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Gait recognition with united local multiscale and global context features

LI Haomiao, ZHANG Hanxiao, XING Xianglei
(College of Intelligent Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Existing gait recognition methods can extract rich gait information in the spatial dimension. However, they
often overlook fine-grained temporal features within local regions and temporal contextual information across different
sub-regions. Considering that gait recognition is a fine-grained recognition problem, and each individual’s gait carries
unique temporal context information, we propose a gait recognition method that combines local multiscale and global
contextual temporal features. The entire gait sequence is divided into multiple time resolutions and fine-grained tempor-
al features within local sub-sequences are extracted. Transformer is used to extract temporal context information among
different subsequences, and the global features are formed by integrating all subsequences based on the contextual in-
formation. We have conducted extensive experiments on two public datasets. The proposed model achieves rank-1 ac-
curacies of 98.0%, 95.4%, and 87.0% on three walking conditions of the CASIA-B dataset. On the OU-MVLP dataset,
the model achieves a rank-1 accuracy of 90.7%. The method proposed in this paper has achieved state-of-the-art results

and can provide reference for other gait recognition methods.
Keywords: biometric identification; gait recognition; cross-view; convolutional neural networks; deep learning; resid-
ual connection; fine-grained; attention mechanism
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FE VN SR [ 22 A ] 30 Mt 7 I sl ] 4R it

TE CASIA-B ™1, A 3L X Ja 3 22 43 9 S5 4 b i ek
)RR AE 4R BCRE R T 80%10° YR IE4L, IE7E 70x10° 1K
AR B2 SRR T 1x10°, ZJEMALRA
VE 7S 3 bR SCH )RR A 48 BRRS BEA UI 25 30x10°
Wk
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1) 7£ CASIA-B #il OU-MVLP ¥4 4E |, 4 4
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2) Xt T Jey i 22 43 PR A0 I B R AE B RS, A
TRE N3, B s [Ea R E 1.3, 5,
3) T4 R A R B R SR R R AR SR R,
(n, m) BIEBEE R (4, 4),
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3.3.1 3 -F CASIA-B 4t &

FE 1, SCHels BIr i i O vk S LR B o
HERY AL R0 B AT T LA, 45 GaitSet™?
GaitSet "V GaitPart'™, csTL"® . MT3D""! Hi
GLFE"™ . W] AW 5], A< SCHR i B0 75 FiT £ b
SRZ& A AR BT #0 SR HE AT

X1 CASIA-BHIEE LARAMNANIRER

Table 1 Expriment results of the different identical-view cases on OU-MVLP %
. " FE/°) ,
AR R R 0 18 36 s ! w0 18 16 14 1 im0
GaitSet™ 908 979 994 969 936 917 950 97.8 989 968 858 95.0
GaitSet ™ 958 993 998 983 961 946 962 986 992 987 938 973
GaitPart™ 941 986 993 985 940 923 959 984 992 978 904 962
NM MDD 957 982 99.0 975 951 939 961 98.6 992 982 920 967
GLFE'™ 960 983 99.0 979 969 954 97.0 989 993 988 940 97.4
CSTL" 972 990 992 981 962 955 977 987 992 989 965 97.8
AIHHE 970 995 993 988 974 962 974 989 995 995 943  98.0
GaitSet™  §38 912 918 888 833 810 841 900 922 944 790 872
GaitSet™ 922 970 960 947 920 904 920 961 97.6 978 885 94.0
GaitPart™ 891 948 967 951 883 849 89.0 935 961 938 858 915
LT BG MT3D"" 910 954 975 942 923 869 912 956 973 964 866 93.0
GLFE'” 926 966 968 955 935 893 922 965 982 969 915 945
CSTL" 917 965 97.0 954 909 880 915 958 970 955 903 93.6
A 934 978 999 966 947 893 93.6 980 997 988 89.0 954
GaitSet™ 614 754 807 773 721 701 715 735 735 684 500 704
GaitSet™ 768 883 880 850 819 780 789 817 839 833 733 817
GaitPart™ 707 855 869 833 771 725 769 822 838 802 665 787
cL  Mm3D" 760 876 898 850 812 757 810 845 854 822 68.1 815
GLFE'™ 766 900 903 87.1 845 790 841 870 873 844 695 83.6
CSTL" 781 894 916 866 821 799 818 863 887 866 753 842
AR 815 931 953 905 867 812 865 900 909 877 736 87.0

T ARACRACR I, T
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1F GaitSet 1, LT % & F, £ NM, BG 1 CL

3 Fh AN 25 A T 18 1R 1 VB A 2R 4300 R 95.0%

87.2% M1 70.4%, A H Pk, 78 3 Fh 4644 T R
I HETR BE 23 91 M 98.3% . 95.6% F1 85.1%, 43 Bl 42
BT 3.3%. 8.4% Il 14.6%., 1% F WA SC 5 ¥ 78 4
SRS A5 LT ELAT B Y R

T3 A, FERE SO UM T T, NFE 1 AT LUOULER
B, ARSCHIRAEILT BT A BEHR R 8] T e 1R
BIAEE o 5 H AR L, A SRS AL AR AS [R] AH AL
MA TR ZESMBR/N, fln, £LTREDN
NM 4 F, 7E 36°H1 180°8L 1 T, GaitSet F4 1 fiff
FA R 99.4% F1 85.8%, HERAJEAH 2 10%.,
ARARSCHIEEGEN AT LR T 94% L I
R B B N i b 7 N R ) S = e SR S )
BN,

