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Lightweight pedestrian attribute recognition algorithm based on multi-
scale residual attention network

ZHANG Zai-teng, ZHANG Rong-fen, LIU Yu-hong®
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: Recently, pedestrian attribute recognition has been extensively studied that has benefited from the vigorous
development of deep learning. However, it is difficult to capture the fine-grained attributes in the image due to complex
and diversified attributes, poor image quality, and viewing angle occlusion, which is very challenging. Based on deep
learning, we propose a multi-scale residual attention network (MRAN) for pedestrian attribute recognition with Resnet 50
as the main architecture, using lightweight pyramid convolution to provide parallel convolution with different kernel sizes
to complete multi-scale information extraction. The attention module is embedded to focus on the key areas where the
attributes exist and explore the internal relations of the attributes. Secondly, the feature pyramid aggregation strategy
is used to more fully extract and fuse multi-scale features. The network combines the ideas of multi-scale learning,
attention mechanism and residual learning to enable the network to extract richer and more delicate features. Finally,
an experimental study is carried out on the two datasets of PETA and PA100K, and the results show that the proposed
method is superior to the existing research methods. Through ablation research, the effectiveness and advancement of the
three components of the entire network architecture are verified, and the proposed network has bidirectional optimization
with high accuracy and low complexity.

Keywords: pedestrian attribute recognition; multi-scale; pyramid convolution; attention mechanism; feature pyramid;
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wF Fros:

N

Zl /()]

accuracy = N 2 m, )]
1 YN (@)
precision = o ; Pz (10)
_ 1 NSl
recall = N ; v , (11)

F = 2 * prec * recall. (12)
prec + recall

Horb: N RBEARRL Y, R 9] i M T 3 SE OE bR
25, f () REB i MREAR I TN IEARZE, | - | RnEA T
FEARH A
32 XWERE

7K 3 #E Ubuntu16.04. Nvidia GeForce GTX1080Ti
S IG 44N, 48 ) CUDA i, #) ] Py Torch #4) 7 %
it 9 2%, 388 E I G 78 2 i 7 e B 3k AT T A
F X FE AT DAY R A A, B W 4R IR AL RE ). AR
C S S 6 H A A T Ak B TR A R K AR KN
HE3) 256 x 192, LA 2 4 25 06t i N UG 1 25K I 25
K F SGD (FE LS & T %), 3 & 4 0.9, B & = N
0.000 5. #1452 21 % 4 0.01, batchsize & & N 64, — 3t
WIZ5 401> epoch.

N T VPAR AR SC 5 I SO R 5 % DR 2 0T
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A7 N T 1R ) A s, T A B AR S G R R
S0, 43 W4 PETA F1 PA100K 305 4 b 347 £ 4H s
5. A SCHEH AT N 2 B PR IR 2% 7F PETA 38 48
SIS AR R ARSI T RS FE N 85.81 e,
FE T S P HE B DN 79.75 o, K 5 JE N 87.44 %, H

7] 5 A 86.61 %o, Iy fH M 86.77 %o, 5 e Ath B9 1) EL 5%
SERUNFE 1 fian. 76 PAT10OK #0984 b i 5256 45 Bt
T RR BT AR N 81.48 Yo, FE T S A THE G
J&£ 5R79.92 %o, K5 %5 ) 88.13 o, 7 18] % 4y 87.89 %o, F
1B 8 87.5 %o, 5 HoAh 532 1) b At 45 SR ke 2 i,

#=1 PETABIERE LAREAFEMEER

PETA

method backbone
mA accuracy precision recall Fy
ACN!! CaffeNet 81.15 73.66 84.06 81.26 82.64
DeepMAR!®! CaffeNet 82.89 75.07 83.68 83.14 83.41
HPNet!®! InceptionNet 81.77 76.13 84.92 83.24 84.07
JRLY! AlexNet 85.67 - 86.03 85.34 85.42
pGDM!!"! CaffeNet 82.97 78.08 86.86 84.68 85.76
MsVAA™! ResNet101 84.59 78.56 86.79 86.12 86.46
MTA-Net!!!! ResNet-152 84.62 78.8 85.67 86.42 86.04
CGCNI3! ResNet 87.08 79.3 83.97 89.38 86.59
ours Resnet 50 85.81 79.75 87.44 86.61 86.77

