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Abstract: Objective Gait recognition can be focused on the identity labels of pedestrians-relevant recognition according to
its walking style. Since it can be manipulated without coordination-derived constraints on a long distance scale, more appli-
cations potentials are illustrated for such domains like crime prevention, forensic identification, and public security. How-
ever, the process of gait recognition is challenged for many factors like camera views, carrying conditions, and different
clothes. Current gait recognition tasks can be divided into two categories: model-based and appearance-based. Specifi-
cally, the model-based methods can be used to extract the human body structures for gait analysis. Conventional deep
learning and graph convolutional network (GCN) based pose estimation is taken to extract gait features from the pose
sequences in terms of hand-crafted features to model the walking process in common. First, model-based methods are

robust to carrying and clothing theoretically, which is often challenged for human pose-precise low-resolution problems.
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Second, the appearance-based methods are oriented to learn gait features in terms of human body structures-potential mod-
eling. The silhouettes are mostly taken as the input, and these methods can be divided into three sub-categories further:
template-based, sequence-based, and set-based. Specifically, template-based methods can be used to fuse the silhouettes
of a gait circle into a template but the temporal information is sacrificed inevitably. The sequence-based methods can yield
the silhouettes of a gait sequence as a video for spatio-temporal features extraction. And, the set-based methods can use the
silhouettes of a gait sequence as an insequential set and the permutation invariant is added to the input order. Furthermore,
multiple data for gait recognition are categorized into the appearance-based methods, including RGB frames, gray images,
and optical flow. Compared to these data modalities and the pose sequences in the model-based methods, the silhouettes
are easy lo use, which are more suitable for the low-resolution scales. To be noticed, recent silhouettes-based methods for
gait recognition can learn multi-part features through slicing the output of the backbone horizontally. However, multi fea-
tures are extracted solely and the feature-interacted is lacked, which is likely to hinder the recognition accuracy. To resolve
this prolbem, we design a new module to enhance the multifaceted feature learning for gait recognition. Method Silhouette-
based gait recognition model consists of two parts: backbone-based, and multi-component feature learning. First, we
design the backbone in term of the network structures in GaitSet and GaitPart, which can be as two popular methods for
silhouette-based gait recognition. For the backbone-relevant, the features are first extracted for each silhouette (regular 2D
convolution and max pooling in relevance to spatial dimension ), and a set pooling is taken to aggregate the silhouette-level
features in a non-squential set (implemented by max pooling along the temporal dimension). Second, we design a new
module for multiple-features learning and try to learn more robust and discriminative features for each motion. The
independent-shared mechanism is introduced to learn motion-specific features, which is implemented by regional pooling
and fully connected layers are sepearated. In particular, the interaction can be strengthened across various motions in
terms of the coordinated mechanism, which consists of feature normalization and feature remapping. Feature normalization
is parameter-free for weight balancing. And, feature remapping is implemented by a fully connected layer or element-wise
multiple implecations. Result The experiments are carried out on Institute of Automation, Chinese Academy of Sciences
(CASIA-B) and OUMVLP, and GaitSet GaitPart are as the baselines. The CASIA-B consists of 124 samples and collects
the sequences of regular walking, such as walking with bags, and walking in different clothes for each object. The
OUMVLP consists of 10 307 samples, which can collect the sequences of regular walking for each sample. Each sequence
for CASIA-B and OUMVLP is recorded by 11 cameras and 14 cameras. GaitSet and GaitPart are commonly-used silhou-
ettes methods as input for gait recognition. To learn the multifaceted features for gait recognition, GaitSet is regarded as an
unseqential set and the features are sliced horizontally. To learn more specific features, GaitPart is focused on supressing
the receptive field of convolutional layers and modeling the micro-motion features. To demonstrate its consistency, the
identical-view cases-excluded rank-1 accuracy is taken as the main metric for performance comparison. For example, each
of rank-1 accuracy for walking with bags on CASIA-B can be optimized by 1. 62% and 1. 17% based on GaitSet and GaitPart.
Conclusion A new module is facilitated to enhance the multi-components learning for gait recognition, which is cost-
effective and the accuracy is improved in consistency. To be summarized, 1) the lack of interaction to hinder the recognition
accuracy is concerned. 2) The independent-shared mechanism is introducted into multifaceted feature learning for gait rec-
ognition, and a plug-and-play module is designed to learn more discriminative features for muliple motions. 3) This GaitSet
and GaitPart-based method has its potentials for consistent optimization over the baselines under all walking circumstances.

