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Abstract

As a non-contact biometric identification technology, gait recognition still faces challenges in cross-
view recognition accuracy and robustness in complex environments. Aiming at the problems such
as insufficient multi-scale spatio-temporal feature modeling and a single cross-modal information
fusion mechanism in existing methods, this paper proposes an end-to-end gait recognition frame-
work based on multi-modal feature fusion. Firstly, a dynamic silhouette extraction algorithm com-
bining a Gaussian mixture model and morphological optimization is designed, which effectively
reduces noise interference and enhances the representation ability of the target area. Secondly,
a multi-branch feature extraction network is constructed. The 3D spatio-temporal graph convo-
lutional network (3D-STGCN) is used to capture the global spatio-temporal correlations of gait
sequences, and a pose-guided attention module (PGAM) is introduced to strengthen the semantic
information of local key joints. Finally, a cross-modal adaptive fusion mechanism (CMAF) is pro-
posed to achieve multi-level complementarity between silhouette contour features and skeleton
motion features. Experiments on the CASIA-B dataset show that the average Rank-1 accuracy of
the proposed method in cross-view (0°~180°) scenarios is significantly improved, and it is re-
markably better than mainstream models such as GaitSet, GaitTB, and GaitPart. This work pro-
vides an expandable solution for gait recognition in complex scenarios and has broad application
prospects.
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Figure 1. Model based on the fusion analysis of human silhouette and skeleton
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Figure 2. Flowchart of human pose estimation
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Figure 3. Overall architecture of the gait recognition framework
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W, A BH(50~100 AN epoch) B IA BIRS 2 IR A o 78 IEH AT ENM) A N RAEAER RIS T 98.2%,
A1, (BG)FI % KA (CL) A T 43 SR EAE 95.1%M1 93.7% 4 A5 o I e F 3 2 S R B ng , 2 S R A
46 0.001 iZE B2 0.0001, [FIRTELE dropout 28 INAEHIT MGG, (EIIZh 550 TEAER 2 2 B IR 28 AR
FRAIE 3% VAN, MRILA SO AR 5 12 AL RE

3.2. ER 9

N T BAIEAS SRR (A S M E AR B, 78 CASIA-B 5 &84 E S8 1 25 AR BB AL 347 7
PERE LU, R TR T AR B DA OB Y EAT X . 51N Rank-1 %, Recall # [H[Z L)
J2 F1 53 $U(F 1-score) =AM REFRAR K VAL S 46 25 SR

ARICAERLE NM. BG Ml CL 477E 44 F ) Rank-1 IR AIHERR SEUA (LS00 SR AR GaitSet
[15]+ GaitTB [16]#1 GaitPart [17]FIX b&E W5 2 FroR. B T ARCE RAL, HABS LSR5 H B
TH TR SRR

Table 2. Cross-view Rank-1 accuracy on the CASIA-B Dataset (%)
2 2. 7£ CASIA-B ERYIEH A Rank-1 ERBEE (%)

K& AR 0 18° 36° 54° 72° 90°  108° 126" 144" 162° 180" Py
Gaitpart  94.1  98.6 993 985 940 923 959 984 992 978 904 962
GaitTB  93.5 964 99.0 975 937 905 939 979 985 948 854 967
GaitSet  90.8 97.9 994 969 936 91.7 950 97.8 989 968 858  95.0

AL 963 995 996 980 961 962 973 985 996 987 958 978
Gaitpart  89.1 948 967 951 883 949 890 935 961 938 8.8 915
GaitTB  91.0 956 963 955 91.8 877 915 950 969 946 855 928
GaitSet 83.8 912 918 888 833 81.0 841 90.0 922 944 790 872

A 914 961 960 946 899 852 887 941 972 975 919  93.0
Gaitpart  70.7 855 869 833 771 725 769 822 838 802 665 787
GaitTB 724 842 872 818 772 751 786 814 812 783 623  78.1
GaitSet 614 754 807 773 721 701 715 735 735 684 500 704

AL 750 858 852 822 798 763 789 815 856 846 71.6 806

NM

BG

CL
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5 REBIANFISCER P IR BB AT BEAFAE 2257, N T BRI ZR BB 2 R AR, ASSCL S AEAR R i
B NIRRT TR, HSEIRAE R AT RN, ASCHr IR KRR S AT B AL LT 2 R DL
BFERS, SCHAETRATEFAE AR RN CL TR, HABMEE R . AT EFAF AT IRAN
HIHT, NM AR TSN F I IE AT ERS S . 5 GaitPart J7MH EL, ASCITRAERTIL. DRLATE A0
(A9 0%y 907y 180° MMM A A HER 3 XA T . GaitPart J& TN B RFAEHEAT RAL, HoB SN
FRAERRIE D FEEZ IR, FEAE = MTEA T BB S A SO EAE 1L6% I ARET HAb
T3k, ASOOTBAENTE A MARATE XA FEER] T BRK RS, XA el 1 A S 2 B
THEIA R

FEAFAET U BG 5 CLATHAEZRM T, GaitPart FIPEREHBL 7 WIE T, MASONEEX M EMA T
RIVEREEN 22 HIBETT 1.5%A0 1.9%. FEMFIZEAE T, SHARTTEME, ASCERRPERESe T VB2, IEY
T ARSI B S VU AR SRS B35 o 1] 5 NASLTT 9350 5 GaitPart 77i% . GaitTB 757 AM! GaitSet
TTEAEANFPRES T B T A (01 2000 2 LU

OQGaitpart BGaitTB BGaitSet DAL

97.8

100.0 7 962 96.7 959

91.5 928

90.0 A1
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Figure 5. Comparison of average recognition rates across different methods under varying conditions
E 5. RERS TR EBFEIRA RIS
NISUEPT R R RO A, K AR AR R 5 JUAt D7 A R4 B BEAT XS USRS, 4R PR EL4E
BRI BARAEIZA FLE, 4584 3 s,

