR
1.4 BEEANSE

HSRILT GAN 125 A PR 3 7 v vl SE 320 A5 4
AR A e At (BT AL A e o A vh R BB AT AT 3K
REAIE[R] 9 42 R M G 2R, A R R 40 {7 BN
T, T S EREBO i th 52 . X2 T EBER
INTZBIR, TCTE AT BIR B4 T 45 2 Uk 45 46 v T4 AR A
T B RRIE ] Y DG IR OC 28 5 T A T MLkl a]
DA A H AL B EHR PR 2 B R R R A
B 358 A0 S RRIE 1 2GR B8 T, $2 = 20 A U Y 1
RE, PR, 430K A 3 2 1 HLH ( Zhang 55 ,2018) 51
A FI A AR 5 P 265 | 7 A e ) SRR X
FIA AR AR T A A A 4R AR 1 25 )
TR A ARG 0 I R D S s FE B RS B IA
R T AR AT LS v b S PG R A A P
AT X 5,

mE 2 feoR, A TR AT — 2 R U Ry
fIEE x e RN 2056 AWAS BB R 1 K i i E
B C/8 WIRHIEZS 0] f(x) , g (x) IR R 1
HEEIERCH C RHEZS [E] A (x) o f(x) = Wx |
g(x) =Wx , h(x) =Wx b W, W, W, 75|
RHEZS ] f(x) (g (x) b (x) XFRLAACE R 4, B
W, e R W, e R W, e R™  illadx}
() M g (x) FEAT 3 AH TR B P A RRAE 25 1] A1
oL 85 , FHH softmax pRELIEATIH—14k , 15 556 J ™
DSR2 i A B AR R IR B, BAR

SR e ) (®)

Bj,i =N
Zexp(sij)

B AGRRE I x Zo AR EAS 1 A (x) I B,
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A B T T A R AR AR 0 )2 B 1 A

szzgﬁug,hugzwwi (7)
Kf, o, WIERIIEMSIL, h(x,) AR x5
KRS W, e RO flaffH,
e, W2 W S B R By AR, I
AN AR x, S ol
Yy, = Yo, + X, (8)
K,y BRIRIE N O LB REL, y, Fm A5
o R PR R R B S AT — A 4 h 4k
FIEPEI S 2= 2 i B, B SR b AT,
o R 2R A A e S X 45 43 e B 22 A

2 Mgkl

AR Goodfellow 55 A (2014 ) $2 i Y58 B 1%
RYNZRIHE G, ST B — I ST, 75— S8
AT, Mgt FEan T .

AL X,

i . M% D,G,®,

1) H50 T .

(1) UM X SBUT A 194 SR x! A
G W2 1 H BRI A A 3SR x

(2) LA IR ES D 2%t R L D s 2 -
SYZREFHR A, L,

(3) B35 2% @ W45 DL rh B 2 4
Bkt R x,, HE LS,

(4) L, F1 LY % %2 D @ ML E S5,

2) R

(1) B UFSEAT A 125 S x? A G,
ILBOL S FRHE f(x)

(2) Xt BRI A DL AE BE R B AL R AE B A5 0L A
TEREN v;

(3) BAHHE f(x) SOMTE/RER v 0] 4%
A G, WA B BRI 20 SR £ 5

()P FIRNES D W2 i S B/ DA 25 -
Sy BRI, 5 L,

(5) B85 @ W% LU AL s s T v BT
e WAL SER £ 15 x,,,, W LY

(6) RIMEEHIRE G AT L, .5

(T)MHE L, Ly L, GHE L JFEH G M4
(AL

3VELELE ) M2), HEMLIEL,

A B AR 2D AR DA S0 kA Hh A AT B
AR 2 MR T ) BAROLAA  [RIEOR BRSO 15 8.
RTINS HbR A LR 2 sRE D RNk,
UNEEINEER A&

L =MLy, + AL + AL + AL, (9)
K, A,,t e 11,2,3,4) BHESE AR R R
Pk Bl A BN 2R N, B 048 X 53 1/
FRFIAIL A 53 251 e Ak o, B (7 PR 4 i B8 1 1 b
TR AL S BUR A By b 2, T AR 1 28 B 4 b 2
BCEA BARI A IR S (5 B AL SRR . A
YR T 4 DM 1) G, T WAL ERE
BIFHIERIN f(x) B OR B B8 22 BT S0 M 1) B 1y
{5 552) D L 43 250 51 520 B S A0 A 1 46
TEINUERA 53 ) P 6 7S i A B A REAE 2 1) s A
G, WA T 5] AR s AR A R AR 2D S
B 5l BEREIHLE], 325 7 A4 RGP
PRI

