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Abstract: Person re-identification is significant but a challenging task in the computer visual retrieval, which has a
wide range of application prospects. Background clutters, arbitrary human pose, and uncontrollable camera angle
will greatly hinder person re-identification research. In order to extract more discerning person features, a network
architecture based on multi-division attention is proposed in this paper. The network can learn the robust and dis-
criminative person feature representation from the global image and different local images simultaneously, which can
effectively improve the recognition of person re-identification tasks. In addition, a novel dual local attention network is
designed in the local branch, which is composed of spatial attention and channel attention and can optimize the ex-
traction of local features. Experimental results show that the mean average precision of the network on the Mar-
ket-1501, DukeMTMC-relD, and CUHKO03 datasets reaches 82.94%, 72.17%, and 71.76%, respectively.
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Fig. 1 Overview of our proposed MDA network for person re-identification
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%1 Backbone network £ 44
Table 1 Backbone network structure

Layer name Share Patch size Output size
Input data 384x128,3
Conv2d Yes 7x7, 64 192x64,64
BN Yes 64 192x64,64
Max pool Yes 3x3, 64 96x32, 64
11,64 |
Conv2_x Yes 3%x3,64 |X3 96x32, 256
L x1,256
Backbone Z
1x1,128
Conv3_x Yes 3%3,128 | x4 48x16, 512
L x1,512
1x1,256
Conv4_1 Yes 3X%3,256 24x8, 1024
L X 1,1024]
[ 1x1,512 ]
G_conv Conv5_x No 3%3,512 |X3 12x4, 2048
1x1,2048
P_conv i 71X1’512ﬁ
(le[1,2]) Conv5_x No 3%3,512 |X3 24x8, 2048
1x1,2048
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Fig. 2 Detailed network of the SANet subnet

RIGLat— M ERZM RelU 2, HHEMEHT

PRI TR AFIE, ATRARR R
S=ReLUW,U +b;),Se R*>* | (8)

Hr: wy . b, AERZHSERCGE M E . HER
fEE S Bl ABINAL)Z N 2L R3] G, 0T Gpant
I F, BEAT U AR {H 43 1] SANet A% HHAFIERIE S,

CANet JEZ i —ME1E LT A RHEE, &5
iyt A R R ) ) — 2 ) A A R A
o B~ CANet A7 A3« 2238 18 53 SR %57 3,
WE 3 fims.

Bl 3 s OFs BRI E T T RRIE Y R 25 45
¥y, @F@73 /R multi_channel 4337 #1 shortcut 43
32, M(x)FT SCo) 2P 4 o squeeze 2 1% H 8 iE
Helt, WHAELHIOBEETE /v N33, Fain
A IEIE AR

T T 2 [ T PO 268 ) it ARF R TR A S, (e [1,2])
LA AR A YIS, 135S, fEJ) CANet MU,
Forh PEFORES PRFR SR S kAN, filnAs g
Py JREBor etk koI GrE, Py SRR A

{kat, ..oy ksl NAIIHE, RRAEIR] Sy HELd squeeze
ZH— B2 BN 2. RelU JZLL M4 i%E4% FC 2
), KA 2048 EFFARAL 2048 /7, ATHEFRN A

2axe 28

C=ReLUWS,, +b.),Ce R T, 9)

Hrr: W b W BRIZNSEREMRE, 22—
ASEL, BRI T 080 i NN AR,
ASCHL =256

FEZMIE S X O, XA mEEE —
A 1x1 BHBFYZ . Sigmoid T BREDZ A4 F- 1434k
2, FETA o/ v AR Ok . HEA
HARRMERZ. &a, Wi M0 2 a2
Bty Mo ECE 7 SO S S()3H53, 193] CANet
Ry R R )

C,=(1+M(x))xS(x) - (10)

