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Gait recognition method integrating 3D-CBAM and
cross-time scale feature analysis

Xu Zhenqi  Piao Yan Kang Jiyuan Ju Chengwei

(School of Electronic and Information Engineering, Changchun University of Science and Technology, Changchun 130022, China)

Abstract: Addressing the limitation of traditional gait recognition methods that neglect temporal information in gait features, we propose
a gait recognition framework that integrates 3D-CBAM and cross-temporal scale feature analysis. By incorporating an attention module
into the model, it adaptively focuses on critical channels and spatial locations within the input gait sequences, enhancing the model’ s
gait recognition performance. Furthermore, the enhanced global and local feature extractor (EGLFE) decouples temporal and spatial
information to a certain extent during global feature extraction. By inserting additional LeakyReLU layers between 2D and 1D
convolutions, the number of nonlinearities in the network is increased, which aids in expanding the receptive field during gait feature
extraction. This, in turn, boosts the model’ s ability to learn features, achieving better global feature extraction results. Local features
are also integrated to compensate for feature loss due to partitioning. A multi-scale temporal enhancement module fuses frame-level
features and short-to-long-term temporal features, enhancing the model’ s robustness against occlusion. We conducted training and
testing on the CASIA-B and OU-MVLP datasets. On the CASIA-B dataset, the average recognition accuracy reached 92.7%, with
rank-1 accuracies of 98.1%, 95.1%, and 84.9% for normal (NM), bag ( BG), and clothing ( CL) conditions, respectively.
Experimental results demonstrate that the proposed method exhibits excellent performance under both normal walking and complex
conditions.
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WHERM R M 92,7, #H b GaitSet , GaitSet 2 | GaitPart .
MT3D ,GaitGL 1 ESNet 4351 & i 8.1.5.0.3.5.1.9.0.9
0.9, HHA T LM HER AL, WA B ES, =

SZM R Z A $E 1) EGLFE &l GLSTC JZ# H STCM
b2 B AU HRAR B 1 AR X 4 SR R AR B A e T, il
JRIEBERAE TR , A5 RO A e R A Bty Sk B RRAE 4145 52 )
FIFH 3D-CBAM {2 7 MLl {455 80 G % o o¢ 1 20 8 )%
1) e E Y A A B RS ) R, B O i 2L A )
AL S RRAE 5t SR R ARG 12 5 3 ) Al FH 22 JRLJ3E A ) 34 5 A
e AR AR A P N = 5 I )5 D, $2 L AR

X P Y R

%2 CASIA-B HJ 24K F 1 Rank-1 A #HE
Table 2 Overall average Rank-1

accuracy of CASIA-B (%)

Method NM BG CL Ty
GaitSet 95.0 87.2 70. 4 84.2
GaitSet Hifk 96. 1 90.0 77.0 87.7
GaitPart 96.2 91.5 78.7 88.8
MT3D 96. 7 93.0 81.5 90. 4
GaitGL 97.4 94.5 83.6 91.8
ESNet 97. 4 94.0 84.0 91.8
A3 98.1 95.1 84.9 92.7

&3 ARFHEE OU-MVLP HIREMN T Rank-1 AHE, L EFEHERAARIER
Table 3 Average Rank-1 accuracy of different methods in the OU-MVLP dataset, excluding the same viewing angle ( %)

ik 0° 15 30°  45°  60°  75°  90°  180° 195° 210° 225° 240°  255°  270° V3
GaitSet 79.5 879 89.9 90.2 88.1 88.7 87.8 81.7 8.7 89.0 89.3 87.2 8.8 862 87.1
GaitSet (#  81.3 90.0 89.9 90.5 89.3 89.2 884 835 8.1 8.3 8.5 8.6 8.5 8.8 831
GaitPart 826 88.9 90.8 9L.0 89.7 8.9 89.5 852 8.1 90.0 90.1 8.0 8.1 8.2 887
GaitGL 8.9 90.2 9L.1 915 9.1 90.8 90.3 835 836 90.3 90.4 8.6 8.3 835 89.2
ESNet 84.8 89.6 91.0 91.3 90.7 90.4 89.9 885 87.5 90.1 90.2 89.4 89.3 885 89.4
A 85.7 90.3 9L.1 913 912 90.8 90.7 89.4 883 90.1 90.2 89.8 89.9 8.0 89.8

