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Adaptive Human Body Topology Guidance for Gait Recognition

XU Ying, ZHU Ming
(School of Information Science and Technology, University of Science and Technology of China, Hefei 230026, China)

Abstract: Unlike appearance-based methods whose input may bring in some background noises, skeleton-based gait
representation methods take key joints as input, which can neglect the noise interference. Meanwhile, most of the
skeleton-based representation methods ignore the significance of the prior knowledge of human"‘body structure or tend to
focus on the local features. This study proposes a skeleton-based gait recognitionframework, GaitBody, to capture more
distinctive features from the gait sequences. Firstly, the study leverages a temporal multi-scale convolution module with a
large kernel size to learn the multi-granularity temporal information. Secondly, it introduces topology information of the
human body into a self-attention mechanism to exploit the spatial representations. Moreover, to make full use of temporal
information, the most salient temporal information is generated and introduced into the self-attention mechanism.
Experiments on the CASIA-B and OUMVLP-Pose datasets show that the method achieves state-of-the-art performance in
skeleton-based gait r‘ecégnition, and ablation studies show the effectiveness of the proposed modules.
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value BEATHN. B J5, A8 SCREAE RO T 300 45 R A% 3
B2 RN, Skt — AR EE AL B B ATRNG
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N T AR S5 R, AT s — M R 2
JRUPEE A AU B (1) i Y ), T I TR0 4% ) 48 P8 b kAT —
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PEMU A, T3 B4, Eoupu € R™P, D £
ANFRHIE ) B (R ZE 2

ASCRBUK triplet loss Fl cross entropy loss 214
f 75 ARG ATt E ouepu 73 VA2
ANISLI RN, F6 0 5 BB AN Ey € RVP
MIE.. € R™P 4 Eyi 1T triplet loss, Ece T cross entropy
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Lcombined = Lty-ri + Lese (7)
AL

Hrf, Ly 75 triplet loss, Lese 27~ cross entropy loss.

4 SEER ST
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FEH TR S HE L. B E T 124 MME,
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(2) OUMVLP #il OUMyLP-Posé

OUMVLPU Uy K Bk 2 3 43t 1 K R Y2 25 1
AEFERE, P aE 10307 MME, A MEEERE 14 4
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5 OUMVLP A A [A ) MEE A 2. OUMVLP-
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LG THERY OpenPose™ 1 AlphaPose™ LT k.
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Xf CASIA-B, AT EACK B E N 300 ik, £ XF
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Y2 ) 2B BN SE-3, R 1-cycle % ) KR, ¥
U R BEE N 1E-5, R A5 GaitMixer™ s Af [H] ()
B RARESRNE. A K CASIA-B LR /IN R BN 74%4,
Ho 74 RAMEEL 4 R BEANAMERSE T IR, K
OUMVLP-Pose [t /N E N 200%4.
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43 SMEFENXESE o
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) BT i, AT EAE FA IR A T 4 LG 32
9T 1507 R I M S B, AR W T A TR I
2) AHEL TR T AN 7k, ROERIL T — 2 54
11, FEP YRS B L, AR 71 GaitSet A1 GaitPart 437 &
T 5.9% 1 1.9%, It —B4i% 75 GaitGL Z [A] ¥ %
PE. R0, TEZEAME (CL) 6 4F T, AR J7 R K IR
AR T 3T AME R T, L GaitSet, GaitPart £l GaitGL
SAE T 16.8%, 8.5% Ml 3.6%, iXilF B T £EAME 5 ER
Z R FH, FETOCE AUB A BUN RG], 3) AT7
AR R A AR, SR ERE &R, i3k 2 R,
R AR R e M B I R, A O VEEAT RS ARk
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Graph2!"”, CAGP"FIE T 4ME I GaitGL! 347 HLEK.
H | GaitBody, GaitGraph 1 CAG & & T S & 1) )y
%, /£ OUMVLP-Pose ##i4E Elli, GaitGL s T-4h
TEH 757, 76 OUMVLP $di 4 F kA7, (2 KA

50, FE2E T 0B s TV, AT IRAEHE I LA
BORIRTT, B EoR 1A TR AE KRR 4R iz e
BEJ1. 5 TANERITIEM L, BARATT AR FELE R T
S 2D A5 TR D7 AR, AE AT DAL A 2 T % o

CAG ¥ H7E OpenPose L 1 H# 4 EINR, A7 LA RSB AR T3 1%, AT — BN T 53T
£ AlphaPose SR IR 4 b 5 H L. G5 R AT L (20 AR 7 ik 2 Rl ) Z2 3.

