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[ Abstract |

tive field and integrate local features. These methods mostly use shallow networks, which have limitations in extracting global features

Currently, mainstream gait recognition methods often rely on stacked convolutional layers to gradually expand the recep-

from gait images and lack attention to temporal cycle feature information. Therefore, a deep neural network algorithm combining Trans-
former and 3D convolution, named 3D convolutional gait recognition network based on AdaptFormer and Spect-Conv (3D-ASgaitNet )
was proposed. Firstly, the initial residual convolution layer converts the binary contour data into a floating-point encoded feature map to
provide dense low-level structural features. On this basis, the spectral layer enhances the feature extraction ability through the joint
processing of frequency domain and time domain, and uses the pseudo-3D residual convolution module to further extract advanced spa-
tio-temporal features. Finally, AdaptFormer module was integrated to provide flexible feature transformation capability through light-
weight down-sampling and up-sampling network structure to adapt to different data distribution and task requirements. 3D-ASgaitNet
was carried out on four publicly available indoor datasets ( CASIA-B, OU-MVLP) and outdoor datasets ( GREW, Gait3D), and
achieved recognition accuracy rates of 99.84% , 87.83% , 45.32% and 72.12% , respectively. Experimental results show that the
recognition accuracy of the proposed method in CASIA-B and Gait3D data sets is close to the performance of SOTA.

[ Keywords ]
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Table 3 Comparison of Rank-1 accuracy of different methods

HERN 2/ %
b Gl CASIA-B OU-MVLP GREW Gait3D
NM BG CL

AR SCAG T — 98.8 95.4 88.7 78.2 36.8 63.6
GaitSet 2! AAAI 2019 95.8 90.0 75.4 87.1 48.4 36.7
GaitPart[ %] CVPR 2020 9.1 90.7 78.7 88.7 47.6 28.2
GaitGL 0] ICCV 2021 97.4 9.5 83.8 89.7 47.3 29.7
csTL ICCV 2021 98.0 95.4 87.0 90.2 50.6 11.7

3DLocal %! ICCV 2021 98.3 95.5 84.5 90.9 — —
SMPLGait" ! CVPR 2022 — — — — — 46.3

1 :NM . BG UK CL 40518 CASIA-B BUE4E FPi 45 A & 9 IE 3 ALK 5 INEM A BT,
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Fig. 8 Accuracy and loss values of iterations on four datasets
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Table 4 Results of ablation experiments on the
Gait3D dataset

S FS  Spect-Conv 3D-CNN - AdaptFormer iR AAERTR/ %
0 vV — — 32.64
1 — VvV — 61.23
2 — — Vv 68.23
3 vV Vv — 62.11
4 2 — Vv 67.22
5 — 2 2 70.63
6 vV VvV vV 72.12

VRIS TR — SRR RN

N 4 Fizs, S5 0 AU Spect-Conv 15, 15
BT HAR AR HER R 32. 64% , 31X 2 Spect-Conv
P I RRAE SR ICRE DA R, S 1 rh g A
3D-CNN, FIHER 42T 2 61. 23% , /st 3D-CNN
TEAL RIS 25 5040 3R KR T o S5 2 v s i ]
AdaptFormer #iHe U AERR R IE 2] T 68.23% , 2 H
HZAR BEAS HE A M PR R 4 R B E R B, 5250
345G Spect-Conv Fl 3D-CNN, THE Bt 2 458 P il Y
Spect-Conv BT 29. 47% , 1B Spect-Conv 5 3D-
CNN IR G TERAS, S50 4 ~ 5250 6 ARG A Ada-
ptFormer Fi ERG R E AL 5, I AdaptFormer
TEZ Bl G I, HA m 2D A RCR By 8251
FHo XSGR, BAR B — B HA HRI B (H 24
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Table 5 Cross dataset experimental results

BRI 5

Wik _ :
e Gait3D CASIA-B Gait3D— CASIA-B—
P _
CASIA-B Gait3D
PHANAER R/ % 72.12 99. 84 99.98 68. 89
A
3 ZFig

F R A A SN E B N A SR
SIHER R AL [ 8, JEF 3D-CNN 5l A Trans-
former, $& 1 T — B & K B 09 0 A R B Bk
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