LIS Y Sigmoid I BREIS: SEULLE K
O IH—1k R 0 B 1 Z 0], FFRAE % i e Ry A8 55
XAE 230 T8 B N5 O A R 24 Mo RFE
Pl — i B EARAR /N, B, 2R(10)HekE M(x)
551k, AT AR e g e PR AR AR AR ) AL

2.3 HkEH

NFCIT RARZ 53 X T SRR R~ 1 g
73, T PR pR A (RS ) i o L),
— & softmax 1k, J3—~J& triplet #1%%. 255 n
SRNZREUR T =1}, , HIRLI B PRl L={L}, (H:
HLell,n,l), f AFMZERSA, BI&RETE
AR E A (T T = & (T Q= i = T
fpxk(ie[l,Z],ke[l,...,6]) , softmax g E L h

| s |

B 3 CANet M-45#
Fig. 3 Detailed network of the CANet subnet

190628-5



Y THE  https://doi.org/10.12086/0ee.2020.190628

n exp(W, f,)

log——-"+"—-,
i=1 1 exp(W, f,)
b n NIRRT NG, n, RINHETT A
B ID, W, W5 k FIZ ID BIAESEL

XF I 433 256 AERAIE ] & ] triplet 45125

TR S m e PERE . th TAE5ER) —=JedlBEILAII
GRS IR, 2 ECIRE R A SR R
ST BT X HIREASKS , ANH T 457 > B AR
fiEo NP P AZALRE TS, RAIMEREASRBE =02
1% (triplet loss with batch hard mining, TriHard 5
R, BERLEERE PSS RAREERITT N, BT APREE
BERLPEIE K SRR T, A — DI, Bi—
R EAT PXK R T 0 Tt b i dE—iK B R a,
P — IR IEREAR R — A SRt ) SR A L e ]
a H—"N=JtH, XA EREARMAEATRZS
SR BA MR AR S AT, SR IEREA R R
B IOL IEREAS , SRXER SRR AN S5 I 2 SR PRl Bl Y 17
BA . BaeitE a AL B4 — K B R TERHIE S
[ ARR TGRS, SRS S a BERRRIZ(RABORYIE
BEAR p IR BS feils (Beff) B TAREAR g S5 =024
Ko &L HE A a AR ID E RN o« , BT
ID K424 8, W TriHard k358750

! fa—fpuz—min

Ltriplet = PxK ZaerKl:y + n;}ea;xx oy

softmax —

11)

(12)
Forh y JEIOBO SR, Tl oA TR A S
25

3 % I

A S FE CUHKO3!'™ | Market-15011%21 0
DukeMTMC-reI D 4E -7 T 78/ AYSEE: , 4558
R, SHA MR, ASCH PRI EA

-1l

PR SRR R8P o A ST B oA %8 (Rank-1)
V-4 BE¥I{E (mean average precision, mAP){EN1T
NESFUIIT BRI EbR . [, 3mSR s
PERERHERAYE, [T T Re-ranking PEA& 752,

3.1 SEIGURTS
RSB SRS T PyTorch HEARRSERLAY,

{ii F 59~ NVIDIA GEFORCE GTX 1080TI GPU % i)l| 45
AT AR Y, A SCHE TmageNet™ B35 45 1 W11l 2k
ResNet50 MZ8 AL E SR MG 0 3T /4% . XF T
B/ NINGAER, BEHLAEE S e i P A~ S i
T N EZAT N BEFLIE R K 54T NG ZEI 25
Wi, SelillgRBEUR I NS 384x128, SRS HKHE
R p=0.5 HITKF-B, LIS f#H Random Erasing #5
PRGSO TR E I i . FEDBT B, HOEkr
I R/INREE N 384x128 , A SO FH BEBLAES B T 1%
(SGD)HATIAL, whihy 0.9, L IENIALAYALE T A
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Table 2 Comparison of results on Market-1501