3 KWERKSH

3.1 HIE&E
3.1.1 RS

CASIA-B( Chinese Academy of Sciences’ Institu-
dataset B) 2 &%
PEAR (Yu 55,2006 ) &) 17 FH T IPAL 25 00 2L 20
PR A IBARSE 5 124 A 3 FhAT RS
11 AAEBLA (00, 18°,---,180°) , #F A ATEIEH
RETH 6 DMFHI(NM #01—06) , FHEINERE T
A 2 ADNFH)(CL#01—02) , A RS T A 2 4
FPo (BG#01—02) , BT LA, B> ANA 11 x (6 +2 +
2) =110 MF3,

OU-MVLP ( multi-view large population dataset )
AR (Takemura 55 ,2018) 2124 M 1R T |
R B IR AD B B, A1 10 307 A (14 A
AL ff (0°, 15°, -+, 90°;180°, 195°,---,270°) LU
K BAFAEAR 2 DNEH(#00—01) , LATIR %A
Ak, B KBS E Sy S 5 153 NI g A
5154 Niiate, fEalR B, P 50401 F S it
£, 31400 15 At 4E
3.1.2 WA GEL ¥ 4

AR P IEFET CNN SEELAY GAN 4% Hopk

te of Automation gait database
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REAE— PR O PN GRFE A A B RRE . 5
| CASIA-B i #5701l OU-MVLP %8s & K
BB X CASIA-B () GEI i 4 517 5509 48 58 ok
TPA X A A AE 2R A 52 )

ARTCR RS X5 v 38 & B GET £,
iRe AL GET R BN 4 Fis . B A 751
kN AR B R 1 T s B, A5 BB A TR ki

ﬁﬁm%

(k< N),E5KAT kW37 50 E Al — iR
GEIL, L4 ¢ ot ] Bt BUER & mia e @ + & Wiipd 2B 5%
HIE AT —0E GEL LI, HE e xi+k I N,
WG e 1 Z P H A GEL A SCIR'E i N2, K&
RN A SR N B R 1 R 24— R GEL, $580%
WS RANE AR SCRI 25287 81 i IS 406 B0 1 A
TUME KD 2SR 4 B S iRs O X5 R £ GEL,

nliRGEI

11 3t 51t 7t

......

[+

ket M k24

K4 wids R GEI Y U]

Fig.4 Schematic diagram of frame-shift generation of GEI

3.2 FMEREERIEE
3.2.1 1P iEbR

ASVOINME 55 b B9 P 46 5 72 CMC (cu-
mulative matching characteristic ) {fff 2% H ) rank-1
BIMERR A 2 R AR o R AR AR Y, X 74T
A x, TERAEER AN p BLARHE fA(x0) T 5EE
ARSI R AT A FAR B TE R LAy g 192038
FRIE f(x%) PR PR TG BE 254 R R B8 B b f, D

d = Jf(x))? - f(x£)* (10)

SR R DO TG B 48 5 4 B 8 e ) 2
AL, AT ) W A5 HAT AR R B 7
3.2.2 SIGUCE

SCYRFE TR 22 I HESR Pytorch 7E i< NVI-
DA RTX2080Ti x 2 4 Dell {3k F ik frilgh, 4
SCTE CASIA-B £ 4 42 (10 52 96 15 B 2 4 B0 4 24 2
53 P 1 62 N TR, J5 62 A Tk,
P 2 d AR 9 GEL RSP BEE 64 x 64 13K,
HEE A/ batch_size 54 64, % [EF] CASIA-B £(¥
VNGB T GEL Rl e s #E AT 52 9% . 78
OU-MVLP %t #& 5 () % & 5 B 77 ( Takemura 4§,
2018) —&, T OU-MVLP ' GEI %4} &t i#8 CA-
SIA-B, 506 batch_size 50 32,