F 1 HARE CASIA-B B4 E (%)
1TERS Es (i) 0 18 36°  54°  72°  90°  108° 126° 144° 162° 180° “FIMH
GaitSet”  90.8 979 994 969 936 917 950 978 989 (968 858 950
TSR GaitPar” 041 986 993 985 940 923 959 984 992 978 904 962
GaitGL' 960 983 99.0 979 969 954 970, 989 993 988 940 974
NM PoseGait'” 553 699 739 750 68.0 682, 911 9729 761 704 554 687
2T S GaitGraph'” 853 885 910 925 1872 865 884 892 879 859 819 877
GaitMixer™ 944 949 946 963. 953 963 953 947 953 947 922 949
Ours 94.6 £ 949 953 953 958 962 948 953 959 953 939 952
GaitSet 838 912 91.8 888 833 810 841 900 922 944 790 872
T ITIE GaitPat”' i 89.1 948 967 951 883 849 89.0 935 961 938 858 915
. GaitGL"" 926 966 968 955 935 893 922 965 982 969 915 945
BG g PoseGait" 353 472 524 469 455 439 461 48.1 494 436 311 445
T Sk GaitGraph!" 758 767 759 761 714 739 780 747 754 754 692 748
GaitMixer™ 835 856 88.1 89.7 852 874 840 847 846 87.0 814 856
Ours 884 891 89.6 91.8 897 911 898 90.1 90.6 904 861  89.7
GaitSet” 614 754 807 773 721 7001 715 735 735 684 500 704
BT ANBITT GaitPart” 707 855 869 833 771 725 769 822 838 802 665 787
GaitGL'" 766 900 903 87.1 845 79.0 841 870 873 844 695  83.6
CL PoseGait"” 243 297 413 388 382 385 41.6 449 422 334 225 360
S GaitGraph!?  69.6 66.1 688 672 645 620 695 656 657 (66l 643 663
GaitMixer™ 812 836 823 835 845 848 869 889 870 857 815 845
Ours 819 857 881 90.1 879 867 88.6 1899 907 880 818 872

) |

i ‘ ."-: ’
% 2 *ﬁﬂ?ﬂ? CASIA-B L?i@*éﬁ*ﬂ*ﬁ?{ﬁ% (%) EN\%I )\Bﬁﬁﬂﬁﬂa A%», %H Eﬂ%%i’l\ﬁ A%~1’Ej‘j E EHE

Ii6 WA R T I RAE BAE A fie
sk e P]rgone — g b JIHLH ) Eleiy, Hﬂfﬁﬁﬁé PR I P45 S AEN key fiE
— 5 i R AR R . IXUE W] T AR IR S S Rl i A
aitSet” 950 872,704 842+ 103
N | S VA He U S / H
HTANBIIE  Gaitart® 962 915 78.7 888 7.4 ﬁ%L&Lﬁgﬁﬁﬁw‘]?&iE/J%{BEEX'
GaitGL"" | 97.4 945 836 91.8 59 ) M7 2 BRI
PoseGait!” 687 445 360 497 139 N T AR 2 R 7 6 BB i 6 B3 3 SCRcE B
S I f}fdphij ST s Tes b R ALK /N LR I £ R, AR SO R BB E A 7
artiviixer . . . . . e LB L S =7 h—
Ous 959 897 870 907 33 B MRS B BT SE IR, SIS AT R IR 5 o, iR 9

T 4 ALSSI0 T, BB R BEE N 31 1, AR
B i, IX AT BEAE IO 2D AR A — b & JR P B R AL, 17
BEE BB RO, A A HEE e REE,

4.4 HERSCIS
(1) Z5 8] B = S

PSR DS CINS PR Wk SRR S G EN
SCXPEE TN FIRCE T BRI R, R RESE Rk 4
. ARAEHT 3 AL, FATAT LARIIE 51N ME 2
FINRAARMERI 715 B e A R a1 g,