Methods Rank-1/%  mAP/% Methods Rank-1/% mAP/%
PCB+RPP! 93.80 81.60 HA-CNN! 91.20 75.70
Spindle!™® 76.90 64.67 Hydraplus-net®®! 91.80
PDC??! 84.14 63.41 DuATME2 91.40 76.60
Part-Aligned®¥ 81.00 63.40 Ours 94.03 82.94
AlignedRelDF" 91.80 79.30 Ours(RK) 94.98 90.27
APREY 87.04 66.89

"RK" refers to implementing re-ranking®®® operation
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FIl HA-CNN 433 E T 2.97%F1 8.37%, #EXA4~ H Al
AP SRS b, B IE T ASOTERIL
e

X T CUHKO3 Hds 4R (it ny mah AL 2%,
CUHKO3-Labeled 3% 7 i T 8 hn i 47 N i1 FHE
CUHKO3-Detected 71 7 DPMEIG I FAE , A Hz
H Y5 77E CUHKO3-Labeled | ) Rank-1 1 mAP ik
F|T 75.36%FH1 71.76%. [T, 7F CUHKO3-Detected
1Y Rank-1 Fl mAP iK% T 73.53%F1 65.91% 73 4MA
F o4 boAl LW % %] CUHKO3-Labeled il
CUHKO3-Detected Z [8] B 22, X 2 LIIEAT
NEBARZ bR NSO RER 2, 58
PA T R R T A 5 0 B A

Top-10 ranking list

o AL RES TS ENE

B4 ATABEGR 10 MHEF 4R
Fig. 4 Top-10 ranking list for some query images

# 3 DukeMTMC-RelD #(#% % %34 R
Table 3 Comparison of results on DukeMTMC-RelD

Methods Rank-1/% mAP/%
PANI'! 71.59 51.51
PCB+RPP!"® 83.30 69.20
APREY 73.92 55.56
HA-CNNZ 80.50 63.80
DuATMP? 81.16 67.73
Ours 84.68 7217

A 4 CUHKO3 #4% & =ab 45 R
Table 4 Comparison of results on CUHK03

Methods

CUHKO03-Labeled CUHKO03-Detected

Rank-1/% mAP/% Rank-1/%  mAP/%

PANI! 36.86 35.03 36.29 34.00

PCB+RPP!"! - - 63.70 57.50
PDCP2 88.70 - 78.29

PANI'! 36.30 34.0 36.90 35.0
Part-Aligned!¥ 68.90 - 65.64

HA-CNN?! 44.40 410 41.70 38.60

Ours 75.36 71.76 73.53 65.91
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3.3 #th5itie

UEA SCBH I =43 3 MR At A Rk,
fIT7E Market-1501 BHE4E Bttt T —RIIA 3L 1%
BEORIEHXT LS, Bl 5 B T &0 AR A
BER . BED IR FL G IR IR, —H
ANy (G)R4Y 3 Partl JRyER 4y S Part2 JRyiR 4 32),
TR A ST AT H R (8R4 SR Partl JR)
WA . AR5 R Part2 JRyiB 47 . Partl JailarsZ
Fl Part2 Ja#Bsr30) o MEIHAT LA A H, — 51,
ST BB S SR A AR L, AR SCR S A 4 S
BITBRREL, . AR 2R 32w, FT NE
ZEWRIR %, Rank-1 il mAP H ik 84.89%F01 69.12%.
TEFAA RS S %S e, Part2 433 1 Partl 43
S AE Rank-1 845 75 2.65% , 7E mAP F545 11 4.81%,
XULIATE—E R B L BEE JR R o B s, A1 A
FEPIRCR R AT . 5y —Jrm, ETARHNZE
PRSI, TG s b Je iR e S
R =0 L H A, W kIR E TR, 5
PR HH I 203 X I A 1 = S Z A E
T, IFHFT LSRG X Z A AHSCH:, I a] LA
W ZESER