Key words: gait recognition; silhouette sequences; multi-part features; independent mechanism; shared mechanism
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Fig. 1 Multi-part feature learning in GaitSet
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Fig. 2 The illustration of recognition pipeline
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Table 1 Accuracy of different models under normal walking conditions on the CASIA-B dataset
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GaitPart+Norm+Element ~ 97.8 99.8 1000  99.6 98.0 979 985 995 997 995 96.1 98.76
E IR SRR % 5 e L 45 R

K2 ARREECASIA-BHIEE ENEBITEFH THERE
Table 2 Accuracy of different models under carrying bags walking conditions on the CASIA-B dataset

1%

inil 0° 18° 36° 54° 72° 90° 108° 126" 144° 162° 180°  FHy

GaitSet 923 967 96.0 9485 914 90.1 914 947 96.1 9475 882 9332

GaitSet+Norm+Fully 937 973 968 9485 933 917 927 949 969 96.67 90.3 9447

GaitSet+Norm+Element 948 978 963 9505 937 920 942 962 972 97.07 90.0 94.94

GaitPart 93.1 974 97.0 9546 925 894 919 954 96.8 96.06 884 9395

GaitPart+Norm+Fully 93.1 979 97,5 9576 941 912 940 955 966 9737 89.8 94.80

GaitPart+Norm+Element 934 982 973 9586 950 92.6 938 955 98.0 9697 89.7 95.12

E O TR R % 5 e LA 2R
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R3 AERBTE CASIA-BHIEE FMBRKITERB THAERE
Table 3 Accuracy of different models under changing clothes walking conditions on the CASIA-B dataset

/%

el 0° 18° 36° 54° 72° 90° 108" 126" 144> 162° 1807  F¥y
GaitSet 710 837 843 822 768 751 753 790 809 757 669  77.36
GaitSet+Norm+Fully 726 848 881 836 794 79.1 789 839 845 800 688 8034
GaitSet+Norm+Element 749 873  88.1 854 831 808 814 849 81.6 793 680 81.35
GaitPart 770 866 903 842 809 775 800 844 871 812 729  82.01
GaitPart+Norm+Fully 713 857 892 845 793 756 782 815 841 795 669  79.62
GaitPart+Norm+Element ~ 76.5 869 884 867 833 79.6 809 836 844 800 708 81.92

T I P SRR 5 B R A2 2R

TEILZEHLAH A L B, A SCH Norm AR FFEH
—ACERAE  RROE RS Sl T ISR A
(fully) F1Z TR (element) BiFP =0, WEHATIE
L TEIE R AT E (NM) I 475 (BG) 26 F , “ 43
AL L RE A R AR E A PERESR T, B 5
B 5 LA BERS AT R0 PR RIS [R) AL AR >, A
BRI BAT F PR 2D 3SR R . AR 2R AT
HE(CL)ZME N FELL GaitSet M A FELL 50, “ /3B —
L= HLH RE IS TS E AL THUBIERT 3 M 7E L) Gait-
Part {F BRI VAR , 73 B 2L EE AL 2l U A 6
BETAAA, IX AR A AT et T G 80y . (HAEM

3T SR T TR R R 0 £ B 54T, o B —
LT HLHIBENS M GaitSet Fl GaitPart 47 e Fe e A PEBE
Tt WAL, HEGREE T BT 51 7575 (Huang 5%,
2022) M b A S AR S T AR RERE AR (2
FEIEEATE A SO0 T BEAS S B4 R I HER %
A TAE AN Huang 28 A (2022) TAE WA AN [] f16 24 75 %)
PGS AT T PR