WA 2 ik, A SCR 2B 4k G D Fl @
P28 7o TR R A 52 ST BE 5 T A A
T RFFIE R AE R 50 &% D F @ 2k S A,

XA s G HUET 1k, TEUI Rl R b, g I 28 45
AU A @A E N 0,07 24 0. 02 1 7= i3 A it
TN B AL . SR Adam 54k 28 5 37 19 48 288
B, =0.5,8, =0.999 , A= i A HIE 25 5371 2K
FH0.000 1 F10.000 4 B 4A 1027 2] k17 5ol
Yk, KT CASIA-B $4ls 5, A SCUI 2R B AN 40 K %
ARUEL, T 20 K BT 2] R AR T 20 K
FIRICR A step Mg, B S K Rk R TN
ORI 10% , HHZE N 0, XFF OU-MVLP %4
B AR SCYINZRAEEARL 200 K, AT 150 K 3BT 27 )
FEAAE R 50 K 5240, 15 10 K #ak e ) A2
FIFEAH) 10% , FEASCSL R T, EL R E X (9)
FHARERE, A, = A, =14, =4, =10,

3.3 KWERSHMH

3.3.1 {HmbCER:

SHERTE B TR IR 45 T A R
PERBISZ I AR SCHG B T B RS 2 A i 2% 1
ANIFLE, I 7E CASIA-B HIHR 4207 7360 L 5256,
23 Fim, ATLUE I, HEE BRI 2] g 654
552 R RBFZ G B USRS T B S AT
5 SR IR GRS 2 1 UM SR SR EAR . 23
A B EERTRT SR 48 2 1[5 B BORURE | W K i
XTSRRI [ S ST AR DG R, HAE 5 R
GREWEHARL, HILERFRBE KRBT, AER
FIReRiIRE 2 05 B, PR X H i EE R, A
el 2 it A ) 2 R A S AR AR G R . A
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VER TR e b e SRR P Z [l B AAR 3
B BB AL BB R 826 2 SR RETRS B4
fEP E TR e i A A E B IR 5
O AR 2 SRS BB, B DL S 7

fE R I T B R ARCR A, A, i i
X A G RN T AR S R T A TR
R SR AR A U R, 2 — 2P A T A
TR TR A 2

x3 BEBNERLTERRARAMMEX RS R M

Table 3 The effect of different position of the generator of self-attention module on recognition performance

/%
B EAE
o] 285 455 7Y S {H
54° 90° 126°
G (without self-attention) 79.5 70.2 78.4 76.0
G,..(Deconvl + self-attention ) 80.7 71.4 80. 1 77. 4
G,.. (Deconv2 + self-attention) 81.7 72.0 80.7 78.1
G,..(Deconv3 + self-attention ) 81.2 71.7 80. 4 77.8
G, (Conv2 + self-attention) + G, (Deconv2 + self-attention ) 81.0 71.3 80. 1 77.5
G, (Conv3 + self-attention) + G, (Deconv3 + self-attention) 81.1 71.5 80.2 77.6

TP RN BB RAIE R . G, (Deconv2 + self-attention) 37 I TE BB & TS 48 4R 2 IR RCERZ S HARK

WA

ot BRI, [ R AP SR AR
A A B AR OR O Bk — 2P B i AR
P A% B 10 331 BE A7, A B O3 B i i P Bl B 0 R

B, S 56 IE S A 2 R 0 SR B R e AE
CASTA-B ¥r 5 4 o5 17 014 b 52 56 0 52 56 45 58
F 4R,

R4 EIXAREFELE CASIA-B IR HI E3FEE

Table 4 Comparison of recognition performance among different schemes under proposed framework

/%
. N i)
ik SHME
540 90° 126°
GaitGAN 64.5 58.2 65.7 62.8
GaitGAN + H ¥ 2= S 79.3 67.7 77.3 74. 8
GaitGAN + B {5 R B 15 79.5 70.2 78.4 76.0
GaitGAN + F ERE S + By PRk 81.7 72.0 80.7 78.1

