36k Hol HL T 5 AR 2 4R Vol.36  No. 6
2022 4F 6 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION - 205 -

DOLI: 10. 13382/j. jemi. B2104857

MNHERSBRMREKFIENITAERANTE

KX BEF RKAN FRE WET
(1. BT RAE R TS Akl B 650504;2. ) AR ERH# B GE I 09T
JARAMREREARE SLEE M 510095)

W EATEAT AR E S22 5Ok NRSSUIAR LS B AT AR R SR SRR A I8, 20 T — R AR AL & 5 2 RUEAE
BT NE RS E, B9, 8T ResNetS0_IBN 2B MK ENG 2 JRRFERE] . JLUR, B340 S 45H 56 1 43 SR 2 ) 28 46 ) 2%
X2 SR FEAE P AT [ 38 R 1Y) 28 [ X 5, 7K 434 SR RRAIE AR 31 SRy ARARRAIE , SR P 2 R RRAIE 55 A SR SRR 43 T il 1) 7
HRAZTRFAE Z M B CHRC R . 55 2 7030380 T 4 AR B S FRZ R B A Jm BRI 22 ROBERRAE . SR, PEHESRB BORE 56 1
G3SCOFSE 2 43 SRR AT 30 T8 48 BE 04 BRI VR AT NI LU RRAE . 3840 7E Market-1501 ,DukeMTMC $4 5 FiSEg0 R W, B
#7775 AlignedRelD F1l EA-Net SERFAE X 55 FURFRAE SR IO 48 L B4 B3R G M R, 7% Market-1501 I mAP 1 Rank-1 433
IKFNT 86.77%H194. 83%

KA 1T AFIRS; ResNet50; 25 [AI A N 45 s FFAE Al A 5 22 RO EERRAE

HE %S TP391;TNI11. 7 TEIRIAAD: A ERREFRSERE. 510.40

Person re-identification method based on global and local relation features

Zhang Boxing' Ma Jingqi® Zhang Shouming' Li Chentong® Zhong Zhenyu’

(1. School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650504, China;

2. Institute of Intelligent Manufacturing, Guangdong Academy of Sciences, Guangzhou 510095, China)

Abstract: A person re-identification method based on feature fusion and multi-scale information was proposed to solve the problem of low
accuracy of person re-identification due to the large difference of human image background and similar global appearance of human body.
Firstly, the global feature map of human body image is extracted by ResNet50. Secondly, the branch structure is designed. In the first
branch, the spatial transformation network is used to align the global feature images adaptively, and the local feature images are obtained
by horizontal segmentation of the global feature images. The correlation between the global feature and each local feature is mined by
fusing the global feature and each local feature separately. The second branch adds four convolution layers of different scales to extract
multi-scale features from global images. Finally, in the reasoning stage, the features of the first branch and the second branch are
connected in series as the comparative features of person. Experiments on the Market-1501 and DukeMTMC datasets show that the
proposed method has better performance than the AlignedRelD and EA-NET feature alignment and local feature extraction methods. In
the Market-1501 dataset, mAP and Rank-1 reach 86.77% and 94. 83%, respectively.
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Fig.2  Alignment of person spatial features

STN A8 3 ARy, 735 R s (v R 245 | A A 1l e
SRAFEAT 3 1 D7 50 AL e RO M R RAR B AT A 2R A8
B BT PR .

011 013

021 023
ittp . (xS ooooo ’ySource ) %‘%E_\‘E @1%{%%){_:—( , ( megel , miget ) %%
AT AR S B P RAR R AT, R B 0 B A 7 5 4%

/%ﬁ7 (0127021) y\]jﬁ%%, (011,022) y‘jjﬁ[éﬁ%,
(05,0,,) NEREIH T, M2 IRk~ 0 FEFE, i

012

022 (1>

W25 4544

Network structure

TR X RRAE X 52 TC R ), B0AS SORE STN 32 B0 B 1Y
TR 5 0, 7 2% —A~ 1 x 1 B2 ditiH—1k
2 S AN A JE AR, A 2 I A A5 20 45
SRR B RO R | BV AT XA R AT AR
1.2 $HERE