FATHE— 2 PPAk 4 s i S Ry E R ) DLA 1
WA, [RIRERYIETE Market-1501 B8 AE HEAT RN [b S
5, SCEREEIRAE 6 s, BENTEL, FEBCA ]
TR U 4R AN Ry 4l A 42 GP 1, Rank-1
1 mAP 539 85.33%7F11 76.40%., TEIEERN FIFEAT]
ANEBENHLH, 456405 GP s [a]F & 1 W 4%
SANet 1] DUf#i5 Rank-1 Fl mAP Z35likF] 89.56%F

84,94

Matching rate/(%)

Global Part1 Part2 Global+Part2 Ours
Global+Part1 Part1+ Part2
-o Rank-1 - mAP
B5 TRE4&ZAe i RE

Fig. 5 Comparison of different branch combination

80.52%, Z5G LM GP FliEE T & )1 M4 CANet 7]
DA% Rank-1 Al mAP 43513k £ 91.07%F1 81.16%, iX
Ut B AR 26 v i A TR B HL R AT AN EE U3 AR
e EA S I B — BT T I 5 0 R G AR
SR A SCHE S B i S AT R 2% A T
HeAsE, ESE T R A N SR R R I 4 R A A S
BUSGHAT NP PERE, LS T 28 AR A
A A AR 8

4 & B

1 TR — LA P e RSB 2 S5
HUOLSE I, A% SCR AR 2 R 25 RIS 1 B LA
ITANERGUESS, BT —MET 20 RKEE N
R U T BB ER . SRR S P
HR VT AL A AV [ s A FH 4 sy B R LI EA AT A
T, A SCHR LRI RS L S
30, 38 PR T WU AR 94T AR
WL, IF S A R A T
A EHFRT TR PR IR, v R
WSO RATRG, I RRGE, (e TR T
PR, ATLAZE AT AR A A AT, 12
S A A R SRR, AT ST G . b
PR RO T A TR B,

AY v
S Rk
[11 Sun R, Fang W, Gao J, et al. Person Re-identification in foggy
weather based on dark channel prior and metric learning[J].
Opto-Electronic Engineering, 2016, 43(12): 142-146.
L, TR, AR BBE AN EF T ERATAFTIRA]. bd
T42,2016, 43(12): 142—-146.

Matching rate/(%)

GP GP+SANet
-*- Rank-1

GP+CANet Ours
- mMAP

6 DLAZRH

Fig. 6 Evaluations on how DLA enhances person re-identification

190628-8



Y THE  https://doi.org/10.12086/0ee.2020.190628

[2]

[3]

[4]

[8]

[6]

[7]

[8]

[9]

[10

(1]

[12]

[13]

[14]

[19]

[16]

[17]

Su C, Zhang S L, Yang F, et al. Attributes driven track-
let-to-tracklet person re-identification using latent prototypes
space mapping[J]. Pattern Recognition, 2017, 66: 4—15.
Matsukawa T, Okabe T, Suzuki E, et al. Hierarchical gaussian
descriptor for person Re-identification[C]//2016 IEEE Confe-
rence on Computer Vision and Pattern Recognition (CVPR), Las
Vegas, NV, USA, 2016: 1363-1372.

Zhao R, Ouyang W L, Wang X G. Person Re-identification by
salience matching[C]//2013 IEEE International Conference on
Computer Vision, Sydney, NSW, Australia, 2013: 2528-2535.
Chen D P, Yuan Z J, Hua G, et al. Similarity learning on an ex-
plicit  polynomial kernel feature map for person
re-identification[C]//2015 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Boston, MA, USA, 2015:
1565-1573.

Sun Y F, Zheng L, Deng W J, et al. SVDNet for pedestrian re-
trieval[C)//2017 IEEE International Conference on Computer Vi-
sion (ICCV), Venice, Italy, 2017: 3820-3828.

Yang X, Wang M, Tao D C. Person Re-identification with metric
learning using privileged information[J]. /EEE Transactions on
Image Processing, 2018, 27(2): 791-805.

Zhang L, Xiang T, Gong S G. Learning a discriminative null
space for person Re-identification[C]//2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas,
NV, USA, 2016: 1239-1248.

