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Abstract ; Because pedestrians are easily affected by background,occlusion, posture and other issues in re-

al scenes,in order to obtain more discriminative features in pedestrian images,a person re-identification

method based on attention mechanism and local association feature is proposed. Firstly, the attention

module is embedded in the network framework to pay attention to the features with strong expressive a-

bility in the image. Then,the local association features are obtained by using the association of adjacent

parts in the image,and combined with the global features. The experiments on Market1501 and Duke-
MTMC-RelD datasets show that the Rank-1 index reaches 95. 3%and 90. 1% ,respectively. The results

show that the proposed method can fully obtain the feature information with strong discrimination and

make the model have strong recognition ability.
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Fig. 1 The network structure of this article
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Fig. 2 Schematic diagram of convolutional block attention module
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Fig.3 Segmentation effect diagram: (a) PCB method; (b) Method of this article
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Tab. 1 Results of different methods on
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Methods Rank-1 mAP
ResNet50+G 92.6 81.7
ResNet50_ CBAM+G 93.4 83.7
ResNet50 CBAM+G+L 95.0 86.0
ResNet50+ G+ LA 94.9 87.9
ResNet50_ CBAM+G+LA 95.3 88.7
ResNet50_ CBAM+G+LA+RK 96. 3 94. 8

% 2 DukeMTMC-RelD 1B & EREFEMNER (%)
Tab.2 Results of different methods
on the DukeMTMC-RelID dataset( % )

Methods Rank-1 mAP
ResNet50+G 86. 2 72.7
ResNet50_ CBAM+G 87.7 74.7
ResNet50 CBAM+G+L 89.0 78.4
ResNet50+G+LA 89.8 79.6
ResNet50 CBAM+ G+ LA 90. 1 80.7
ResNet50_ CBAM+ G+ LA+RK 92.8 91.2
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Tab.3 Comparison with other methods

on the Market-1501 dataset( %)

Methods Rank-1 mAP
LOMO+XQDA! 43.8 22.0
BoW + kissme!**’ 43,2 22.0
IDE! 72.5 46.0
DPELM 88. 6 72.6
HA-CNNHY 91.2 75.7
PCB 92.3 77.4

PCB+ RPP 93.8 81.6
MGNH! 95.7 86.9
Pyramid-" 95.7 88.2
BoT!#! 94.5 85.9
RRIDM? 95.2 88.9
RGAM 95.8 88.1
Method of this article 95.3 88.7
Method of this article+RK 96. 3 94. 8
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Tab.4 Comparison with other methods

on the DukeMTMC-RelD dataset( % )

Methods Rank-1 mAP
LOMO-+ XQDA 30. 8 17.0
BoW + kissme"'® 25.1 12.2
IDE"™ 65. 2 44.9
DPELM™ 79.2 60.0
HA-CNNH 80.5 63.8
pPCBH! 81.7 66. 1

PCB-+ RPPH 83.3 69. 2
MGNH 88.7 78. 4
Pyramid™ 89.0 79.0
BoTM® 86. 4 76. 4
RRID"*? 89.7 78. 6
RGAM 86. 1 74.9
Method of this article 90. 1 80.7
Method of this article+RK 92.8 91.2
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5 & it

AR SO — T T T R AL 5 R R OC BRRR AR
BAT NFERUI T3k . Gl 5 7E T R 2% v A BRUE
KT (0 0 2% O T A7 N LG b o E IR AT 55
M BE R B X o R N s A SC B Jey i R BR AR AL L 5 4
JRRFREAR 45 5 - (0 19 26 B RE 5 1 3047 A i B MR 5 S
SCRE GV B B A G I PE Y 40 5 JR A R TR B ek
T AT AR AN X 5 ) BB R 0 . S8 R WD L AR ST
LA RAT NP A 58 E AR AT T B i E
o NP AR X T B AT N R A0 A A
ROM AT N5 B AR AL & A AN AR T B8 1 5 00T
few AT NH IR PERE .

S E Wk

[1] LUO H.JIANG W,FAN X.et al. A survey on deep learning
based person re-identification[ J]. Acta Automatica Sini-
ca,2019.,45(11):2032-2049.

B 2 RS R T IR A ) AT N R B
HERELJ]. A3k 42.2019.45(11) :2032-2049.

[2] ZHAOHY,TIANM Q,SUN S Y,et al. Spindle net: person
re-identification with human body region guided feature
decomposition and fusionC]//2017 IEEE Conference on
Conference on Computer Vision and Pattern Recognition
(CVPR) ,July 21-26,2017, Honolulu, HI, USA. New York:
IEEE,2017.907-915.

[3] SUNY F,ZHENG L.YANG Y.et al. Beyond part models:

person retrieval with refined part pooling (and a strong
convolutional baseline) [C]//2018 European Conference
on Computer Vision (ECCV), September 10-13, 2018,
Munich, Germany. Heidelberg: Springer, 2018 :501-518.