AT NAFAE B K P40 43 3R BUR BRI 1) SR 4 B 1A
e FLALA R R A R TR m B R AR e T, B
T ML H x W x C FREEMAL N 6 x 1 x €, 7K
Y1830 6 4~ 1 x 1 x C (RHE 28 ER 6 ALY
SRR, AR X R ) 4 5 OBEIR T R RRAE 2Z ] fY
T SCORA M T HLARF AR AR e 22 )& ST 1) AELFE IS
BUN  FRRUREAS AR E LI, 1 A A~ 284K AR AR AR ALY
AT AT S 6 oy R I o] R v B AFRA, B ) ) 3k
JRIEBRFNEAR 2 2 B AT ) 5 A TRl — A7 N R, AR SC
P TR A R REAE B A ) 5 A SR AR AR IR R i
3,290 AR 5 R AR 22 0] B G OG R SEEE TR IR
SR BRI 25 R AR B R G, AT DA S 5 A X A
RIFEARRBIRE ST, Bl ik an &l 3 iR,

z, ,

W4 PR AR A (MP)
; -9 - @/
: nd Z5 : \‘\.\
j? *? z, V> 2 “%
Xy - 11 BB —F z
x, (72048x1x1 [Ix1 Cony| — - ERBHETSMIAP)

(a) BAA T8 (b) BB T Bl

(a) Fusion method (b) Fusion method example

B3 RS

Fig.3 Feature fusion

REE PEITE 22 dak 2 (] A8 48 P 24 % 5 22 )5 43 TG 8% 53 31



.08 - RS E L LT 436 %
AR AR A B EFA 1 x 1 x € FI 6 x SRR 5 UK

| x CHASAERE, 1 x 1 % C fORSE f 1 2 2 AT L = 3 e los(a(x)) ”
(B TR EE B 6 x 1 x C HMHE [ Bk b4 o T g PATTIORLIAT

FHEL6 A1 x 1 x € BUFHE I & 73 BICR AR 6 15
FRAEAE . BT, 73 IR B R A A A 2 JR R A 2 ok
BRAFRIBRHIE , A i R T LLRIR A

(¢=1,--,6) (2)

Horb, g FR 2P, x,(i = 1,---,6) FonRifhs
fit, C ARFREE LB R T 1 x 1 BRUZ Kl
B G RRHIE M 5 A 2 048 4ERES] 256 4, z, (RRERA R X
RFFAE
1.3 ZREHMERK

Shy 3t ) 245 4 B4 R R AE IR 2 ROBE (S B RE ), ik
W 25 4l 2K T 22 T AR B, A SCHE XS oK 28 5 2 ) A2 46 1)
KT NEMR 2R R IESI AT 4 FORTR RE B Z,
B A n x n BERZH n x 1AL x n BRJZH
B 7 A AR 2 T 240 T H AU B
A B AT (1) 3 5 g Hr e

WK 4 iR 40T 1x1 3%3 5x5 7x7 iX 4 FiA[A]
RIERERL, BB s BRI 2 REEFHE, fir il 4 R
A ]BE B 42 SR RRAIE o SRS 23 36T 4 AN [R) RUBE Y 42 R e
TR T2 R AL, 2 )5 & inAs 8 — A al a2 R
FIE o BRS RUBE B REAE AR 4 SR AN 24T A IR R IR 3R
TN o TERHEEIFI 228 288 i — A 13— 4k )2, [/ — 4~ A
AR S0 SR I‘J%Eﬁ%ﬂ&@l

1
5 =C(5g+x)

*00000
,I,n,f,e,rsznc,e,
—HOOOOO
\OOOOO
AP / \OOOOO
~@0000
X7 Conv \ID Loss !

555 Coriv NLayer FC layer L
K4 ZRERESREIR

Fig.4 Multi-scale feature extraction
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Table 1 Ablation experiments
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