MR B R RS BE . B AR B 41 I, R
MRS PR 2T B, X AT e R O B BB B 1 R
T ASE A 7R T 3 R N PP R A AR T 11 ZH S5,
PV DR A IFAT B R0 ST RE LER B
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KANK 31 By G RAVERE 2. 1K ] RS2 R R /S 9r
g B RO, 15 BR A2 BT, I B 24045
SRR — ANy LB RUZ KN R 41 B, B 55— A9
SCABFURZ I K, AR AR SRS B K B, Xt A 27
—J5 UL B 1 JR SR A 06 B AR R S 3 4 SR,
BATRIA R 4 A FATERL 5 ST, B3 B 47
T4 S BN 43 S S I T RE A2 KA R B 4 AN IR AT
& AR5 T 22 I R, () B 3 e SR U I
REAE DN b A T R AE 1 R 7 3CRE B IR0 /INRFALE 2 T1]
(1 22 ., B /INRFAE 22 1] AR ELF- 0. B s SR iE 45 R,
MERE 4N, HHERZS IRE R 1, 11,
21 131 B, AR A e e 14 .

£ 3 A OUMVLP F1 OUMVLP-Pose F K455 (%
(%)

(5 153 R T 349 1 J2 O B0 46200 Hh 76 0 3 24
A4 Y A4 45 1 753 0 R e T 00 A4 1R G 1. ) 2
N, AN T HAME B R, BT ) T AR
BT R, W, R, BERAE, X ey AR AR AR AR
A5 A5 15 L. T 31N 3 B BT B
TP 4 5 T AN A, W 3 R, M T R, iX
ARV . HRAE TR TR, FRATHEN 1 5 A4
G 4S5, TR W T AT M A 5 2 I O
KEK. ¢\
%4 MU CASIA-B HURSE FOR A B %
ﬁ@%ﬁmﬁﬂ%ﬁﬁéﬁ% (%)

)
\ sl ey
WM AR NS 943 847 839 876
+Topology as query 94.1 87.0 83.7 88.3
+Salient as key 94.8 85.4 86.1 88.8
+Both 95.2 89.7 87.2 90.7
+Both (swap) 95.4 87.6 86.4 89.8

5 IRIULE CASIA-B #lE4E F AN B i 7
2 RERHI 453 (%)

BRI Probe

1 11 21 31 41 NM BG CL ik

OUMVLP-Pose™ OUMVLP®!
WA OpenPose™ AlphaPose?!! B
- - ait
GaitGraph2" Qurs GaitGraph2"” CAG™ Qurs
0 329 44.0 543% 454 657 849
15° 47.7 6Ll & 684 612 771 902
30° 539 64.7 76.1 647 793 911
45° 56.8 68.7 76.8 67.6 809 915
60° 539 68.3 715 670 80.6  91.1
750 547 65.1 75.0 63.5 781 908
90° 454 56.9 70.1 577 751 903
180° 29.0 472 522 399 591 885
195° 357 54.9 60.6 483 672 886
210° 343 50.8 57.8 440 615 903
225° 443 64.0 73.2 610 782 904
240° 46.2 63.4 67.8 608 777 896
255° 46.4 59.3 70.8 571 753 895
270° 38.4 51.2 65.3 521 713 888
S8 443 58.5 67.1 564 734 897
(3) ATHAL,

AT UERA R A AR SR 1 S 36 R0 5] AL
Vi, FATAEAL ARSI AT T TR AE . R Ak i

X

S o TR

am)
g

AR

DR O RO RO R R O RO O e

o Do
==

0 10 20

— N — —  — 930 850 8.6 869
- — —  — 944 8.5 854 888
— — — A — 946 874 89 893
- = = = A 93.6 82.0 735 833
v — — A — 951 863 832 882
N — N 952 878 849 893
— — AN A 950 855 838 88l
v — — 8 — . 4 953 89 853 882
— N & Ty 948 871 845 888
Y - — Y 93.8 83.0 778 849
= - v 919 788 702 809
\ N v N — 952 897 872 907
\ N NG — A 952 874 853 893
— A v N N 949 88.8 87.0  90.2

= 200

150

100

50

40 50 60

B2 A8 720, BRI AN S5 A 15 B I RFAE 1]

