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Abstract Gait recognition is a rapidly evolving long-range biometric identification technique that has wide applications and ad-
vantages in various scenarios,including long distances,non-intrusive setups,and cross-view angles. Traditional biometrics identifi-
cation technique,such as fingerprint recognition and facial recognition,often require close proximity or specific conditions to be ef-
fective, while gait recognition technology breaks through these limitations, making it possible to identifly individuals in a wider
range of environments. Previous research predominantly employed lightweight neural networks for gait feature extraction and
achieved significant progress on popular datasets like CASIA-B, which feature cross-view angles and varying attires. However.ex-
perimental results indicate a substantial decline in recognition accuracy when simply stacking neural network layers on the CA-
SIA-B dataset. A deep gait recognition network has been proposed, incorporating the relative position encoding transformer

"

module. This module aims to avoid the pitfall of “local feature association"”and enables continuous learning of temporal features
within gait sequences. Compared to current mainstream approaches, the proposed method has garnered enhanced identification
precision across indoor environments,as exemplified by the CASIA-B and OUMVLP datasets,alongside outdoor settings typified
by the Gait3D dataset. Especially in the task of clothes changing, wherein our method surpasses benchmark approaches by of
1. 9% ,achieving a recognition rate of 85.5%.

Keywords Gait recognition mechanism, Self-attention mechanism, Relative position modeling,Pattern recognition,Deep network
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FHA J7 36, 3) A 3T C3D 19 J7 i (MT3D™, Gait-
GLUT) AR SCHE Y 7 15 B 05 & R A I 4 3 11 & JR) SRR AF 2
B, M A B O i BEAT X L L BT 3D BB k5 RTB-
Net 355 HISRAE HE S2 Wi /E A . MR & o A SC3E B8 AN [
EHCE SR T2 NI 45 4R 7 T #EAT 4 L, 6T 3D
BRI AR EUZ 3 454 FE R backbone, #& J5 X 42 J5)
FEAEHEAT A 0] ) 43 O Sk 29 5, T RTBNet 7 backbone
it B ) &4 B 00 5 i S 0 A7 R 4 L 0 3 8 1 U0 e A S L R A
RTB A5y iy A 570 38 AT 407 8 45 8, I 00 FH IR 3 0 4% 2
BRAESZ S RPHRFER.
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Table 2 Accuracy on CASIA-B dataset(excluding the same viewpoint)
%)
Methods S S . . . Probe }/iew . . . . S Mean
0 18 36 54 72 90 108 126 144 162 180
CNN-LBLH] 82.6 90. 3 96. 1 94.3 90. 1 87.4 89.9 94.0 94.7 91.3 78.5 89.9
GaitSet[3] 90. 8 97.9 99.4 96.9 93.6 91.7 95.0 97.8 98.9 96. 8 85. 8 95.0
GaitPart[%] 94.1 98.6 99.3 98.5 94. 0 92.3 95.9 98. 4 99.2 97.8 90. 4 96.2
NM MT3DL19] 95.7 98.2 99.0 97.5 95.1 93.9 96. 1 98.6 99.2 98.2 92.0 96.7
GaitGLLSJ 96.0 98.3 99.0 97.9 96.9 95.4 97.0 98.9 99.3 98. 8 94.0 97.4
GaitBasel20] 95.3 99.5 100. 0 99.1 97.0 95.6 98.0 99. 4 99.9 99.2 93.8 97.6
RTBNet(ours) 96. 5 98.9 99.3 98. 6 96. 8 96. 1 97.8 99.2 99.5 99.2 95.8 97.9
CNN-LBCH] 64.2 80. 6 82.7 76.9 64.8 63.1 68.0 76.9 82.2 75.4 61.3 72.4
GaitSet[3] 83.8 91.2 91.8 88.8 83.3 81.0 84.1 90.0 92.2 94. 4 79.0 87.2
GaitPartt®] 89.1 94.8 96.7 95.1 88.3 94.9 89.0 93.5 96. 1 93.8 85.8 91.5
BG MT3DE] 91.0 95.4 97.5 94. 2 92.3 86.9 91.2 95. 6 97.3 96. 4 86. 6 93.0
GaitGLI] 92.6 96. 6 96. 8 95.5 93.5 89.3 92.2 96.5 98.2 96.9 91.5 94.5
GaitBasel20] 92.3 95.5 96. 3 96. 0 91.7 90.5 92.3 96. 1 97. 4 95.8 88.6 94.0
RTBNet(ours) 93.4 97.2 98.0 97.0 92.2 89.3 92.3 96.5 97.5 96. 6 91.5 94.7
CNN-LBH 37.7 57.2 66. 6 61.1 55.2 54.6 55.2 59.1 58.9 48.8 39.4 54.0
GaitSett?! 61.4  75.4  80.7  77.3 72,1  70.1  71.5 73,5  73.5  68.4  50.0 70. 4
GaitPartt®] 70.7 85.5 86.9 83.3 77.1 72.5 76.9 82.2 83.8 80.2 66.5 78.7
CL MT3DE9] 76.0 87.6 89.8 85.0 81.2 75.7 81.0 84.5 85.4 82.2 68.1 81.5
GaitGLLS] 76.6 90. 0 90. 3 87.1 84.5 79.0 84.1 87.0 87.3 84.4 69.5 83.6
GaitBasel 20] 69.4 80. 2 82.7 81.3 76.7 75.0 76.1 78.9 81.0 78.9 66.9 77.4
RTBNet(ours) 75.5 89.9 92.1 89.6 84.3 81.6 85.8 89.4 92.2 87.4 72.6 85.5
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(GaitSet™], GaitPart™ , GLNU) g 5 47 %5 i #4585 i 25 5 4F
SR A AR S T AR SO A A . 2 A kT 3D B
75 (GaitGLM) ,RTBNet Fl FH 48 X 037 & 4 5 % 25 25 )% 41 il
P 9a%, 3R 12 20 RTB B He 2 81 0[] 4k B (4 4% 10F .
A H 3 F SMPL (1) 5 ¥ (SMPLGait""™ ) , RTBNet H & i
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Table 3 Accuracy on OU-MVLP dataset(excluding the same viewpoint)
%)
Methods o : : : o ——iohe Yiew o a D o e —  Mean
0 15 30 45 60 75 90 180 195 210 225 240 255 270