<2 PAIOOK #iEE LR F AT ELEER
PA100K

method backbone
mA accuracy precision recall Fy
DeepMAR!"! CaffeNet 727 70.39 82.24 80.42 81.32
HPNet'®! InceptionNet 74.21 72.19 82.97 82.09 82.53
PGDM!!! CaffeNet 74.95 73.08 84.36 82.24 83.29
LGNet!!8! Inception-V?2 76.96 75.55 86.99 83.17 85.04
VAC!T ResNet50 79.16 79.44 88.97 86.26 87.59
ALM!™ BN-Inception 80.68 77.08 84.21 88.84 86.46
PD-Net!?! Inception-V3 80.4 78.8 87.5 86.91 87.2
MCFL?! ResNet-50 81.11 79.01 86.67 88.15 87.41
ours Resnet 50 81.48 79.92 88.13 87.89 87.5

ML TR 2 W AT LUE Y, S 7206 B, A3
& A 7E RAP A PETA 208 45 F IS 7 A4
145 5. 75 PETA 24 £€ L) accuracy . precision. F,
DL A 7E PA10OK 45 4E L) mA.  accuracy %5 5 1~15
b B SEEL T B AR e, B8 bR B B m 4 2 B DO
A br . 75 PETA %4 48 4, ACNUS! I DeepM AR
AT 2 RMEEA, H CaffeNet A& 5 HIIR B % ) 1
A, FEBURFE A8 77555, HPNet!® R MsVA AR 35 ]
TERE R R, 815 1t BE £ T, JRLP! A MTA-
Net!"! & J& T it 57 750l 77 7%, PGDMU 7T & 5& T J
)15 8. CGCNU3! 3 T & 45 AR 1 77 =X, & 1 FH R AE
IF1) 8 DK K B {1 A ESARRR AR 2 57 8 12 TR) 1 5K R, &5
B, CGCN 7£ mA Fll recall f5 #5 H1ik 2] T ALV fE,
{HER recall Ml mA LLAMRFEFR AL T A SCT7 5. B
CGCN AJ LAl 2 8 (1) Ja& 1, A0 AN B LR B AN & 14
FRHE A . 5 ERLAE T, 8] — 38 AT R AV 2 AN ]
BB, 2 & 1 B RN, 0T[5 — 5843 J& 14 1 5%
TN B, 3 B0 SCE (R R A 2 B AIS. T AR SC R
()77 VE BEFZ 48 1 8 1t A I FEE, SOV Ja8 1 1) ) AH 5K

P, TE AR U R Bk B T 4T iR T 7 PAT0OK
45 5, LGNet!'8! F1 ALMU # J& T Jrg 45 24, A
F T Inception ¥ £%. VAC!”! [7] k¥ % T Resnet 50 1
7 7). PD-Net?! (5 75 3K B 4 8] F AR 0% &,
MCFLZ M AN [5] 451 2% o0 25050 g A1 288 1) AN ~F- 1l
/o] B, 45 BB R B, VAC 7E Precision £l Fy #6845 Fis 3 T
AERCR, BRI 7 S8 BT B 8 77 2, A
RETE 1 T A FEE P TR, (E 2 o e e ) ) A G
PR = 2 18, 0 TR 2R @ R SR AME. ALMIPT H
B4 53 AS R X343 AT 000, £ 51 1 &A@ i)
HER L, B SR recall i bn IR 15 S A VE R, (H R A ST K
7£ mA Hl accuracy fEA5 N ES I 1 e 14 fe, I HLAE
HARARAR AT 2 T ARG 14
3.3 HRASK