192 4 ARH % Software TechniquesAlgorithm

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 55334 5

http://www.c-s-a.org.cn

i H AR SN A

5

GaitBody, K$EPOLEFHNH HI P ERIE. N TR

B
il
P
e H
HH
VR
1A
JE N
it
Jr I
il
i
i
/l‘:ﬂ‘ﬁ
Hg
Vit
P&l

i
B

0 10 20

B3 e 720, RIS IR INE RS

s 5 RE

ASCHEH T — AT T D AR HE S,

Iy R NAR G 0 e 30 AR, AR SR AR G5 (9 41
SR AR BRI, FEEA query. PRIk 4h,
ﬁT%Uﬂ%tWﬁE}jﬂiﬁﬁi@ﬁE@?@%, 1, ARSI PRy
IE Fh A I e 24 P2 SRR A AR AR I P45 2, JF R

HE R AL R key SRARBOD &E B2

HEEE N

K A B 2512 B B A e, AR SCR e A BB R 1)
I 22 RS 45 AR B R 32 B 22 L BE (9 B R AIE. 7E
CASIA-B Al OUMVLP-Pose $ 4 4E I 1) 5256 45 FABAE
HH T BT H A A I

—

S3E 30k
Wang L, Tan TN, Ning HZ, et al. Silhouette analysis-based
gait recognition for human identification. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2003, 25(12):
1505-1518. [doi: 10.1109/TPAMI.2003.1251144]
Bouchrika I, Goffredo M, Carter J, et al. On using gait in
forensic biometrics. Journal of Ferensic Sciences, 2011,
56(4): 882-889. [doi: 10.1111/j._1556-4°029‘.2011.01793‘x]
Macoveciuc 1, Rando CJ, Borrion H. Forensic gait analysis
and recognition: Standards of evidence admissibility. Journal
of Forensic Sciences, 2019, 64(5): 1294-1303. [doi: 10.1111/
1556-4029.14036]
Takemura N, Makihara Y, Muramatsu D, et al. Multi-view
large population gait dataset and its performance evaluation
for cross-view gait recognition. IPSJ Transactions on
Computer Vision and Applications, 2018, 10(1): 4. [doi: 10.
1186/s41074-018-0039-6]
Yu SQ, Tan DL, Tan TN. A framework for evaluating the
effect of view angle, clothing and carrying condition on gait
18th  International

recognition. Proceedings of the

oo

10

=250
=200
150
100

50

40 50 ' 60

S RHE IEJ

Conference on‘I Pattern Recognition. Hong Kong: IEEE,
2006 441»444

Han J, Bhanu B. Individual recognition using gait energy
image. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2006, 28(2): 316-322. [doi: 10.1109/TPAMI.
2006.38]

Shiraga K, Makihara Y, Muramatsu D, et al. GEINet: View-
invariant gait recognition using a convolutional neural
network. Proceedings of the 2016 International Conference
on Biometrics. Halmstad: IEEE, 2016. 1-8.

Chao HQ, Wang K, He YW, et al. GaitSet: Cross-view gait
recognition through utilizing gait as a deep set. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2022, 44(7): 3467-3478.

Fan C, Peng YJ, Cao CS, et al. GgitR‘z_trt: Temporal part-
based model for gait recognition. Proceedings of the 2020
IEEE/CVF Coq}ferencez on Computer Vision and Pattern
Recognition. Seattle: IEEE, 2020. 14225-14233.

Lin BB, -Zhang SL, Yu X. Gait recognition via effective
feature representation and local temporal
2021 IEEE/CVF
International Conference on Computer Vision. Montreal:
IEEE, 2021. 14648-14656.

Huang XH, Zhu DW, Wang H, er al. Context-sensitive

gloi)al—local

aggregation. Proceedings of the

temporal feature learning for gait recognition. Proceedings of
the 2021 IEEE/CVF International Conference on Computer
Vision. Montreal: IEEE, 2021. 12909-12918.

Ma K, Fu Y, Zheng DZ, et al. Dynamic aggregated network
for gait recognition. Proceedings of the 2023 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Vancouver: IEEE, 2023. 22076-22085.

