% 49% HQH Computer Engineering i+ &l T2 202348 A

-EFEGRAE- TEHE: 1000-3428(2023) 08-0215-08 X ERARERAD A HhE 4 %S TP391.41

GEENSEBEENITABHIRANEE

WA AR B A AR BT, R E
(1 GRS 22 0% i 24 B, AL 5T 1000385 2. 43 243 WriiF % 5 vty , A6 5% 100038)

O OE ONRTHT B MU B S8 2 IR AT N JE M R AR T SCOC IR O At A TR S AR OGRS B R 2
(), 3 HH 25 A8 S RS B AT NB IR B B vE . 380 B AL R o6 R R ALRE 1 2 AT R PR ) P AE
1 AR, R 28 SO 2 HLI g S S P ) SOfE RS R AR RS B O R o TEMARAN b AR5 5 B Rl A R 09 & By
SRR R AE I R A G in sy S AR AR AR B SR TR Y 12 AL BB T, R T JE o TR e, (AR ] S AT T 4
FAPEE i — DR THEONPERE . SCIR 45 R WK IR B 0 T K FE AUE R % (F 1 {H /£ PA-100K 1 PETA ¥4 % I3
5k 84.04% .79.71% .88.03% 1 89.04% .82.39% .89.06% , 5 ALM. JLAC 4 3 1 4 1L , B 6% 75 43 I & M1 X 5 K%
FROEAF B TE 2 WO Fe 4 A U] 4Tt

KR T NBEPN; AEE I BB R IERLG s 2% 52

FFHF % (A TRAR %) IR 5B (0SID) : FEaE

5| AR AR BN S AR L A A A USRS Bono AT N RO B (1] AL T AR 2023,
49(8):215-222,231.

X5 A#: YANG Z H,LI Z H, TANG' Y Q, et.al. Pedestrian attribute recognition algorithm combining semantic
and image information[ J]. Computer Enginéering,2023,49(8):215-222,231.

Pedestrian Attribute Recognition Algorithm

Combining Semantic and Image Information

YANG Zuhe', LI Zhihui’, TANG Yunqi1 ,YAN Yuwen’;SONG Huaqingz
(1.School of Investigation, People's Public Security University of China, Beijing 100038, China;
2.Institute of Forensic Science of China, Beijing 100038, China)

[ Abstract] To improve the recognition precision of pedestrian attributes and solve the problems of lack of use of natural
semantic associations between pedestrian attributes and poor extraction of image information related to different
attributes, this study proposes a pedestrian attribute recognition algorithm that combines semantic and image information.
First, the relationship modeling ability of self-attention' mechanism is utilized to explore the intrinsic relationship
between pedestrian attributes, and cross-attention . is utilized to establish the relationship between the semantic
information between attributes and image feature information. Second, based on convolutional fusing high and low-order
features, and adding local feature information into'the module, the generalization ability of the model is improved.
Owing to the design of the attribute prediction'module, the model can be spliced with any backbone network and
exhibits good performance. The experimental results show that the mean precision, accuracy, and F1 value of the
proposed algorithm on the PA-100K and PETA datasets are 84.04%, 79.71%, 88.03%, and 89.04%, 82.39%, 8§9.06%,
respectively. Compared with existing algorithms such as ALM and JLAC, this algorithm can exploit attribute semantics
and image feature information‘and has a significant improvement in multiple evaluation indicators.
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Fig.1 Network model structure
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Fig.2 Attribute prediction module structure
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Table 3 Experimental results of backbone network on PA-100K dataset

R3 PA- 100K HEE LFFMELKER

%

ER RS R 1 HIRTIES R IIES A Il % F1{H
ResNet(baseline) 79.84 73.04 76.89 86.26 81.31
EfficientNet(baseline) 78.45 74.74 81.06 86.50 83.69
ViT(baseline) 80.32 71.10 77.70 85.46 81.39
Swin Transformer(baseline) 82.58 78.54 85.27 89.23 87.21
ResNet 82.31 76.78 81.35 91.80 86.26
EfficientNet 81.52 76.29 84.42 86.40 85.40
ViT 83.21 79.33 87.10 88.21 87.65
Swin Transformer 84.04 79.71 84.74 91.59 88.03
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Table 4 Experimental results of backbone network on PETA dataset %
ER RS ST R HIRTIES LS FERLIES F1{H
ResNet(baseline) 83.76 75.33 81.28 88.39 84.69
EfficientNet(baseline) 81.29 71.07 77.32 86.91 81.83
ViT(baseline) 85.84 80.72 85.14 89.57 87.30
Swin Transformer(baseline) 87.63 82.72 86.36 88.91 87.62
ResNet 85.72 78.48 85.51 86.71 86.11
EfficientNet 83.74 76.23 83.51 85.66 84.57
ViT 87.82 79.78 88.11 87.31 87.71
Swin Transformer 89.04 82.39 87.18 91.01 89.06
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Table 5 Performance comparison of different algorithms

on PA-100K dataset

%
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Rk SEHIRTEE MERER ORIER HEIER FUE
DeepMar 72.70 70.39 82.24 80.42 8132
HP-Net 74.21 72.19 82.97 82.09  82.53
LG-Net 76.96 75.55 86.99 83.17  85.04
ALM 80.68 77.08 84.21 88.84  86.46
JLAC 82.31 79.47 87.45 87.77  87.61
AR 84.04 79.71 84.74 91.59  88.03
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Table 6 Performance comparison of different algorithms

on PETA dataset %

EN7S PR MERE OREE N F1{H
DeepMar 82.89 75.07 83.68 83.14 83.41
HP-Net 81.77 76.13 84.92 83.24 84.07
LG-Net 82.97 78.08 86.79 86.12 85.76
ALM 86.30 79.52 85.65 88.09 86.85
JLAC 86.96 80.38 87.81 87.09 87.45
ARCH 89.04 82.39 87.18 91.01 89.06
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