TE L P RS S S R4 2R

NFE 4 TTLLFE Y, 7E M BB P I VR )
B al B AR B R I B L, A SO AR L 3
HET 1 GaitGAN 3 28, gl A A ER I #
HUR B 0 PR BB B S I 2R N 45 5, 78 CASIA-B #di 4
ERTUNERA BT P rank-1 R R T T
15% , SEEREERFEW, A E 8 g sie T H
R 7 A5 AR A A AR 5 4 4 TR R, 2T T 2B
FUG R PRI 5 B 03 R BR 53 2 A 2 1l 1 25 A B A B
TR RS B O (5 8., 345 1 A8 Bl PEIG G ] ) 50
ERES-wik: 8 B g P N P e SR €t
A e B R S T

gk — B IE GET K5 1 5 % A5 25 P 3R
(52N, 7E CASIA-B B4 L 7s0 s 25 R an &l 5
Fis

WIS AT, 205 GET $rdii i | ik 3 1%
RSG5 GaitGAN J7 Bl HL , BV R 22 8 4
R 2R 7 I RB S A = U 3R, 3t GEL
Bdmiim , MRk T AR b A RE I > 55
(TR AN g [R) R, 3kt 5 1 S [] B 03 1) GE AR AR
U R £/ i L1 P B S R R A= U P2 AU e
3.3.2  HEHIEAI

1)7E CASIA-B B L 45 R, NIk A L
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HEMHE: NM#1#4 BIEEE . NM#S46
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B 80 p e A

= A ‘*_ & Ll

& g

Z i N ol ey, .. R
E Tt -

£ ~+- GaitGAN ht

B o JREE G RS

A R R
5472 90 108 126 144 162 180
BESERLA/C°)

5 GEIEUEHEIRAE CASIA-B B4 (1 SL B 25 1
Fig.5 Impact of GEI data augmentation evaluated on CASIA-B

30
0 18 36

FEWAE R, 5 C3A (complete canonical correla-
tion analysis) ( Xing %, 2016) . SPAE ( stacked pro-
gressive auto-encoders) ( Yu 5%,2017b) ,GaitGAN( Yu
4 2017a) Fl MGAN (He 55,2019 ) S5 55087 7 i 0047
PO, BEREIRUEAE L AR g 54° 90° 126° 717 5 WL
TN B L SEse . B 6 o 1 HEBRAH R LA Y
JIF A TN A AL AR 0 5 TR A 20 2 RO 38

M 6 BT LUE Y A SO TR 3 MR E AR AL A
TSR T A 4 Ok, CHENEAA S
SRR LA AR AR T I SRBIRICR SR 5 H YA 25 i
UG R A 7 TR 38T R B 20, A SO r
PANRERILR S, S T U] R B LA 25 AR 5
PERE, 76 HE B AH [R]0E A T, X0 56 T 56 90 A Oy 54¢
90° ,126° i f) - 23 PRI A AT LU, 25 SR Nk 5
o FTLLE M, AR SCTTEE T GaitGAN | TS-GAN |
MGAN 1 DV-GEIs( Liao %,2020) , %3 rank-1 1251
HIKH] 79.8% , o MGAN Jyik#2F+T 2.1% . DV-
GEIs SR HEMEARE 712 LA 1° 2 (6] B £E A 0°~ 180°
AR B A 2D AR (H 2 (A Y GEL Y B 2%
BRI FIPRES S HELIE | 51 AN L BT AR SC T ¥
IO BEZEHLHRIFY 58 T GEL 8484, it LR 3
RIS T DV-GEls, SLIE5 R, FMEEMR MR
54°F01 1261 YU AR W] R 5 T 90°, 32 PO BR
T 0°FN 180° 558 kAR 5% 7 1) JL-F-AH W] 5AH S Y
BUA, DTET 90 HIL £ 55 HoAth £ B2 1) 20 285 S0 WL 22 531 e
K, LA R 54°F1 126° 0 B REATE HLAT X 40 PE Y
HASHFAE, B DA 3T