[4] ZHENG F.DENG C.,SUN X.et al. Pyramidal person re-i-
dentification via multi-loss dynamic training [C]//2019
IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR) . June 16-20,2019,Long Beach.,CA,USA.
New York:IEEE,2019.:8514-8522.

[5] HU J,SHEN L,SUN G. Squeeze-and-excitation networks
[C1//2018 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR) ,June 18-22,2018, Salt Lake
City,UT,USA.New York:IEEE,2018:7132-7141.

[6] WOO S.PARK J.LEE J.et al. CBAM: convolutional block
attention module[C]// 2018 European Conference on
Computer Vision (ECCV) , September 10-13, 2018, Mu-
nich, Germany . Heidelberg: Springer,2018.:3-19.

[7] HE S T.LUO H,WANG P C.,et al. TransRelD: Transform-
er-based object re-identification[ EB/OL]. (2021-02-08)
[2021-12-24]. https://arxiv. org/abs/2102.04378.

[8] ZHENG L.YANG Y.HAUPTMANN A G. Person re-identifi-
cation: past. present and future [EB/OL . (2016-10-10)
[2021-12-24]. https://arxiv. org/abs/1610.02984.

[9] WEILH,ZHANG S L.YAO H T.et al. GLAD : global-local-
alignment descriptor for pedestrian retrieval [C]//2017
ACM International Conference on Multimedia(ACM MM) ,
October 23-27,2017, Mountain View City, CA, USA. New
York:ACM,2017:420-428.

[10] LI W,ZHU X T,GONG S G. et al. Harmonious attention



%9

5 158 38R - i T 5 AL 5 R A OC R RRAIE B AT N U

[11]

[12]

[13]

[14]

[15]

network for person re-identification[C]//2018 IEEE Con-
ference on Computer Vision and Pattern Recognition
(CVPR) ,June 18-22,2018, Salt Lake City,UT,USA. New
York:lIEEE,2018:2285-2294.

WANG G S,YUAN Y F,CHEN X,et al. Learning discrimi-
native features with multiple granularities for person re-i-
dentification[C]//2018 ACM International Conference on
Multimedia(ACM MM) , October 22-26, 2018, Seoul, Ko-
rea.New York:ACM,2018:274-282.

PARK H.HAM B. Relation network for person re-identifi-
cation[ C]//2020 AAAI Conference on Artificial Intelli-
gence(AAAD .February,7-12,2020 ,New York,NY,USA.
Palo Alto: AAAI,2020.:11839-11847.

HE K M, ZHANG X Y,REN S Q. et al. Deep residual
learning for image recognition[ C]//2016 |EEE Confer-
ence on Computer
(CVPR) . June 27-30, 2016, Las Vegas, NV, USA. New-
York:|IEEE,2016.770-778.

ZHONG Z.ZHENG L.CAO D L.,et al. Re-ranking person
pe-identification with k-reciprocal encoding [ C]//2017

Vision and Pattern Recognition

IEEE Conference on Computer Vision and Pattern Recog-
nition(CVPR) , July 21-26.,2017, Honolulu. HI, USA. New
York:|IEEE,2017:3652-3661.

LIAO S C,HU Y,ZHU X Y,et al. Person re-identification
by local maximal occurrence representation and metric

learning[ C]//2015 IEEE Conference on Computer Vision

[16]

[17]

[18]

[19]

+ 991 -

and Pattern Recognition (CVPR) , June 7-12, 2015, Bos-
ton,MA,USA.New York:IEEE,2015:2197-2206.

ZHENG L,.SHEN L Y.TIAN L,et al. Scalable person re-i-
dentification: a benchmark[ C]//2015 IEEE International
Conference on Computer Vision(ICCV) ,December 7-13,
2015, Santiago, Chile.New York:IEEE,2015:1116-1124.
CHEN Y B,ZHU X T,GONG S G. Person re-identification
by deep learning multi-scale representations[ C]//2017
IEEE International Conference on Computer Vision (IC-
CV). October 22-29, 2017, Venice, ltaly. New York:
IEEE,2017:2590-2600.

LUO H.GU Y Z.LIAO X Y.et al. Bag of tricks and a
strong baseline for deep person re-identification[C]//
2019 IEEE Conference on Computer Vision and Pattern
Recognition(CVPR) , Junel6-20, 2019, Long Beach, CA.
USA.New York:IEEE,2019:4321-4329.

ZHANG Z.LAN C,ZENG W. et al. Relation-aware global
attention for person re-identification [ C]//2020 |EEE
Conference on Computer Vision and Pattern Recognition
(CVPR) ,November 23-25,2020, Seattle, WA, USA. New
York:IEEE.2020:3186-3195.

EE /AN
EEHE (1997 ). L WL A, FEMNFET AT IR ERER

75 H B WS -