Table 3. Results of different methods on the test set
2 3. PRIFAEMNRE LR

J5ik B R /% B E /% F1 18/%
CNN 95.85 96.09 95.97
CNN-LSTM 98.37 97.21 97.79
ACAEAY 98.39 98.38 98.34

3 RAESURERY], AR RAAEHER . HBIFRM FLE, Sonth 7RG Mz A RE AR E ML,
R W] Transformer 5 AL R UL BR AE AL VL BE i 2L Ay 00 ASORER AR BORR DL A0 T Hmh SR, Bl
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CNN 5 CNN-LSTM &k, #t—PI0E T rie BT TE AARAT R BT 4% b D ket A Rk
3.3. jEmhscIg

N T BAIEATHE ) SpatialGraph BREUIAY, ZZS 5] TR ALK DL B IS B I& B kA LI A 3L
PE, £ CASIA-B FEyEHHR & g7 H RS Es . VRS0 45 RN Rank-1 “TFIUERAZR, ANELS&0 B SALA
TR

(1) SpatialGraph BRI £ 284 (1) 45 2514

2 4 FINHITH Blse s LT R B, A SCHR Y SpatialGraph BR B0RR 7Y A 5 2 R v AU AR ) B4 HE
Mo R EEE 205 2 KIS (MultiScale) BEFRAEFE 5 (Hop) M H — AL FE (Norm) . H i 218 Z IR
R o3 AR L B[R] N 4 AN OIS B RRAE ,  BREEAE BT O T R B2 G R s /e, H—kk
HE BRSO B N AL RE R B AR R, S AR B, LRI DT T A MR RER L. SRIRxt Ll 4
HRIEIR, SpatialGraph #5888 TG R AN & 20 A 1) 0 BEE

Table 4. Ablation experiment results of the Spatial Graph model
5% 4. SpatialGraph 1R & HEM SEIG £

LN S HERZE /% FTHIEEE/%
Base-Graph 83.5
+MultiScale 87.2 +3.7
+Hop 89.8 +2.6
+Norm 90.6 +0.8
Full Model 91.2 +0.6

(2) LG FEBEFINLEIAA R

%5 PR TR SEI R L TR, AR I A 51 i R L A BRI S I RE . 1%
HUIE A Zh AR IR NS, RENS A B D P B R BEE BRFAE, RIS FEARSCAFAE T4, A
TG SRR A BE ) SRS AR BOR(B~E 4), AVER IR 3 % 3 BAUZ I AL A B A 1
fE, ML KGR RS R RE SN TUARME S BUE KR B A TR . S RGRAIE, AW TR AHE 3 %3 &
BUZAERIE R IR MRS B & .

Table 5. Ablation study results of the pose-guided attention mechanism
5. EZB5|ISEENNHIER LRGSR

S LR P HER /%
A 95.6
B 3x3 96.2
C 5x5 96.0
D 7%7 95.8
E 9x9 95.7

(3) BERRAS F S N Rl A LA A A R

7 6 PRI R SL g 0s L AR WY, A SCHR A RS 1 R Rl AL A AT 25 8 v 20 25 IR0 AR TE A
Pho XAOLHEZPRTLLT P I B, BUMAHMEE RS NMAREAIZZIRREE, 10E 2
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ROURTI R SRS MEE . & NPHER S e A I @A NILIE S BN E J% 3 ) 2R
SRAN RS BE BRI . LU A — A AR R B SRR, B RRAE B AT IR E
Ui/ WG P RO Z2 S 52 o T BT AR IR e 4R PSR Jm . S SRR G — S [l AT R i, oS
XA EEEE TR RIS

Table 6. Ablation study results of the cross-modal adaptive fusion mechanism
6. BIESHENMANHHRMENER

SZ BYRUARAE B ZLFE SEIUER /%
A 14 AMEH 85.6
B ANl 14 77.8
C fEH fEH 96.2
4. %18

ATCERNS H AT P AR IHEAE R R B 5 2 T IUA T R BOR A, SR T T Ak
SR SR & T R R Gt MR (AL R T P 1 20 3 TE B AR 4 P 2 A N ARG R — 2 ]
B Br s KR IR BE 77, PAS =4 NAARLEZS I3 W SRR T A5 R B — H AR R AT AE 1
PN N AN P PSS 1 S P = Py VA i3-S RS0 Y

it 5 GaitPart. GaitTB Ml GaitSet IX =S8 WL AL e 22 M 25 4 R il BL A, SRR 7 ARSI &
GEMETIVE . PUTIRIESETT I A0 SR, FESEBRRAI R, ARt i A — LI AE Bl . AESEIN 4K
P AL TR 5T, AT 3 TG i ) PR Ak B K ) S MR Kt A A% R T S BN A i 5 T
RGN TRA, 1817808, iRz, ARGNEM LT, REBRER RN LA —E il
%, EIX RN, BT IRFERIRIAGN, AR E SR HERVET, 2 5250 m0, SRR PR RE
IR RORI AR AT AHE fi it Fe 0 A7 G 558, Rl A B S5 W B 2 M S i b, SRRt A
B, HEAh, TCURAVERRAEHOAR, B S H R AT SR, RN CRAF R ) P R B A A 2
FAG R BT SAE 5 LA B iR S5 a2 AT R — 2D M, IS DU AL AE B S2 BR B % BT R0 &

EHEWHE

TL 7578 o 25 22 1 AR B2 90 OR300 H (22KTAS520010),  F 546 56 DU 1| 48w &S B A s 6 == 30 |
(2023YBO1), 2024 E4 g R 2= E Q1T AL TR H (202410329073Y).
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