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Pedestrian Attribute’Recognition Based on Multi-Leyvel Attention
SKip,Connection Network

WANG Lin, LI Conghui
(School of Automation and/Information Engineering, Xi’ an University of Technoelogy, Xi’an 710048, China)

[ Abstract] Pedestrianattribute recognition is susceptible to changes in non-ideal natural conditions , including perspective,
scale and lighting, whichyincreases the difficulty in fine-grained attribute recognition.To address the problem, this paper
proposes a multi-leyvel attention skip connection network, MLASC-Net.Inithe/middle layer of the network, the sensitive
attention module is used to filter and weight the original feature vectors inithe channel and spatial dimensions, and a multi-
level skip connection structure is designed to fuse the extracted salient features.In the top layer of the network , multi-scale
pyramid pooling is improved to integrate local features and global features.In the output layer of the network, the verification
of the loss trend algorithm is used to update the loss layer adaptively, accelerate the convergence of the model and increase
accuracy.Experimental results on PETA and RAP dataséts show that compared with the original benchmark network , MLASC-
Net improves the recognition accuracy by about 4/62 and 6.54 percentage points, respectively.It has obvious advantages in
recognition effect and model convergence speedfand\has good generalization ability under non-ideal natural conditions, which
can effectively improve the robustness of the network to fine-grained attributes.

[ Key words] pedestrian attribute recoghition;multi-level skip connection network;sensitive attention;multi-scale pyramid;
Residual Network (ResNet)
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Fig.1 Structure of pedestrian attribute recognition network in this paper
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Table 1 Performance comparison results of

different methods on PETA dataset %

Ik mA A FEE HRE Fl
ACNM 81.15 73.66 84.06 81.26 82.64

DeepSAR 81.30 — — — —
DeepMAR 82.89 75.07 83.68 83.14 83.41
WPAL 85.50 76.98 84.07 85.78 84.90
HP-net 81.77 76.13 84.92 83.24 84.07
JRL 85.67 — 86.03 85.34 85.42

Imbalanced-

L o) 84.59 78.56 86.79 86.12 86.46
earning

VeSPAI'! 83.45 77.73 86.18 84.81 85.49
GRL 86.70 — 84.34 88.82 86.51
MLASC-Net 85.28 79.10 87.90 85.39 86.63
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Table 2 Performance comparison results of

different methods on RAP dataset %

T5 i mA TR KRR A R FI
ACN 69.66 62.61 80.12 72.26 75:98

DeepSAR — — — 2§ —
DeepMAR 73.79 62.02 74.94 76.21 75.56
WPAL 79.48 53.30 60.82 78.80 68.65
HP-net 76.12 65.39 77.33 78.79 78.05
JRL 77.81 — 78.11 78.98 78.58

Imbalanced-

Learning* 77.39 68.16 81.57 78.59 80.05
VeSPA 77.70 67.35 79.51 79.67 79.59
GRL 81.20 — 77.70 80.90 79.29

MLASC-Net 80.34 68.71 79.63 81.25 80.43
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Table 3 Comparison of recognition effect when training

network with different strategies on PETA dataset %

WM R T IJQZ mA  ERE RRE HRE FI
1 X % x 8170 7448 8233 8227 82.30
2 J x x  84.63 77.09 84.61 85.12 84.86
3 x N x  83.04 7594 8279 83.65 §3.22
4 x Vv 8356 7603 83.12 83.94 83.53
5 J J Vv 8528 79.10 87.90 8539, 86.63
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Table 4 Comparison of recognition effect when training

network with different strategies on RAP dataset %

Kewh SR ff’;f WA AEHIE RHE AEE F
1 X X x 71132 62.17 7258 7549 74.01
2 N ¥ x  78.67 67.52 77.94 7846 78.20
3 x N % 7464 63.89 7329 7652 74.87
4 x V7481 64.65 7437 7723 7577
5 N v Vv 8034 6871 79.63 8125 8043
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Fig.6 Attribute recognition results of MLASC-Net
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