[s#s8% wam0 2 A/MESHRT LR

iy Bl I ZIHE

e 2 R Mg 141 Ns PE UM STk

1,2% b 1,2%% 2 2 L
@ REEYE, M HE, B
VPG 22 B R B E S E B TR, BEPY P42 710121
LHL TS B3 5 N T R N R R S e, BRYE P4 710121

WE W TRESTNAEERNGERR T ML T2 REFZENMENIT NEERNE R, b TR&ERE
FR) A IE 2 3% RE 7 IR P 0 S AE 7 1 58 L 7E 5% 25 W 4% ResNet50 (9 ZERl 1, 34 m T @ T T AR AE & 3 vk &
R, 3 TH ) T A RFAE 4 755 BRI AR AR 08 AR AR A 5 SRS L A AR AR G S O R) RUBE I RRAE O 132
FRAE AY 88 T B W TR F AL . s Bk TR B A O B R DL S B AN T A X R R A B, 7E RAP
I PA-100K Bdli 4 LAy se g 45 R 0], 50 A Bk A8 1L, AR S X AT A PR R 50 1 B0KG B VER B2 L F1 MR Rg TR
.

KER B AT NIRRT RS T ZRUEERD

FESHES TP391.4 XEtRERL A doi: 10.3788/L0OP202158.0410025

Pedestrian Attribute Recognition Algorithm Based on
Multi-Scale Attention Network

Li Na"*, Wu Yangyang"*", Liu Ying’, Xing Jin'
" School of Communication and Information Engineering, Xi'an University of Posts & Telecommunications,
Xi'an, Shaanxi 710121, China;
* Key Laboratory of Electronic Information Application Technology for Scene Investigation, Ministry of

Public Security, Xi'an, Shaanxi 710121, China

Abstract In order to improve the accuracy of pedestrian attribute recognition, a multi-scale attention network for
pedestrian attribute recognition algorithm is proposed in this paper. In order to improve the ability of feature
expression and attribute recognition of the algorithm, first, the top-down feature pyramid and attention module are
added to the residual network ResNet50. A top-down feature pyramid is constructed from the visual features
extracted from the bottom-up. Then, the features of different scales in the feature pyramid are fused to give
different weights to the channel attention of each layer of features. Finally, the model loss function is improved to
weaken the impact of data imbalance on the attribute recognition rate. Experimental results on the RAP and PA-
100K data sets show that compared with existing algorithms, the algorithm has better performance in terms of
average accuracy, accuracy, and F1 for pedestrian attribute recognition.

Key words image processing; pedestrian attribute recognition; deep learning; feature pyramid; multi-scale
attention

OCIS codes 100.2960; 150.1135; 100.4996; 040.1880

RS B HE: 2020-09-27; fEEI HHA: 2020-10-19; RABH: 2020-11-05
BEE&TH. HRAAFEIES (11874173) (BRVE 4 BHE T AU IF i 5 B (2019]M-604) | TG 2 W H  24 BF 5% 2E A1) B 5 4
(CXJJLY2019083)
" E-mail: linal14@xupt. edu. cn; = E-mail: 2745027040@qq. com

0410025-1



£58% F4H/2021 F£2 A/HAERBFFIHER

1 5 H

1 N T8 A TR Sl 2 BT AR Ok MR 45 40 I AY AT 5T A
Ko B TR R SO A AT N B A e L A
AR L) LR KUAK R TS )L TR T SR BL A i AT
S v AR K 1 BV T AT G U R AT
N J Al Bl DG E AN ) M A B Rk R R TR — A7 A
1T KR FH R e P K R R B B bR . AR
WZHIMWEED S, SR L R e e &
— 2 DX AL AR AT N ER o B R M
PLARAS ¥ M i 6 i 1% . B L 3 Rl i B0 T B AT
N J8 P DR S BROAS A8 M X Ll BE AN 728 1k HLA AR 47
89 I AN A