Liu H, Peng L, Wen J W. Multi-occluded pedestrian real-time
detection algorithm based on preprocessing R-FCN[J]. Op-
to-Electronic Engineering, 2019, 46(9): 180606.

XAHE, B, Meth. AT R-FCN #9 % 84547 A S aT4em 5
E[J]. Ad A2, 2019, 46(9): 180606.

Krizhevsky A, Sutskever I, Hinton G E. ImageNet classification
with deep convolutional neural networks[C]//Proceedings of the
25th International Conference on Neural Information Processing
System, Red Hook, NY, United States, 2012, 25: 1097—-1105.

Li W, Zhao R, Xiao T, et al. DeepRelD: deep filter pairing neural
network for person Re-identification[C]//2014 IEEE Conference
on Computer Vision and Pattern Recognition, Columbus, OH,
USA, 2014: 152-159.

Zheng L, Shen L Y, Tian L, et al. Scalable person
Re-identification: a benchmark[C]//2015 IEEE International
Conference on Computer Vision (ICCV), Santiago, Chile, 2015:
1116-1124.

Zheng Z D, Zheng L, Yang Y. Unlabeled samples generated by
GAN improve the person Re-identification baseline in Vi-
tro[C)//2017 IEEE International Conference on Computer Vision
(ICCV), Venice, ltaly, 2017: 3774-3782.

Sudowe P, Spitzer H, Leibe B. Person attribute recognition with a
jointly-trained holistic CNN model[C]//2015 IEEE International
Conference on Computer Vision Workshop (ICCVW), Santiago,
Chile, 2015: 329-337.

Cheng D Q, Tang S X, Feng C C, et al. Extended HOG-CLBC for
pedstrain detection[J]. Opto-Electronic Engineering, 2018, 45(8):
180111.

F21R3R, B4, BRR, F. #it4 HOG-CLBC T AMM 7
&[J]. Ad A2, 2018, 45(8): 180111.

Zhao H Y, Tian M Q, Sun S Y, et al. Spindle net: person
Re-identification with human body region guided feature de-
composition and fusion[C]//2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Honolulu, HI, USA,
2017: 907-915.

Wei L H, Zhang S L, Yao H T, et al. GLAD: global-local-alignment
descriptor for pedestrian retrieval[C)//Proceedings of the 25th

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

[31]

(32]

(33]

190628-9

ACM International Conference on Multimedia,
Mountain View, USA, 2017: 420-428.

Sun Y F, Zheng L, Yang Y, et al. Beyond part models: person
retrieval with refined part pooling[Z]. arXiv:1711.09349[cs:CV],
2017.

Zheng Z D, Zheng L, Yang Y. Pedestrian alignment network for
large-scale person Re-identification[J]. /EEE Transactions on
Circuits and Systems for Video Technology, 2019, 29(10):
3037-3045.

Cheng D, Gong Y H, Zhou S P, et al. Person Re-identification by
multi-channel parts-based CNN with improved ftriplet loss func-
tion[C]//2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Las Vegas, NV, USA, 2016: 1335-1344.
Zheng L, Huang Y J, Lu H C, et al. Pose-invariant embedding for
deep person Re-identification[J]. IEEE Transactions on Image
Processing, 2019, 28(9): 4500—4509.

Su C, Li J N, Zhang S L, et al. Pose-driven deep convolutional
model for person Re-identification[C]//2017 IEEE International
Conference on Computer Vision (ICCV), Venice, Italy, 2017:
3980-3989.

Li D W, Chen X T, Zhang Z, et al. Learning deep context-aware
features over body and latent parts for person
Re-identification[C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Honolulu, HI, USA, 2017:
7398-7407.

Zhao L M, Li X, Zhuang Y T, et al. Deeply-learned part-aligned
representations for person Re-identification[C)//2017 IEEE In-
ternational Conference on Computer Vision (ICCV), Venice, Italy,
2017: 3239-3248.