A SR FE T Resnet 50 4574, B & 7 E .
T A PURRRE 4 5 35 4R B4 1. 9 S ik AR ST 4
HH S R e A A O B A B0 A SO DA RS [ 457 2K 2Ry
K5, i PETA R PA-100K $ 48 S 304738 — 2D
ST, LR EL g AR, R3ME ARG T &
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AN A R B, T [ (4 450 2K oR B R CE I
WCE H 47 B 41 1 1) S 56 % Eb. {4 JiR 46 Resnet 50
BRI R R EUE RS2, BB b ) sE B R
B, 7E mA e bR T, 3 3 1 R, IS INRHE & 38 &
PR HRAE Pk BE 2 B ER T 1 1.06 % A1 1.26 %, 35 4 R TF
T0.97 % F11.25 %; 78 bR I, R 3R g 756
FUBLHAE M BB 43 A F- T+ T 0.84 % F110.34 %, % 4 HH 1]
PERE B FIREAS 3 1 4R TF. RO RFAE il & BB RN 4 7

BB AR 2 RS A ERRRAE, BT AR 2 14 T 2 P
FHE . SR G ATV E BB X b, R332 T
1.06 % F11.03 % 32T+, R 4 2 1 0.2 % F10.86 %,
X2 RN S NSy T e X, HLF & v 2 1) (A
N TR MR A, 3 PR AR A PERE LU S 2R
T22%M2.7 %, RKAHFHEF: T 1.55 % F12.41 %o. iX L&
BRI R T A AR A DG B ZE A 1
P RE RN B AR 1) LR

&3 (EFCEBITHIHRRSEH

network
dataset mA accuracy precision recall Fy
Resnet 50 FA CE Pyconv attention
v X V4 X X 83.08 74.68 83.16 83.88 83.51
v v V4 X X 84.11 79.39 85.42 84.42 84.91
PETA Vv Vv VA v X 84.95 78.94 86.56 86.43 86.41
Vv Vv v X Vv 85.17 79.39 87.14 86.37 86.5
v Vv vV Vv vV 85.28 79.59 87.31 86.54 86.67
v X V4 X X 78.49 75.6 84.86 85.08 84.51
Vv v V4 X X 79.75 78.78 87.62 86.59 86.72
PA100K v v V4 Vv X 80.09 78.81 87.44 86.85 86.74
v Vv v X v 80.78 78.94 87.08 87.28 86.76
v Vv vV v Vv 81.19 79.25 87.58 87.25 87.04
x4 ERAWCEHITHIHRLKE
network
dataset mA accuracy precision recall Fy
Resnet 50 FA WCE Pyconv attention
Va X V4 X X 84.26 76.09 84.18 84.65 84.12
Vv V4 V4 X X 85.23 79.62 87.14 86.53 86.69
PETA vV V4 V4 V4 X 85.29 79.66 87.35 86.32 86.72
VA V4 V4 X Vv 85.43 79.69 87.53 86.53 86.76
VA V4 V4 v Vv 85.81 79.75 87.44 86.61 86.77
v X V4 X X 79.98 78.05 87.59 86.79 85.24
v V4 v X X 80.32 78.49 86.7 86.96 86.54
PA100K v VA vV vV X 80.54 79.04 87.7 87.18 86.88
v VA V4 X Vv 81.18 79.38 87.68 87.35 87.13
v V4 V4 v v 81.48 79.92 88.13 87.89 87.5

34 RBEIRMEEER

S22 R [33] 1 LA, W A Sy 15 HoAth 5 dk
ARSI R /NI i R SR8 23 #, S 45 SR N3R5 s,
b # KRl i Resnet 50 E N B T P 24848 5 S 1T R
A M 2%, 7£ PA100K #4855 T, A SCT7 B AR b T8 A
Resnet 50 1] ALMUV 75 15 8 S BOR i 5 & 4y ) 9k

BT 1922 %, 82.36 %, 1E mA Fil Fy Fa 45 K 43 il #2 Tt
T 4.01%- 1.38 %. AT LRI S H AT B 1%
MsVAAR /T 9.5 % F 37.74 %, mA Fl Fy 43 5l 4
T+ 1.53 %- 2.0 %. EIR VACUTI1E precision. F} « #645
N ELAR S 0.84 % F10.09 %, ZH R /D T 5.29 %, 1H
& mA. accuracy- recall 845 737l /55 1 2.32 %+ 0.48 %

x5 REMBERK/NER

dataset methods backbone mA accuracy precision recall Fy params (M) MACs (G)
ALM!” ResNet50  77.47 75.05 86.61 85.34 85.97 30.86 432
MsVAAZ”"  ResNet50  80.10 76.98 86.26 85.62  85.50 141.27 6.28
PA100K VAC! ResNet50  79.16 79.44 88.97 86.26  87.59 23.61 14.34
Ours ResNet50  81.48 79.92 88.13 87.89 87.50 24.93 3.91
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F11.63 %o, 7EAE ALK /IR G I L T, AR SO T
D T 72.26 %, I H AR T HAD S VE (P R ES A
BF S0 B, TR B T AR SCR LS & IS B R SR
W A R RE.

