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Gait recognition method combining residual network
and multi-level block structure

Zhang Hongying Tian Penghua

(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: In gait recognition, the discriminative gait feature cannot be extracted due to the occlusion of clothing and backpack, which
leads to the low recognition accuracy. A gait recognition method combining ResNet and multi-level block structure is proposed in this
paper. First of all, the gait energy map is divided into different scales in the horizontal direction to extract the fine-grained features of
different regions, which reduce the impact of local occlusion on other regions. At the same time, in order to better learn the
characteristics of the region with the highest motion frequency, the Inception module is added. Secondly, in order to improve the
recognition accuracy of the network model, cross-entropy loss, triple loss and 1.2 regularization are utilized to constrain the weight of the
residual network. Finally, experiments were processed in the public gait data set CASIA-B and OU-ISIR Treadmill B, and the
recognition rate reached 87. 5% and 82. 6% under different clothing or backpack conditions. It is indicated that under these conditions,
the method could obtain favorable veracity and good robustness.
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Table 1 Experimental settings of CASIA-B

G D ST 51
YL 000-073 nm01-nm06, bg01-bg02, cl01-cl02

MR EE-gallery  074-123 nm01-nm04

nm05-nm06

X4 -probe  074-123 bg01-bg02

cl01-cl02
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Table 2 List of clothes used in
OU-ISIR treadmill dataset B

CW-Casual wear

HS-Half shirt

RP-Regular pants
Sk-Skirt

BP-Baggy pants

CP-Casual pants

LC-Long coat Pk-Parka DJ-Down jacket
SP-Short pants Ht-Hat FS-Full shirt
Cs-Casquette cap RC-Rain coat Mf-Muffler

%3 OU-ISIR treadmill B #IE&EHRRERREAE
Table 3 Different clothing combinations used
in OU-ISIR treadmill dataset B

type sl s2 83 type sl s2 type sl s2
3 RP HS Ht 0 CP  CW F cp FS
4 RP HS GCs 2 RP  HS G Cp Pk
6 RP LC Mf 5 RP LC H CP DJ
7 RP LC Ht 9 RP FS I BP HS
8 RP LC Cs A RP Pk J BP LC
C RP D] Mf B RP DJ K  BP FS
N SP HS - D CP  HS L BP Pk
S Sk HS E cp  LC M  BP DJ
\ Sk D] - p SP Pk R RC -
U Sk PK - T Sk FS - - -
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Table 4 Ablation experiment on CASIA-B
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Table 5 Averaged rank-1 accuracy on CASIA-B , excluding identical-view cases (%)
Gallery NM #1-4 0° ~180° (exclude identical viewing angle)
Probe NM #5-6 0° 18° 36° 540 72° 90° 108° 126° 144° 162° 180° Mean
LB 82.6 90. 3 96. 1 94.3 90. 1 87. 4 89.9 94.0 94.7 91.3 78.5 89.9
3D MT network! " 87.1 93.2 97.0 94.6 90.2 88.3 91.1 93.8 96.5 96.0 85.7 92.1
Gaitset! ' 90. 8 97.9 99.4 96.9 93.6 91.7 95.0 97.8 98.9 96. 8 85.8 95.0
J-CNNH] 87.2 93.2 96. 3 95.9 91.6 86.5 89.8 93.8 95.1 93.0 80. 8 91.2
ours 97.0 99.0 100 98.0 98.0 100 100 100 100 99.0 95.0 98.5
Probe BG #1-2 0° 18° 36° 540 72° 90° 108° 126° 144° 162° 180° Mean
LB-subGEI! ') 64.2 80. 6 82.7 76.9 64.8 63.1 68.0 76.9 82.2 75.4 61.3 72. 4
GaitSet! ' 83.8 91.2 91.8 88. 8 83.3 81.0 84.1 90.0 92.2 94. 4 79.0 87.2
J-CNNE7 73. 1 78. 1 83.8 81.6 71.6 65.5 71.0 80.7 79.1 78.6 68.0 75.0
ours 89.0 93.9 88.9 85.7 93.0 90. 0 83.0 85.0 87.0 86. 8 81.0 87.5
Probe CL #1-2 0° 18° 36° 540 72° 90° 108° 126° 144° 162° 180° Mean
LB-subGEI'*) 37.7 57.2 66. 6 61.1 55.2 54.6 55.2 59. 1 58.9 48.8 39.4 53.98
GaitSet[ '] 61.4 75. 4 80.7 77.3 72.1 70. 1 71.5 73.5 73.5 68.4 50.0 70. 4
J-CNNE 46. 1 58.4 64.4 64.2 55.5 50.5 54.7 55.8 53.3 51.3 39.9 54.01
ours 52.0 51.0 55.0 59.0 73.0 69. 0 66.0 58.0 49.0 50.0 41.0 56.6
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Fig.4 Accuracy of rank-1 under the same
perspective of CASIA-B
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Fig.5 The rank-1 accuracy rate of different clothing
combinations on OU-ISIR Treadmill B
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Table 6 Comparison with other methods on the OU-ISIR
Gait Database, the Treadmill Dataset B

Algorithm Rank-1/%
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