11 N8 PE RN L AT KECRT 43 Ry A G bl 2 o7 )
M7 R, Hrp gt as v ) Rk 1%
SRSy G B i S a i A = e I I S 1
ARBUT N ER B 2 HRAE L 20 Deng 25 26 B3 (5
FRE BCAVRRE LA K T 1) 6 B8 07 IRTRHAE . JF R K
AR PR AE JEAT 42 2. Gray 450 i iok 241 45 ) 4
T LRAESE AT KB IR . AR G HLa% 2 2 16U 5
HI s AT T ARSI, AR B, I A g
UERFAE RO & BV, BEE RE I MR IRZ
WAL AT 5 A 7 H M2, Li 25 42 1 i
Zhr % Jm e ) B B & ™ 4 (CNN) fi Bl
DeepMar (Deep learning based multiple attributes
recognition) W B 1% T # K 1Y # &, DeepMar H
CNN 155 5 325 B AE , LIS T TR E . h— A4
g 2 A 7R ] INF SR AT A B Z2 A B AE . Sudowe
2OV A A AL 4 CACND K #6417 A B R

top prediction

VR BRI B2 ) BT A T M B B . GX 28 T
LRI A W 46 0 i — A A 58 iR 1 IR BT
5 o ANRE B e Ja R TR A VAR 3, i DR AN ] R 2% 2
RRIE S T J8 PR A [ A9 1 S5 B . an CNIN A A
e ZEMBT L P 46 b i O (0 o 2 1446 S R
T BB R AIE X A IR B €0 2 0 Y Ji Al L
XA A XA A T SR L v 2 I 4 B RRAE LE
JKJZFRIE A R, Park 55 @l A 24~ 4 o i) )2
FEAE R AT @ M Zhou %51 v [a] 2 45 4iF A1
TR B AR BEA T 1t A #5405 L35 i Y D X
PERRLE O T ARG S AT AR PR B A PR T
P 265 A [ J2 IR R AL

TR 22 2 R JE TR 8 CNIN 4 i
17N G 1 R AE ) R AIE 4 5 8 B 45 (FPND
A SCE R AT NIRRT 55 A 4E s BT i T 2 R
JE T B 77 I 45, SR FH B B 1 5% 2 99 4% ResNet50-
HEZEA  FPN, LLR 45 8 )2 ¢ AE #0552 R 1E I F)
JH 8 3 T 5 0 B 4 T 4 A 8 3 18] B SCHBR E, D
1 5 0 285 1) J PR TR RE

2 L5

CNN b B3T3 ML 58 AT 55 I 4 FH 6 e A #5 4
SN A /NRFAE PR ROST T 2% B IR = B i =
F14 73 9 258 O BOREL RS | R AIE 181 o MOk Bl . ELA AR
JE B RRAE PR A A A R BB O T TR
) VG 2 A5 0 R g 2 S5 A A 0 2 1) 45 4 G 181 1 B
N AL E B R A A REAE S OB BR | T A Y
FPN A5 B i 18 7 0 R, Ja ok il 5 A (R 9
(IREPSE /T2 RO EJN I R EPN R AN ATH EV e

————————— —f——————l e i S L i S S A i ,
{ convb Il 'basic conv | | channel-wise P5
i 7 pixel x 7 pixel 11 1x1(5) } | attention top prediction
{ ‘I‘ : : upsample x 2 I p5’ prediction
} I | o p4’ prediction
conv4d | | basic conv conv |__ channel-wise P! _|p3" prediction
! i i 7 3% 3(pd glT attention Lo b —
} 14 pixel x 14 pixel I : 1x1 ‘(p ) § : D2’ prediction
: . I | upsample x 2 2|
7 I . ' . ,
I g conv3 || I'basic conv conv g } channel-wise _p3 ; v :
: S| 28pixelx28pixel : 1x1 T3 x3(p3) ! attention | ~ grou x(ibm
° | ¥ L LR |
{ = { : upsample x 2 I
[ [ e, ey wo | ¥
| conv2 ', basic conv ,—*\ . conv __l_ channel-wise| p2' |
l 56 pixel x 56 pixel || 1x1 T"8x3(p2) || | attention |
| |
| I I I
| I I
: convl Il v |
| 112 pixel x 112 pixel : : I

