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Structure-aware and dynamically fused network for gait recognition
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Abstract: To address the performance bottleneck of contour-based gait recognition, where over-reliance on global
representations leads to sharp degradation under strong appearance interferences like clothing changes, this paper
proposes a model integrating structure awareness and dynamic attention. The model aims to elevate the recognition
paradigm from matching variable contours to understanding intrinsic motion patterns. To achieve this, this study
construct a dual-path parallel framework: First, a structure-aware path precisely models key local body regions;
second, a frequency-decoupled dynamic attention mechanism is introduced to adaptively enhance the most discriminative
feature channels against gait phase variations; finally, a deep semantic fusion module synergizes local structural
information with global representations at multiple scales to generate a final feature with both stability and
discriminative power. Experimental results show that the model achieves an average accuracy of 89. 9% on the CASIA-
B dataset, with 11. 0% improvement over the baseline under the changing-clothes condition, and a Rank-1 accuracy of
89.5% on the large-scale OU-MVLP dataset. This study confirms that by synergizing local structure perception and
global feature enhancement, the proposed model effectively improves the robustness and accuracy of gait recognition
under complex appearance interferences.
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Fig. 1 Dual parallel gait recognition network framework based on structural perception and dynamic fusion
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Fig. 2 Structural perception site fusion strategy
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Table 1 Performance comparison of different methods on the CASIA-B dataset %

waE s
0° 18° 36° 54° 72° 90° 104° 126° 144° 162° 180°  Mean
GaitGraph  85.3 88.5 91.0 92.5 87.2 86.5 88. 4 89.2 87.9 85.9 81.9  87.7
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
GaitSetV2 91.1 99.0  99.9 97. 8 95.1 94.5 96. 1 98.3 99.2 98.1 88.0  96.1
NM PGOFI 91. 8 96. 3 97.1 96.9 96.6  95.8 95.5 95.1 95.5 94.7 93.2 95.4
GaitPart 94.1 98.6  99.3 98.5 94. 0 92.3 95.9 98. 4 99.2 97. 8 90.4  96.2
XHk[22] 94.0 98. 4 99.0 98.1 92.9 91.5 95.5 98.6 99.4 98.6 91.3  96.1
AL 94.3 97. 2 99.8  98.6 95.2 95.5 96.5 98.8 99.0 98. 2 92.8 96.9
GaitGraph  75.8 76.7 75.9 76. 1 71.4 73.9 78.0 74.7 75. 4 75. 4 69.2  74.8
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
GaitSetV2 86. 7 94. 2 95.7 93.4 88.9 85.5 89.0 91.7 94.5 95.9 83.3  90.8
BG PGOFI 88.3 91.3 92.5 92.1 91. 8 94.5 90. 8 92.2 92.7 91.1 90.2  91.6
GaitPart 89.1 94.8  96.7 95.1 88.3 94.9 89.0 93.5 96. 1 93.8 85.8  91.5
SCHk[22] 89.5 94.9 93.6 92.8 86.8  80.2 84. 8 92.8  96.1 93.6 84.8  90.0
AR 90.3 94.9 92.6 92.1 92.5 91.0  90.9 92.4 93.5 94.0  90.5 92.2
GaitGraph ~ 69.6 66. 1 68. 8 67.2 64.5 62.0 69.5 65. 6 65.7 66. 1 64.3  66.3
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
GaitSetV2 59.5 75.0 78. 3 74.6 71.4 71.3 70. 8 74.1 74.6 69. 4 54.1 70. 3
CL PGOFI 73.8 75.3 79.7 80. 4 82.2 83.3 81.8 80. 2 78.5 77.2 76.5 79.0
GaitPart 70.7 85.5 86.9 83.3 77.1 72.5 76.9 82.2 83.8 80. 2 66.5 78.17
Hk[22] 70.8  83.7 86. 3 80.9 75.3 69. 4 76. 4 78.6 80.9 79.1 65.1 77.0
A3 75.8 86.2 86.2 84.3 80.4  79.9 82.1 80.9 81.3 81.0 77.2 81.4
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Table 2 Performance comparison of different methods on OU-MVLP dataset %
o HRES

0° 15° 30° 45° 60° 75° 90° 180°  195°  210° 225° 240° 255° 270° Mean
GaitSet  79.5 87.9 89.9 90.2 881 887 87.8 81.7 86.7 89.0 89.3 87.2 87.8 86.2 87.1
GaitPart  82.6 88.9 90.8 91.0 89.7 89.9 89.5 85.2 881 90.0 90.1 89.0 89.1 88.2 88.7
XHk[22] 81.3 90.0 89.9 90.5 89.3 89.2 88.4 83.5 881 89.3 89.5 88.6 885 86.8 88.1
GaitAMR 84.1 89.0 89.7 90.0 88.7 89.2 88.2 86.9 88.4 887 889 87.2 89.1 87.7 88.3
A3 83.9 90.0 90.8 90.3 90.1 90.4 90.3 88.9 89.5 90.2 91.0 90.3 90.6 89.3 89.5
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Table 3 Results of weight coefficients for perception

paths with different structures %
Ay A AL NM BG CL Mean
1.0 1 1 95.0 87.7 73.9 85.5
1.0 2 2 95. 4 88.1 72.9 85.5
1.0 3 3 95.8 89. 3 75.1 86. 7
1.0 3 5 96. 3 90. 6 78.0 88.3
1.0 5 7 96. 1 90. 2 77.4 87.9
0.5 3 3 96.0 89.1 73.4 81.2
0.5 3 5 96. 2 90.0 77.2 87.8
0.3 3 5 96. 4 90.9 78.6 88. 6
0.2 3 3 96. 7 91.6 80. 2 89.5
0.2 3 5 96.9 92.2 81.4 89.9
0.1 3 5 95.8 89. 3 78.2 87.7
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Table 4 Analysis of ablation experiment results %
SRS Baseline SAP FD-Resnet DSFM NM BG CL Mean
1 N 95.0 87.2 70. 4 84.2
2 N N, 95.3 88.2 72.1 85. 2
3 N N/ 95. 8 89.7 79.0 88.2
4 J N J 96. 6 90. 7 80.5 89.3
5 N N, Vv 95.8 91.1 81.0 89. 3
6 J N / J 96.9 92.2 81.4 89.9
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Fig. 7 T-SNE dimensionality reduction visualization of gait features extracted by the model
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