Li W, Zhu X T, Gong S G. Harmonious attention network for
person Re-identification[C]//2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Salt Lake City, UT,
USA, 2018: 2285-2294.

Liu X H, Zhao H Y, Tian M Q, et al. HydraPlus-Net: attentive
deep features for pedestrian analysis[C)//2017 IEEE Interna-
tional Conference on Computer Vision (ICCV), Venice, Italy,
2017: 350-359.

Hermans A, Beyer L, Leibe B. In Defense of the triplet loss for
person Re-ldentification[Z]. arXiv: 1703.07737[cs:CV], 2017.
Deng J, Dong W, Socher R, et al. ImageNet: a large-scale hie-
rarchical image database[C]//2009 IEEE Conference on Com-
puter Vision and Pattern Recognition, Miami, FL, USA, 2009:
248-255.

Zhong Z, Zheng L, Cao D L, et al. Re-ranking person
Re-identification with k-reciprocal encoding[C]//2017 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), Honolulu, HI, USA, 2017: 3652—-3661.

Lin Y T, Zheng L, Zheng Z D, et al. Improving person
Re-identification by attribute and identity learning[Z]. arXiv:
1703.07220[cs:CV], 2017.

Zhang X, Luo H, Fan X, et al. AlignedRelD: surpassing hu-
man-level performance in person Re-identification[Z]. arXiv:
1711.08184[cs:CV], 2017.

SiJ L, Zhang H G, Li C G, et al. Dual attention matching network
for context-aware feature sequence based person
Re-identification[C]//2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, Salt Lake City, UT, USA, 2018:
5363-5372.

Felzenszwalb P F, McAllester D A, Ramanan D. A discrimina-
tively trained, multiscale, deformable part model[C]//2008 IEEE
Conference on Computer Vision and Pattern Recognition, An-
chorage, AK, USA, 2008: 1-8.

California,



Y THE  https://doi.org/10.12086/0ee.2020.190628

Person re-identification by
multi-division attention

Xue Lixia, Zhu Zhengfa, Wang Ronggui, Yang Juan®

College of Computer and Information, Hefei University of Technology, Hefei, Anhui 230009, China

Query Top-10 ranking list

Top-10 ranking list for some query images

Overview: With the popularity of surveillance cameras in public areas, person re-identification has become more and
more important, and has become a core technology in video content retrieval, video surveillance, and intelligent security.
However, in actual application scenarios, due to factors such as camera shooting angle, complex lighting changes, and
changing pedestrian poses, occlusions, clothes, and background clutter in person images. It makes even the same person
target have significant differences in different cameras, which poses a great challenge for person re-identification re-
search. Therefore, in this paper we propose a research method based on deep convolutional networks, which combines
global and local person feature and attention mechanisms to solve the problem of person re-identification. First, unlike
traditional methods, we use ResNet50 network to initially extract person image features with more discriminating abili-
ty. Then, according to the person inherent body structure, the image is divided into several bands in the horizontal di-
rection, and it is input into the local branch of the built-in attention mechanism to extract the person local attention
features. At the same time, the global image is input to the global branch to extract the person global features. Finally,
the person global features and local attention features are fused to calculate the loss function. In the network, in order to
better extract the person local features, we design two local branches to segment the person images into different num-
bers of local area images. With the increase of the number of blocks, the network will learn more detailed and discri-
minative local features in each different local area, and at the same time, it can filter irrelevant information in local im-
ages to a large extent by combining the attention mechanism. Our proposed attention mechanism can make the net-
work focus on the areas that need to be identified. The output person attention features usually have a stronger response
than the non-target areas. Therefore, the attention networks we design include spatial attention networks and channel
attention networks, which complement each other to learn the optimal attention feature, thereby extracting more dis-
criminative local features. Experimental results show that the method proposed in this paper can effectively improve the
performance of person re-identification.
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