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Pedestrian Attribute Recognition Algorithm Based on HSA
Attention Module and Association Rules
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Abstract: In view of insufficient correlation analysis of pedestrian attributes in previous research and the difficulty in cap-
turing fine-grained attribute features in pedestrian images, in our present study we first find the correlation between attributes
based on association rules, then change the network structure according to the correlation, improve the accuracy of highly
correlated attributes, and embed the improved hierarchy split attention (HSA) module to deeply mine the latent information
in the feature map. HSA module groups feature maps and adds channel interaction between sub feature maps, inputs the inte-
grated feature map into the squeeze and excitation (SE) module, and extracts the information of the image on the channel.
The experimental results on PA100k, Market-1501 and PETA data sets show that this algorithm has little difference with
other algorithms in precision, recall and F, but has a great improvement in accuracy indicators.
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Tab.1 Minimum support interval of different datasets

$ip e Jed g Fili
PA100K 0.245 0.298 0.352
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Tab. 2 Rules of dataset association
Boask wNRE  RANEFE HiTfF Gt SR BEE  RIHE
{'down','cloth'} {'teenager'} 0.442 5 0.904 4 1.158 2
0.7 {'teenager’,'down’, 'cloth'} {'upLongSleeve'} 0.424 3 0.958 9 1.009 1
0.353 {'teenager', 'upLongSleeve'} {'down'} 0.3720 0.7102 1.150 2
0.9 {'down','cloth'} {'teenager'} 0.4425 0.904 4 1.158 2
Market-1501 {'teenager’,'down’, 'cloth'} {'upLongSleeve'} 0.424 3 0.958 9 1.009 1
0.400 0.9 {'down','cloth'} {'teenager'} 0.4425 0.904 4 1.158 2
{'teenager’,'down’, 'cloth'} {'upLongSleeve'} 0.424 3 0.958 9 1.009 1
0.447 0.9 {'down','cloth'} {'teenager'} 0.4425 0.904 4 1.158 2
{'down','cloth'} {'upLongSleeve'} 04711 0.962 8 1.0132
{'LongCoat','Skirt/dress'} {'Female'} 0.3304 09137 1.030 4
{'LongSleeve','Age18-60'} {'Trousers'} 0.376 2 0.976 3 1.0453
0.5 {'Trousers', 'LongSleeve'} {'Agel8-60'} 03762 0.976 3 1.0452
{'Trousers','Age18-60'} { 'LongSleeve'} 0.276 2 0.624 2 1.328 1
{'Female','Age18-60'} { 'ShortSleeve'} 0.268 7 0.549 9 1.065 2
0.245 {'LongCoat','Skirt/dress'} {'Female'} 0.3304 09137 1.030 4
0.6 {'LongSleeve','Age18-60'} {'Trousers'} 0.376 2 0.976 3 1.0453
{'Trousers', 'LongSleeve'} {'Agel8-60'} 0.376 2 0.976 3 1.0452
PAT00K. {'Trousers','Age18-60'} { 'LongSleeve'} 0.276 2 0.624 2 1.328 1
{'LongCoat','Skirt/dress'} {'Female'} 0.3304 09137 1.030 4
0.9 {'LongSleeve','Age18-60'} {'Trousers'} 03762 0.976 3 1.0453
{'Trousers', 'LongSleeve'} {'Agel8-60'} 0.376 2 0.976 3 1.0452
{'LongCoat', 'Skirt/dress'} {'Female'} 0.330 4 09137 1.030 4
0.298 0.9 {'LongSleeve','Age18-60'} {'Trousers'} 03762 0.976 3 1.0453
{'Trousers', 'LongSleeve'} {'Agel8-60'} 0.376 2 0.976 3 1.0452
{'LongCoat', 'Skirt/dress'} {'Female'} 0.330 4 09137 1.030 4
0.352 0.9 {'LongSleeve','Age18-60'} {'Trousers'} 03762 0.976 3 1.0453
{'Trousers', 'LongSleeve'} {'Agel8-60'} 0.376 2 0.976 3 1.0452

% 3 1£ Market-1501 1 PA100K AR EEE AR5 TEE

Tab.3 Comparision of different attentions on Market-

SN CT #8455 , R R A ERTHROR.