332 A F OU-MVLP # 45 &

R T VPEAS AR SC I 4% 172 AL BE 1, 38 7E e Bk i
K4S H 25 S B 4 OU-MVLPPY |58 i T 52
o T AR, (AT 3.1 1 R ] IR
IS, 5 3CHk [3] AR . S5 anEE 2 FoR, 5240
Je it T A H L BRI 2 ROBE N4 Jm) R SC
A D4R AIE A A 25 1R 01 I 2 76 T A LA 1 RS T
B PERE
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Table 2 Expriment results of the different identic-
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G JRiB 22 RUBE R4 Jmy 1T SCA TR ARRAIE 3 He
P 2% = 22l DA R QB R AL Rk : e, SRR 2
TR AR B S (] R AF 4 HCA FH T S HUAORL B Y )
R [ AR AE 5 vk, 5l A2 R A FEE ) LT St
(B 4P AIF 12 U ofe B B 4 Je Bf (R ARRAIF o AR SCl b oA
[F] 1) 97 il 52 38 o iE — 20 3 B B A O SRR 1Y
EH o
3.4.1 B3R % 4 PF R tmka BN ) 4F AR AR BRAR 3R

AN T DA R > RUEE 9 B (R AREAIE 1) T
2, A SCHE AR 28 ] 22 43 B 3 ok 4 AR 32 )
HREF T RRAE . A SCHESE T AR o SR B, 3R 3
25 T CASIA-B 445 | LT i & T 1YL 5 45
Fo MR AR LU, S H— 450 3£
ff, TR RS 43 32, I HERH R ERIRT 90%.
G IF 2 44 3BT, Toie A2 W —F (i 251 A R
BE g ) A RORE N RBEE R R, 85O
Lo B Adt B — A o0 LB . M85 3 Ao ST,
ROREAF, 56T 2 D0 KW IGOUAR L, ~F- YR 2
P T 1.2%;
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Table 3 Expriment results of the different branches with
the LT settings on CASIA-B

R rank- Ui /%
miges)  ME ORRE NM BG cL FH
v 96.0 92.6 812 89.9
v 95.4 922 809 895

4 952 920 80.6 894
v 4 979 952 847 92.6
4 973 940 828 914
v v/ 976 950 844 923
v v v 98.0 954 87.0 935

al-view cases on OU-MVLP %
Bk
NMARF/(?)
GaitSet"™  GaitPart"” GLFE"" A ik

0 79.5 82.6 83.8 88.4
15 87.9 88.9 90.0 91.6
30 89.9 90.8 91.0 91.5
45 90.2 91.0 91.2 91.8
60 88.1 89.7 90.3 91.4
75 88.7 89.9 90.0 91.1
90 87.8 89.5 89.4 90.7
180 81.7 85.2 85.3 90.7
195 86.7 88.1 89.1 90.8
210 89.0 90.0 90.5 91.6
225 89.3 90.1 90.6 91.5
240 87.2 89.0 89.6 91.0
255 87.8 89.1 89.3 90.5
270 86.2 88.2 88.5 90.0
Py 87.1 88.7 89.2 90.9

342 %5 AFAEaRAAEE AR LTk

1E 2.3 AN A T AR 25 SRR &
BIHpy SE B 20 AT X X Sy vk AT R e,
AN IR, 45 Rk 4 fiom, N4
AT LLE B, Y A 7R, 2% B I 2k e [a]
MBS ECREA /D> T T E k. 3 BAE 2k
HERPR BRI ik S TS kN2
BFA K, H BT ML IF A B35 g 2L &R
SRS RN ERR R . DL, 2R A TH R AR AR
SRR, FEA SO b B e P8 T 8 T ok 58
ML R E R S i . HORAEF S T vk, ]
PAdH 2 A5 X 2453 SRR E AT RS
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Table 4 Contributions of different implementation meth-
ods for multi branch feature fusion modules
G T HEBLIE)/s 25 280/ MB NM/% BG/% CL/%
( Ts:l_)TSZS )
GEEOVIRES
( TSZS_)T\'ZI )

EENFE 720 102

545 95.6 98.0 954 870

547 95.6 97.8 951 86.5

98.5 957 854

(Toey » Tyoss Tyos > Tooy)

e Ty > Tyos AT AT B R AE 328 387 ) AELA B2
FEAE BN, Toos— Tomy ARFR MORLRE B2 REAE ] 410 B2
FROE S0, AR Ry L3l 2.3 795 . LI 45
WALV, Tooy— Tos 1T LAHRUAS B8 7 0 18 5310 1 1
2 1k BH DA AR 2% T ) RELRSE 32 AR AE 2R 0 1Y
RORTAE . BLAN, TEARRLEE | ORI RE | HLRL R 22 (1]
AT LB, AR s T 2 S5
Ko T LA 2R JBE 528 5 1 HA 43 52 BN, 4 kL
JE 43 3B A0 AR X A 23 SRR AT T R
g, P 7 A SR D AR R IE R IR RE T . DA
UEHR & T A0 A I 4 RO T %R
343 2B HIEZE N ET XA FERRE

& % vy % & WAk A Max(-) | Mean(-) 1§,
Median(-) 2k R & 4 )5 2 B 5 B, XHIFAGEHRG
AR BT SUFEE . B, AT 2R
H &7 N SCEF RN IE £ B o SEgm A SR
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Table 5 The experimental data results on the contribution
of the global self attention context time feature

extractor %
oY NM BG CL
Baseline 96.0 92.6 812
Baseline+Transformer(4x4) 977 947 834

Baseline+ConvT+Transformer(1x1)  97.8  95.0 85.4

Baseline+ConvT+Transformer(4x4)  98.0 954  87.0

GaitSet 95.0 872 704
GaitSet+Transformer(4x4) 97.0 892 745
MT3D 96.5 934 81.6
MT3D+Transformer(4x4) 973 945 83.6
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