LA GTX1080Ti 1 4 il £ Wk 7 &, A FH P B
GPU #E4T 347 IN3E, 1% £ PETA ¥4 45 7 9 7 600 5K
DA E 5 B A7 D0 AR, 3 A R 10 P 35 4
S (], % B 8] 1 D9 D1 Al B3 M BRI 4 A, X 10 IR
S50 A B 1] ()P I ME AR N B A 5 R, AR 6. A

{5 FH 5L 45 Resnet 50 24 2% 28, ¥ FHf WCE #3i 2% iR %4, 7
PETA $0#5 48 T, W A 3007 1k 5 JL 4 7 1L AT LU 8,
ZHE TN T 247%, i HEQERIEBEE) FET
5.56 %o, B i 8] Yk 2D T 34.38 %, mA $E T T 1.55 %;
55 {#i F§ Resnet 50 Y] ALMUVAH L, ZERE T S8 & K 1t
o R D, mA R Fy 3R ER B TE T 1.57 Yos
1.36 Yo, TEFHEHE R 6] _E 982> 1 73.78 %o. il £ B,
537 VA AH B T JE 46 Resnet S0 F1{F A Resnet 50 |
ALM TEHERE IS [ RIAS B2 B3 A I RCR.

6 EBIK/N R HETRAT(E] LR
PETA
methods params (M) MACs (G) inference time/ms
mA accuracy precision recall Fy
ALMUT 84.24 77.84 85.79 85.6 85.41 30.86 432 8.81
baseline 84.26 76.09 84.18 84.65 84.12 25.56 4.14 3.52
ours 85.81 79.75 87.44 86.61 86.77 24.93 391 2.31

K| 8 Jy PETA Hdfs 4£ i T AL AR, Horp i 4 b
B 93 e 7n AR SCHT DeepMAR!S 435 51l H 25 5 Ak
AN AR SR H BB 2 25 B MR
XV L JE R LR I S R R R A NN g
P HLEL TR T 10 S 1, T AR SC e B A A R G, 9 B
X AT KBS/ H bR JE PR AR R 4F. B
AT DL, AT T H A R 2 RO Rk 220 7
TR T M TR oA

persona less30
person male

lowbody jeans
upbody casual

person female
lowbody casual
upbody casual

B\ personal less45
i long hair
sunglasses
accessory messenger bag |8 ,‘ :

carrying plastic bags
| hair short
| foot wear sneaker
foot wear shoes | accessory nothing
carrying other

personal less30
carrying other
lowbody jeans
upbody casual

y carrying plastic bags

upbody formal
lowbody formal
person male

B carrying other
personal less45 long hair
sunglasses
person female

hair short
foot wear leather shoes
foot wear sneaker shoes

B8 TR

4 & #

AR 2 R R T B IR B R4, A3
B T AT B P IR TR FEE R ) T, T T4
BAVRGR 25 9 4% Y (0 RS A 4RI B I FNZ AL RS 77, 1
BVERE S 2 21 2 ROBE IV E R %, IR I, 388 3o o
G U BE A SR 1) SO, RS BB 45 6T /N AR R

PE. 54k, (s ATE R B2 — S B A 3R, XA A
AR SCIAT N VR 500 X 2% B0 o6 v T MR A AR &
PR AL B, HERE R 22 18] 25 2R, AT $2 TH B4 (1R
T RO A ST 47 H AR X 4 A6 000 4 A 5 4 T [
I FEAR 1 X 28 SRR AN SO, S 1 R AT
HIIFATOCA. (E R AR A 15 52 B 13t 7,
Bl R 55 B B X Ak e 2% 14 05 S5 24T N JE

PEIR.
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