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Improved GaitSet method for gait recognition via fusion of
silhouette enhancement and attention mechanism
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Abstract: Aiming at the problem that traditional gait recognition methods based on silhouette are limited by the ability to extract input
features and model features, which leads to low recognition accuracy, an improved GaitSet method for gait recognition via fusion of
silhouette enhancement and attention mechanism is proposed. Firstly, the outline of the pedestrian is obtained by preprocessing, and its
average value is obtained. Then the GEI energy diagram is synthesized, which is used as the input feature of the neural network model to
enhance the representation of human appearance. Secondly, the attention mechanism is introduced in the process of feature extraction to
enhance the feature extraction ability of the model, so as to improve the accuracy of gait recognition. Finally, experiments are carried out
on the CASIA-B and OU-MVLP benchmark data sets, and the average Rank-1 accuracy of the proposed method is 87. 7% and 88. 1%,
respectively. Especially under the most complex walking conditions with overcoat, compared with GaitSetv2 algorithm, the accuracy is
improved by 6. 7% , indicating that the proposed method has stronger accuracy. Notably, the proposed innovative method adds almost no
additional parameter number, computational complexity, and inference time, which proves the rapidity of its individual modules.
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Fig. 1 Framework of the proposed method
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Fig.2 Synthetic method of gait energy diagram
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Fig.3 GEI attention mechanism structure diagram
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Table 1 Settings in Training
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LT: 001-074
IR S MT; 001-062 NM#1-4
ST: 001-024
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Table 2 Parameter setting of model backbone structure

L2 SHBTER RN EaS
Conv 32 5 2
Conv 32 3 1
Conv 64 3 1
Conv 64 3 1
Conv 128 3 1
Conv 128 3 1
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Table 3 Cross-view Rank-1 accuracy on CASIA-B (%)
VNS & R X 0° 18° 36° 54° 72° 90°  104°  126°  144°  162°  180° Ey
PoseGait" " 553 69.6 73.9 75.0 68.0 682 7.1 729 76.1 70.4 554 @ 68.7
CNN-LB 82.6 90.3 96.1 943 90.1 87.4 89.9 940 94.7 9.3 785 89.9
M (;ansctﬂ 90.8 97.9 99.4 96.9 93.6 91.7 950 97.8 98.9 96.8 85.8 95.0
GaitSev2!?! 91.1 99.0 99.9 97.8 95.1 94.5 96.1 98.3 99.2 981 8.0  96.1
GaitGraph!?")  85.3 885 91.0 925 87.2 8.5 884 89.2 87.9 859 8.9 87.7
AR SRR 94.0 98.4 99.0 98.1 929 91.5 955 98.6 99.4 98.6 9.3  96.1
PoseGait- ! 35.3  47.2 52,4 46.9 455 43.9 46.1 48.1 49.4 43.6 31.1 44.5
CNN-LB! 64.2 80.6 82.7 76.9 648 631 680 76.9 822 754 61.3 72.4
KAEAYI L5 BC GaitSet'”! 83.8 9.2 91.8 88.8 833 8.0 841 90.0 92.2 944 79.0 87.2
(LT) GaitSev2!”] 86.7 94.2 95.7 93.4 889 855 8.0 91.7 945 959 833 90.8
GaitGraph!?")  75.8 76,7 759 76.1 71.4 73.9 78.0 747 754 754 69.2  74.8
ARG 89.5 949 936 92.8 868 80.2 84.8 928 96.1 93.6 84.8 90.0
PoseGait- ! 24.3 29.7 41.3 38.8 38.2 38.5 41.6 44.9 42.2 33.4 225 36.0
CNN-LB! 37.7 572 66.6 61.1 552 54.6 552 59.1 58.9 48.8 39.4 540
oL Gailset?ﬂ 61.4 75.4 80.7 77.3 721 70.1 71.5 73.5 73.5 68.4 50.0  70.4
GaitSev2 ®! 59.5 75.0 78.3 74.6 1.4 71.3 70.8 741 746 69.4 54.1 70.3
GaitGraph! 2! 69.6 66.1 68.8 67.2 645 620 69.5 656 657 66.1 64.3 66.3
AR S 70.8 83.7 86.3 80.9 75.3 69.4 76.4 78.6 80.9 79.1 65.1 77.0
MGAN!'! 549  65.9 721 74.8 7.1 657 70.0 75.6 76.2 68.6 53.8 68.1
M Gaitset?fl 86.8 95.2 98.0 945 91.5 89.1 91.1 950 97.4 93.7 80.2  92.0
GaitSev2[®! 89.7 97.9 98.3 97.4 925 90.4 934 97.0 98.9 959 866 944
AR AY 91.2 98.0 98.9 97.9 92.6 90.0 93.7 981 984 96.0 87.1 94.7
MGAN! '] 48.5 58.5 59.7 58.0 53.7 49.8 540 61.3 59.5 559 43.1 54.7
FREAR I 25 BC GaitSet'”! 79.9 89.8 91.2 8.7 81.6 76.7 81.0 882 90.3 885 73.0 84.3
(MT) ’ GaitSev2!”! 79.9 89.8 91.2 8.7 8.6 76.7 8.0 882 90.3 885 73.0 84.3
AR AY 84.6 89.8 92.7 91.0 855 79.1 84.5 92.1 94.4 91.4 78.6 87.6
MGAN! " 23.1 345 36.3 33.3 329 327 342 37.6 33.7 2.7 21.0 31.5
oL GaitSet'”! 52,0 66.0 72.8 69.3 63.1 61.2 63.5 66.5 67.5 60.0 459  62.5
GaitSev2!® 52.0 66.0 72.8 69.3 63.1 6.2 635 66.5 67.5 60.0 459  62.5
AR AL 61.2 75.8 78.6 76.2 68.8 64.6 68.0 73.8 73.4 70.1 56.3 69.7
CNN-LB 54.8  — —  71.8 — 649 — 76.1 — — — 68.4
GaitSet'”! 64.6 83.3 90.4 8.5 80.2 75.5 80.3 86.0 87.1 814 596  79.5
GaitSev2'® 71.6  87.7 92.6 89.1 82.4 80.3 84.4 89.0 89.8 829 66.6 83.3
ARSI 72.9 85.2 90.8 90.3 822 78.5 8.4 89.2 90.8 86.8 70.9 83.6
INFEAR I 2 - GaitSet'”! 55.8 70.5 76.9 5.5 69.7 63.4 68.0 75.8 76.2 70.7 52.5 68.6
(ST) GaitSev2!”! 64.1 76.4 81.4 8.4 77.2 71.8 75.4 80.8 812 757 59.4  75.1
R SCAGE Y 63.4 73.6 78.8 77.0 72.2 653 70.3 76.6 80.4 76.7 60.6 72.3
GaitSet'”! 29.4 43,1 49.5 48.7 42.3 40.3 44.9 47.4 43.0 357 256  40.9
GaitSev2[®! 36.4  49.7 54.6 49.7 48.7 45.2 455 48.2 47.2 41.4 30.6  45.2
AR SRR 36.8 49.2 55.7 54.6 51.8 46.6 47.2 49.9 48.2 44.9 32.4 47.0
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FX GET R R ML 175 5, BA H 58 1Y 45 1 o e
Btk e JNEARYIZGT , Brif i Bk e R 28 JE
IR B J7 kAR BIROR | R UL RE S T
BIAEARBCR DB O, AT RAEA R/ A 1 #5417
HEATERZMT  MEFRIEET GaitSetv2 , 7R 5 A%
I RAATEZRAE T HER R R IR G, B Un7E KA
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AT 7SS, F 5 H AT SE Y GEINet, MvGGAN |
GaitSet Fl GaitSetv2 F ik TXT b, LAiFT AP Lhdse, 7
OU-MVLP $#4E 10 307 4~ AR5 A1 2 H5 45 Fni
R, b 5 153 AN BT IIZE, HAan R T
R, HREAH [A) A0 S 56 152 8, I3 B Bk 51 #00 16 R
probe £& | P2 #01 1E K gallery 4, SCEGZ5 R N3 4 iy
7 BRAN A BE LAAN AR SO AR U T e PERE