BT A7 AT U 9 2% 1 4544

Fig. 1 Structure of the pedestrian attribute recognition network
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Fig. 2 Flow chart of the feature fusion
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Table 1 Verification experiment of the channel attention
effectiveness unit: %
RAP PA-100K
Methods
mA F1 mA F1
Baseline 75.67 78.20 77.28 84.52
Baseline+CA 75.89 78. 36 77.35 84.67

T SRR T R R B 48 2 ROR L 7R A
et BEAT 3 X LL 920 L 5 1 40 S 50 7R S Ak ) 4%
FEINE 1 % B T T (top-down) [y 43 F 3 4544,
153 3] A [\ B B 09 FF AR (p2, p3, pds p5) s LUAH N
(addition) fy J7 2 fill 453X 26 K¢ A, AH L 5 il ) 2%
(Baseline) , a7 B (4 #H i 77 2K 23 22 W6 R i AS DT IBE 1) (1)
LG — S N EL I RHAE , S EUR PN R IR, A
L BBl ) 4% (Baseline) , 55 2 41 S8 78 Bl & A R 4R 1E
R T AN [\ By BERfAE S R AL EE (weight) o 7E RAP

0410025-4



£58% F4H/2021 F£2 A/HAERBFFIHER

1 PA-100K 865 L mA 43 5148 T T 1. 08
0. 85 AN FH 43 41, X R W FH & 2 KRR AE E 4T A T[]
s S RA VR, 45 3 s 5 ATEE 1AL
Tl £ 37 RF AIE 8 T 2 ) A 4R M PE . 7E RAP Fil PA-
100K #5484 19 mA 7 5 TH T 3,03 #1 2. 54 4
T A 3K U8 B 2k A T R Y S R R R R
JIRLHI B 256 A B T3 s A7 A8 R U R
22 NIRRT fl 4 A e f YL 45

Table 2 Recognition results of different feature fusion

modules unit: %
RAP PA-100K
Method
mA F1 mA F1
Baseline 75.67 78.20 77.28 84.52

Top-down(addition) 74.23 78.01 76.65 84.63
Top-down(weight) 76.75 78.96 78.13 84.95
Top-down(weight) +CA  78.70 80.12 79.82 85.71
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Table 3 Recognition results for each layer feature on RAP data set unit: %

Feature layer  Age less 16 Age 17-60  Age bigger 60 ub-shirt Ib-skirt ub-short sleeve mA
conv2 49. 54 49. 36 50.12 51.23 50. 56 54.57 61.29
conv3 50.12 49.78 48.93 50. 54 54.18 69.55 65. 46
convid 49. 82 49.70 47.65 49.73 53. 90 79.78 62.91
p5' 56.76 52.59 60. 99 71.93 75.68 77.21 77.01
pd 61.24 54,42 64.23 78. 24 74.76 79.92 77.23
p3’ 62.35 56. 74 67.42 78.89 77.15 80. 54 76.89
p2' 62.27 56.67 66. 37 77.97 75.43 80. 35 77.65
Baseline 63. 36 58.49 71.17 78.52 78. 82 79.15 75.67
Ours 76. 42 75.56 66.92 79. 14 80. 14 78.66 78.70
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Table 4 Recognition results of different algorithms on
the RAP data set unit: %

Algorithm mA Acc Prec Rec F1

ACN 69.66  62.61  80.12  72.26 75.98
DeepMar 73.79  62.02  74.92  76.21 75.56
HP-Net 76.12  65.39  77.33  78.79 78.05
VeSPA 77.70  67.35 79.51 79.67 79.59
PGDM 74.31 64.57  78.86  75.90 77.35
IA2-Net 77.44  65.75 79.01  77.45 78.03

Ours 78.70  68.17 78.89 79.98 80.12

#£5 ARBEETE PA-100K SR I iR 45

Table 5 Recognition results of different algorlthms on the

PA-100K data set unit: %

Algorithm mA Acc Prec Rec F1

DeepMar 72.70 70.39  82.24  80.42 81.32
HP-Net 74.21  72.19  82.97  82.09 82.53
VeSPA 76.32  73.00  84.99  81.49 83.20
PGDM 74.95 73.08 84.36  82.24 83.29
IA2-Net 77.28 74,73  83.34  85.73 84.52

Ours 79.82 78.17 82.83 84.98 85.71
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