£ OUMVLP B4k I iR A 5E 1 J7 v 5 S5 ny
BT T 10647 T I8, A9 GaitSet | GaitSet Btk |
GaitPart , MT3D | GaitGL Fl ESNet, 3 3 JyiX $&J5 3% 7
OU-MVLP Bdli4E FRyTERE, S5 RRU A B LT
HAb 7 v FE R 2O IR Tk 31 T d5e o i HERR %, 1 24
% 89. 8%, AW % Ty kAT LA R b TR
AL AR
2.4 EZMSH

AWFFERRLIEAT T IZ AR PE50HT , 45 Rk 4 R,
£ CASIA-B 4is 48 I, i JHAH ] (4 150 45 R 43 ) %o
ABFFERIREIIA GaitGL MBI HEAT TS24, 5 GaitGL AH
Lo, ARWFFE RN A TE 2 1 S8, X R AW 5T (A A
FERMER/RBE ) BTE A i € B[R] B 75 22 00 2 193158
PR BEATIN SR fifE B, 3 4 W LUA i 7E CASIA-B
Bl b ARBIESE AR Y [ 4 B RS Sy 31.35/it-s7' T
GaitGL FYHEFILHE o 93. 07/it-s™" . S A ST Y 5
e PR AL T GaitGL 918  (HEA RIS T — 7]
P2 BT | 520 25 TR 01 4l 3 SR FH ) B 3 R s
il

#4 CASIA-B T GaitGL AN FENELELER
Table 4 Complexity results of GaitGL and our
method under the CASIA-B dataset

il Parameters Count/ ( x10°) Inference Speed/ (it s7h
GaiGL 3.10 93.07
AL 7.90 31.35

W AP 5 76 W &5 NVIDIA GeForce RTX 3080 % F
T T RE A
2.5 iHEhSCIG

MG AR 45 EGLFE 2 R i 4
TEFEBUEE He MTEM, 3D 4 FL i S A B (3D-CBAM ) 4556
BRI D ASBIESE BT T AN [R) 4TS Bl 5E LA 23 BT B
AR H Y 5TRk, T CASIA-B & T H Z (47
SR IS UEA [RE BT B, AR B 58 6 12 804 R 2k 17
THALSCR, HASCIREE R NER 5 R, 8 GaitGL 1Eh
Fegk A 3 i ] EGLFE A5 B S 2 0RE B2 4R = 0.2,
EGLFE Fieffi § STCM #5538 i) 3DConv #H L,
(2+1) D 43 HE A SR AE SR EUT 55 vh BT B AR e vk
5 eREUE ek A SR T A A B s AR S ERURE O LA
KD SHOTR GRS L3 R AT 20 R 42
U B4 A7 B A O R R34S fE 4 BCAH 19 114 45 (1]

fHE.

x5 AEAFGFTHISERIUERZR
Table 5 Accuracy of feature extraction under

different conditions (%)

77 EGLFE MTEM 3D-CBAM NM BG  CL -y

a - - - 97.4 94.5 83.6 91.8
b Vv - - 97.5 94.7 83.9 92.0( 10.2)
c VvV - 97.4 94.8 84.8 92.3( 10.5)
d vV - vV 97.7 94.7 84.3 92.2( 10.4)
f Y vV 2 98.1 95.1 84.9 92.7( 10.9)
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FEEEPER T 0.5% 78 BG 45180 CL 244 T , M RE 43l $2
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BT GaitGL B3k, A BEAS T fin 56 1 28 SRR AE 1Y
KHEE B AR THE AL A PEBE, 75 NMBG M CL £5F T 42
T IRBIER R, 5k R EGLFE MTEM A1 3D-
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