2) f£ OU-MVLP Bfnfe e 4 R . A 4 4
1£ OU-MVLP B AL 523 ) JTiE A 2, BT LA #5
GEINet( Shiraga 55 ,2016) 3in + 2diff( Takemura 5% ,

= C3A = SPAE = GaitGAN = MGAN = A3

S rank- LHETR /%

0 18 36 72 90 108 126 144 162 180
HMHENLA/)
(a) 54°

SE-¥rank- 1EERHE/%
3

0 18 36 72 90 108 126 144 162 180
HMEELAR/C)
(b) 90°

SF-¥rank-1HERRZE/%
3

0 18 36 72 90 108 126 144 162 180
ML)
() 126°

6 7 Probe NM fy 3 MUERVERL A 54° 90° 41 126° F 5
FRORTT i LR SR (HEBR AR R LA
Fig.6 Comparison with the state-of-the-art methods under
the probe views 54°, 90° and 126° excluding
identical view( (a) 54°; (b) 90°; (c¢) 126°)

x5 HERERMAT, 7 CASIA-B HiEs&d 3 #
WIESEM AN TEIRAE LR
Table 5 Comparison of average identification rates among
three probe views excluding identical
view on CASIA-B dataset
/%

i RAFEE T
Tk SEH8ME
54° 90° 126°
GaitGAN 64.5 58.2 65.7 62.8
TS-GAN 67.3 63. 1 68.2 66.2
MGAN 81.6 71.2 80.3 77.7
DV-GEIs 80. 8 72.6 78.9 77.4
A3 83.7 73.2 82.4 79.8

I PR R LS 5

HARIPLA (0°.30°.60°.,90°) BEATSLH, i T L JLAF
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2019) F1 GaitSet ( Chao %5 ,2019) % 3 FpJy sk k47 1k
B EERANFE 6 AR, BT 45 AR A HE R AH )90 fa
PIEMHE LA T BCFEIES R U5, W6 1l
DI ), GEINet 1 3in + 2diff J757F OU-MVLP X fh

®6 HRERMAT,ZE OU-MVLP HiFEEH
4 ThEL B F 0 E AR R LR
Table 6 Comparison of average identification rates among
four representative probe views on OU-MVLP dataset
/%

] IO FLE £
ik S
0° 30° 60° 90°
GEINet 8.2 32.3 33.6  28.5 25.7
3in+2diff  25.5  50.0  45.3  40.6 40. 4
GaitSet 77.7 86.9 85.3 835 83.35
AR 58.4 70.6 67.9 66.7 65.9

[P 1 iR S VA

TR 5 W0 £ 25 25 U0 DAy 52 56 rpo iU 2 B 5%
2% AR SO AT LAGK B 65. 9% (14X BIKS E
EETXWA T, BT GaitSet 5% F ARG B
HIAE J i AHRAE, . GET 4085 05 £ il i 25 5 R 15
BTN R, SCI AR R, 5k GEL
5 ISR A L 7 3 A B, AR SC T i TR ORI ) 5
PR 250 588 P P AT LA A s P
3.3.3 gk REtE b

HATHET GAN AR ks, MGAN 75 %L
FAEXT A PG A e S BURR E LA BA AS EUR
A, GaitGAN il TS-GAN T 24T 2 0 fA 9 28 25
B AR AL S0 TR A AT TR SR —
A0 A5 AR A B AT LA, W5 A R 22 AR A
AR SC 7 7 38 37 (R G — A5 R AL S B AT 7R
AR BAR LA . ARSCH OU-MVLP 3084 iy
4 S BLAIRLAR (0°,30°,60°,90°) 4 i A A 25455 b
TFRTAAL & 7 Feas . Herr 2 BG4

Hirl

— 30°

— 60°

- 90°

90°

K7 H AR 0°,30°,60°F0 90° (14 LA & U FT AL ZE 2R

Fig.7 Visualization of generated gait templates at 0°, 30°, 60° and 90° with different input views
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%A GEL, UG = M4 b 5520 H AR GEIL,
AT 4 x 4 5EREP R EMREA  GEL, &7 /]
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