R4 ZHEMBREENERE

1501 and PA100K Tab. 4 Selection of support and confidence
Bt  BUW MR AR RSE 6 BOE R B MR R QR RE P
Base 09054 0.7190 08184 0.7655 Base 0.9054 0.7190 0.8184 0.7655
+SE 09141 0.7824 08109 0.796 4 0.245 0.5 +CT 09124 0.7146 0.8502 0.776 5
PA100K  +ULSAM 09205 0.7673 0.8482 0.8057 PA100K 0.245 06 +CT 09129 0.7163 0.8510 0.777 8
+CBAM 09243 0.7945 0.8439 08184 0.245 0.9 +CT 09126 0.7149 0.8500 0.776 7
+ HSA 09277 08027 08523 0.8267 0.298 09 +CT 09126 0.7149 0.8500 0.776 7
Base 08898 07174 08153 07632 0352 09 +CT 09116 0.7591 0.8164 0.7867
+SE 08964 07454 08197 0.780 8 Base 0.8898 0.7174 0.8153 0.763 2
Market-1501 +ULSAM 09038 07745 08260 07994 Market. O >0 07 +CT 05026 0.7481 0.8182 0.781 5
T I N R R At
+HSA 0o11l 07932 08387 08153 0.447 09 +CT 0.9024 0.7473 0.8172 0.7807

X i AR R GBI ) Base #5578 (i 4
e, WIS MR/ N SR ER . X (A Ak
T A e/ N SRR BRI X [R] , SRS 4 B E PR X
V) P i A A it o AR R SR SR e /N SR B 5 A AN
BEEE R/ NEEETHASC R, 25/ 0% 4.
7£ PA100K , Market-1501 $iflide Eibf7a05e, /s
FREE | B/ NEASFE L 0.245 0.6 1 0.353.0.7 B,

16 Base BIEIHRAN HSA 113 B CT 5K
W T IF A R, 25 SR L 5.

DIV 5 SRR M =2 1l A8 I | TACAR 4%
S50, BRI E RACGE. 7EEAE PATOOK Fi
Market-1501 | SEEG45 R . Base BEAIGSNT CT
PR SR ER R BB T 0.75% L 1.28% ; fik A HSA
TR JIBLR) Base BIAY, iE—A WHERAE B AT AE
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PAT00K %% 5 45 B AR TE ik A HSA 73 & S A e ()
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EAEbE Fy AT, PRI Al HSA

ER YR, REKRMESETH AR WL 6.

# 5 hEREET HSA FE IR BRI SSIE
Tab.5 Ablation experiment of cooperative strategy and
HSA attention module

2y

% 6 7& Market-1501 70 PA100K _t 5BX B 1A= F
Tab. 6 Promotion of associated attributes on Market-1501

and PA100K
Bldk  BOROCHRRME  MEFRAR FEE O R

Female 08123 0.8361 08709 0.8789
Agel8-60 09543 09591 09612 0.9679

PAT00K
Trousers 08937 09173 09246 0.9292
LongSleeve 0.8494 0.8547 0.8844 0.8916
teenager 0.8266 0.8358 0.8577 0.8664

Market-
1501 upLongSleeve 09182 0.9240 09280 0.9343

down 0.8879 09103 09187 09209

BORE B W A% WeE R
Base 09054 07190 08184  0.7655 £ PA100K flafle FabA7sc , A SCIRL FgE
pagok | FCT 09120 07163 08510 07778 Q)*Jf%mﬂ/\}% PR AR HERF SRR T HO AR, MR A SCAE )
+ZESA 09277 08027 08523 08267 LE TR HES] I T R, 5. A
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Fig.7 Promotion of attributes in PA100K dataset
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Tab.7 Recognition results of different algorlthms on

PA100K dataset
Y HERR AR TS Fy

DeepMAR"! 0.703 9 0.804 2 0.822 4 0.8132
HP-Net!™! 0.7219 0.8209 0.829 7 0.8253
PGDM!!! 0.730 8 0.822 4 0.843 6 0.8329
VeSPA 4 0.7300 0.8149 0.8499 0.8320
IA2-Net®! 0.747 3 0.833 4 0.850 1 0.8452
MAND! 0.7817 0.828 3 0.849 8 0.857 1
ARSI 0.929 7 0.8113 0.850 2 0.830 3
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Tab.8 Recognition results of different algorithms on

PETA dataset
Y RS Rk LS F

DeepMAR"! 0.750 7 0.836 8 0.8314 0.834 1
HP-Net!"! 0.7913 0.849 2 0.832 4 0.840 7
PGDM!"! 0.780 8 0.868 6 0.846 8 0.857 6
IA2-Net*! 0.786 2 0.8573 0.860 7 0.858 8
ALMM 0.795 2 0.8711 0.8618 0.863 6
DTM?7 0.797 5 0.868 1 0.866 7 0.864 8
MLASC™! 0.7910 0.879 0 0.8539 0.866 3
AR 09119 0.8513 0.866 8 0.858 9
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