Wu HQ, Tian J, Fu YJ, et al. Condition-aware comparison
scheme for gait recognition. IEEE Transactions on Image
Processing, 2021, 30: 2734-2744. [doi: 10.1109/TIP.2020.
3039888]

Software TechniquesAlgorithm #1FHi AR 57%: 193

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1109/TPAMI.2003.1251144
https://doi.org/10.1111/j.1556-4029.2011.01793.x
https://doi.org/10.1111/j.1556-4029.2011.01793.x
https://doi.org/10.1111/j.1556-4029.2011.01793.x
https://doi.org/10.1111/1556-4029.14036
https://doi.org/10.1111/1556-4029.14036
https://doi.org/10.1111/1556-4029.14036
https://doi.org/10.1111/1556-4029.14036
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1186/s41074-018-0039-6
https://doi.org/10.1109/TPAMI.2006.38
https://doi.org/10.1109/TPAMI.2006.38
https://doi.org/10.1109/TIP.2020.3039888
https://doi.org/10.1109/TIP.2020.3039888
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2024 4F #5334 5

14

15

16

17

18

19

20

Huang Z, Xue DX, Shen X, et al. 3D local convolutional
neural networks for gait recognition. Proceedings of the 2021
IEEE/CVF International Conference on Computer Vision.
Montreal: IEEE, 2021. 14920-14929.

Zhang ZY, Tran L, Yin X, et al. Gait recognition via
disentangled representation learning. Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 4710-4719.

Liao RJ, Yu SQ, An WZ, et al. A model-based gait
recognition method with body pose and human prior
knowledge. Pattern Recognition, 2020, 98: 107069. [doi: 10.
1016/j.patcog.2019.107069]

Teepe T, Khan A, Gilg J, et al. GaitGraph: Graph
convolutional network for skeleton-based gait recognition.
Proceedings of the 2021 IEEE International Conference on
Image Processing. Anchorage: IEEE, 2021. 2314-2318:

Yan SJ, Xiong YJ, Lin DH. Spatial temperal graph
convolutional  networks. for sKeleton-based  action
recognition. Proceedings of the 32nd AAAI Conference on
Artificial Intelligence. vI'\Iew Orleans: AAAI Press, 2018. 912.
Teepe T, Gilg J, Herzog F, et al. Towards a deeper
understanding  of  skeleton-based  gait  recognition.
Proceedings of the 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops. New Orleans:
IEEE, 2022. 1569-1577.

Pinyoanuntapong E, Ali A, Wang P, et al. GaitMixer:

Skeleton-based gait representation learning via wide-

194 4R 5% Software TechniquesAlgorithm

21

22

23

24

25

spectrum multi-axial mixer. Proceedings of the 2023 IEEE
International Conference on Acoustics, Speech and Signal
Processing. Rhodes Island: IEEE, 2023. 1-5.

Huang XH, Wang XG, Jin ZDQ, et al. Condition-adaptive
graph convolution learning for skeleton-based gait
recognition. IEEE Transactions on Image Processing, 2023,
32:4773-4784. [doi: 10.1109/TIP.2023.3305822]

An WZ, Yu SQ, Makihara Y, et al. Performance evaluation
of model-based gait on multi-view very large population
database with pose sequences. IEEE Transactions on
Biometrics, Behavior, and Identity "Science, 2020, 2(4):
421-430. [doi: 10.1109/TBIOM.2020.3008862]

Cao Z, S‘i_mon T, Wei SE, et al. Realtime multi-person 2D
pose estimation using part affinity fields. Proceedings of the
2017 IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 7291-7299.

Fang HS, Xie SQ, Tai YW, et al. RMPE: Regional multi-
person pose estimation. Proceedings of the 2017 IEEE
International Conference on Computer Vision. Venice: IEEE,
2017.2334-2343.

Wu ZF, Huang YZ, Wang L, et al. A comprehensive study
on cross-view gait based human identification with deep
CNNs. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(2): 209-226. [doi: 10.1109/TPAMI.

2016.2545669]

VB DT PVEHE)

© TEREBIK R

http://www.c-s-a.org.cn


https://doi.org/10.1016/j.patcog.2019.107069
https://doi.org/10.1016/j.patcog.2019.107069
https://doi.org/10.1109/TIP.2023.3305822
https://doi.org/10.1109/TBIOM.2020.3008862
https://doi.org/10.1109/TPAMI.2016.2545669
https://doi.org/10.1109/TPAMI.2016.2545669
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 引言
	2 相关工作
	3 基于关键点的步态识别算法
	3.1 网络结构
	3.2 时序多尺度卷积模块
	3.3 空间自注意力模块
	3.4 模型输出与损失函数

	4 实验分析
	4.1 数据集
	4.2 实验设计
	4.3 与现有方法的对比实验
	4.4 消融实验

	5 结论与展望
	参考文献