2% 4 M GaitSet F1 GaitPart /> J £k )7 1 K Hiok
HERLRZE OUMVLP £ 48 Ry aR 8. RIAE, ff
“Or B — LT ML AR AR 2 WA T R AR
FasE 4T

x4 FEHSEEOUMVLPHIEE FHERE
Table 4 Accuracy of different models on OUMVLP dataset

1%

TBEAY 0° 15 30° 45° 60° 757 90" 180° 195° 210° 225° 240° 255° 270° ¥y
GaitSet 79.24 87.57 89.99 90.11 88.10 88.72 87.68 81.70 86.46 89.05 89.26 87.27 87.67 86.31 87.08
GaitSet+Norm+Fully ~ 81.95 88.73 90.31 90.56 88.92 89.45 88.58 83.86 87.72 89.38 89.60 88.13 88.31 87.27 88.06
GaitSet+Norm+Element  81.82 88.85 90.31 90.62 88.93 89.41 88.57 84.00 87.88 89.46 89.68 88.21 88.41 87.25 88.10
GaitPart 82.63 89.06 90.84 90.96 89.69 89.85 89.38 85.10 87.64 89.92 90.06 89.01 88.93 88.05 88.65
GaitPart+Norm+Fully ~ 83.80 89.80 90.86 91.01 89.85 89.87 89.37 86.09 88.83 89.96 90.17 88.96 88.98 88.19 88.98
GaitPart+Norm+Element 83.23 89.59 90.73 90.91 89.56 89.68 89.22 85.67 88.64 90.00 90.07 88.73 88.80 87.94 88.77

T LTRSS % 5 e LA 2R

2.3 ZWHERITR

ARSCHR Y T AL ML 5 P AP s BT 5K i T AR
NG fiaed 1 =y N NV E 3§ =g DN 1T
B EERAXTABR . R 1—R 4 LI 45 R T L
L AR ST, B3R (element) [ 7 15

REW AT HE 423 4 (fully ) 7 v B g B TR Afl 3
i A S I I, B IR AR T5 5T
142 BB AN A5 B0 B TS A i 1) 48 2 A 2 (22
W% bias [0 4) o 5 2, AR SCREREAEA & i35
FUH R AR T AR A E B PERESE TT



$28% /58] /2023 £5 A

B’EE, 15, =A%, X8, EHEK, #HiM
ZELHEE R & SRR E %

3 4

A SCER X H AP AU U2 2R ) 2 Bk
PR AE 2 T HL TP AR RY )R, Bt T — e 0 g
— L] T 2 S EAA A T A SRR
BLRRIE . ASC B E Sl sy s pll , e B ik
P ST ) SR , e AL T B A
25 PN ARRAIE 22 B] R B 2R i 22 B 57 AP AE 22 ) B 4
HATE B A H . AR H H GaitSet Fil GaitPart {4 5
LAY, 73 ) sl T PR L LA A S B 50, OF A
CASIA-B HI OUMVLP £ dfidie EREATIIZRAnii. 52
A5 RRW], 5 RN L, AR SCH H 3 i 22 3
BLRFAEF T B SR BEAS 7E AN 2 1 i B U i 2%
T, R Hh e i A0 SR 20 A AT IR A
T RIERR 3

FAT , 20 AR BI0F5E b )2 A A 2 38 A0 R ik
) BEHUR AT NP b A5 Sk 7B A ARG
WFFE AR e Z X3k — B I B4 o ARSI
SO WL TN ) B AR AL AR IE 27 ) Z [A) ik = 28 HAY
i TS TUNHER R BE— 05 & . o T —
B, AR SORE 3 g — L2 "L 5 1A B 2 580 R
o v IR SR T LT AL A A R A A S B
Tiao BRI R 2Z 8] ik = 5 B 3K — [ R ) it —
RIS LR BB A AR i S AL AR (B4
TEARR TAE P — P IRE
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