GaitSet™? 79.5  87.9  89.9  90.2  88.1 887  87.8  81.7  86.7  89.0  89.3  87.2  87.8  86.2 87.1
GaitPartt®] 82.6 88.9 90. 8 91.0 89.7 89.9 89.5 85.2 88.1 90.0 90. 1 89.0 89.1 88.2 88.7
GLNC2] 83.8 90. 0 91.0 91.2 90. 3 90. 0 89.4 85.3 89.1 90. 5 90. 6 89.6 89.3 88.5 89.2
GaitGLLE] 84.9 90. 2 91.1 91.5 91.1 90. 8 90. 3 88.5 88.6 90. 3 90. 4 89.6 89.5 88.8 89.7
GaitMPLL21] 83.9 90. 1 91.3 91.5 91.2 90. 6 90. 1 85.3 89. 3 90. 7 90. 7 90.7 89. 8 88.9 89. 6
Lagrange“zJ 85.9 90. 6 91.3 91.5 91.2 91.0 90. 6 88.9 89.2 90. 5 90. 6 89.9 89. 8 89.2 90. 0
GaitBasel20] 87.8 91.4 91.5 91.8 91.5 91.3 91.0 89.3 90.7 91.2 91.4 90.9 90. 7 90. 3 90.8
RTBNet(ours) 89.2 91.8 91.8 92.1 92.1 91.7 91.5 91.2 91.1 91.1 91.3 91.1 90.9 90. 6 91.2

F 4 7E Gait3D UL 5 HETRAT 5 2% 0 300 v %0 L
Table 4 Recognition accuracy comparison with current popular

methods on Gait3D dataset

WARWAET 88U M XTI, R T RTB YA A
b BEAE

Methods Publication R-1/% R-5/% # 5 RTB Y TH fh SE 5
GaitSet"?! AAAT 2019 36.7 58.3 Table 5 Ablation experiments of RTB
GaitPart"%] CVPR 2020 28. 2 47.6 %

GLNE!2] ECCV 2020 31.4 52.9
GaitGLLS! ICCV 2020 29.7 48.5 RTB NM BG CL

SMPLGait 7] CVPR 2022 16.3 64.5 96.1 91.4 76.7
RTBNet(ours) — 17.6 67.3 v 97.9 94.7 85.5

9T EAGFTHE Y RTB #85 3 X%t 8 4~ RTBNet £ 8 M: fg
B BT dk, 78 CASIA-B 4 5 b X a7 iH ml sc 56 . 45
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