&4 7£ OUMVLP LRI Rank-1 A#E
Table 4 Cross-view Rank-1 accuracy on OUMVLP ( %)
Gallery All 14 Views

Probe

GEINet MvGGAN GaitSet GaitSetv2 AU

0° 11.4 52.6 79.5 81.3 81.3
15° 29.1 62.8 87.9 88.6 90.0
30° 41.5 63.9 89.9 90. 2 89.9
45° 45.5 57.5 90.2 90.7 90.5
60° 39.5 55.4 88. 1 88.6 89.3
75° 41.8 61.3 88.7 89. 1 89.2
90° 38.9 61.9 87.8 88.3 88.4
180° 14.9 54.8 81.7 83.1 83.5
195° 33.1 58.8 86.7 87.7 88.1
210° 43.2 59.3 89.0 89.4 89.3
225° 45.6 58.5 89.3 89.7 89.5
240° 39.4 56. 6 87.2 87.8 88.6
255° 40.5 57.5 87.8 88.3 88.5
270° 36.3 56.8 86.2 86.9 86.8
Mean 35.8 58.4 87.1 87.9 88.1
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NIRB 5 BEANE B ., 25 5 52 205 5c T, sl FH R 5%
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Table 5 Results of human body silhouette

fusion GEI ablative experiment
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Table 6 Results of attention mechanism based on

GEI ablation experiments
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Table 7 Computational speed analysis
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Ikl 2 144 032 3.26 7.02
Jik2 2 149 072 3.27 7.13

A Ti ik 2 149 085 3.27 7.27
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