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Unsupervised person re-identification method based on local refinement
multi-branch and global feature sharing
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Abstract: Unsupervised person re-identification was attracted much attention due to its good scalability in real surveillance scenarios.
The existing unsupervised person re-identification methods mainly trained the network by obtaining rough global features through the basic
backbone network, and rarely used local refinement branches and global feature sharing to form more discriminative feature descriptors.
This paper proposed a feature extraction network based on local refinement multi-branch and global feature sharing. The network
combined rough global features and fine features in local refinement branches to obtain diverse feature expressions of person. In addition,
in order to improve the ability of the branch network to capture information of potential key areas, an attention block of channel
refinement information fusion was placed before the branch operation to enhance the network’ s attention to person features and perform
dedicated learning of refined features. The experimental results on Market-1501, DukeMTMC-relD and MSMT17 datasets verified the
effectiveness of the proposed method. The average accuracy (mAP) was improved by 4.4%, 3.2% and 6.4% respectively, and the
average accuracy on Market-1501 dataset reached 83. 3%.
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SO BRAG T OB PERE . SR, B — Y 2 SRR T RE 2>
AR b U 25 DX I 22, 45 ) i O B A LT 58
b, S B e 2 R
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Fig. 1  Overall network structure diagram
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Fig.2 The refinement of person characteristics
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2.1 BUEEHERMITMNISHR

ARSCAE 3 A KRB H AT A B £ Market-
1501 . DukeMTMC-reID F1 MSMT17 b #47 T — & 5 528
RATAR T35 2% 0 A 0P IE0 5230 25 S 5 H A e i 1Y
ol T NFEIR G R AT e, o, e SR
T NEUR R R a0 1 B,

F1 AEHBEAETLKEE Re-ID EEFHIZGIALR LB IT

Table 1 Training and test data statistics of different datasets in unsupervised Re-ID tasks

SIS pERE) pERSEE Wik 5 1 AR BER BEEHLA S
Market-1501 751 12936 3368 32 668 6
DukeMTMC-relD 702 16 522 2228 36 441 8
MSMT17 1041 32 621 3 060 11 659 126 441 15

Market-1501 4 45 J& th % B AR G 4R R 2E 1 6 A
[FIAHALRAERY 1 501 AT AR IS . %500 530 73 )l
SRAE TN A P38 4%, IR S A5 A B ol 751, 36 F
12 936 5K &5 4R AT N B oy 750, 24 19 732 5K

ESRE

DukeMTMC-relD J& ML 78 K24 P 8 ASAS & 1Y A1
HUOLE s A5 1 404 AT A, IR 8247 A5
702,34 16 522 kG MR EAT A$E o 702, 34
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Fig. 4 MSMT17 dataset person image example diagram
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PIRGIE AP SKAFEHCFBIE R B2 T A st (9)
s o e AP, FoR BB I EIRT I, € R 251
B, BRI R T BE ML i 4R 52 10 IR AR BCF 2
PERE,

> ar,

i=1

mAP =

(9)

2.2 XEWNEE

VSO P E N R GeForce RTX 2080Ti ,CPU
A 4 #% Intel (R) Xeon(R) Silver 4110 CPU @ 2. 10 GHz,
PEYER S M Ubuntu 18. 04 . CUDA10. O F1VR i 2% > HE 41
Pytorchl. 1.0, FEYIZ5Hr, B A~ /NHIE 1 BE A Al 55 256

ik AR 16 MT A SRR, T N ERTALHE R 256 %
128 Fo/In s K b i 5F s SR I % P81 e sk A Bt ML B 2 48
FEEBRERAE s 7R RF LA, 8 DBSCAN Al Jaccard B
Bk A AR A AT IR B k=30 KT
Frp, S 22 1] A B 2 B (B 15 o 0. 6, T R R 2 i
INSEBECBE R 45 5 X LA BB B S Rl
0.05, gl REEN 0. 2; HAL SIS0 B a3 2 iR,
AR SCHITA (1 SE 50 4 7 A i) R R EA T, AR AT A IS
AEEH AR I HEF

ARICFEREA epoch LS HUR T M ATAY mAP {H,
FAEEAR K BL B 50 BT 45 Rank-n 3845 1H, 78
Market-1501 , DukeMTMC-relD H1 MSMT17 %4 £ th 4 |
YRR R 250 A5 3. 63 4. 43 11, 35 h, 30 £ 43 32 Aip
Je BN 2RI AL HL 46 35 3 BEoR , #8 3 AN 4 o
AL 45 F CRIFA ASSH R I T I 45 (4 Y11 2k st ]
TR AL T T % H0 B s 0] 25 24 2] ZRE1R 0 SR 3B 4 4k
FHAE

x2 AEHIEEETEE Re-ID EEFHYIZEMARBIES T

Table 2 Training and test data statistics of different datasets in unsupervised Re-ID tasks

G GPU AR EL EjiRVe 23R A ZH AR RN
Market-1501 1 50 64 0. 000 35 0.1 256
DukeMTMC-relD 1 50 64 0. 000 35 0.1 128
MSMT17 4 50 256 0. 000 05 0.1 1024
F 3 ENSTEREEME 2R E RS L
Table 3 Comparison of training time of each network after adding branch module

YIZRETE] (43 RD) Market-1501 DukeMTMC-RelD MSMT17

£V 3:24.08 4.10.43 10:36:49

R+ R E K 3:33.25 4:19:46 11:03:20

SR+ R4 4y +CRIFA 3:38:16 42602 11:21:04
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2.3 fEEEXTEELE

4 PRIR T TR 53 TTIEAE 3 AU
P PEREXT LU B , BRAE R AR SO WA T A 207 1k,
P EME T HL 7 E mAP [E 4R T T 4.4% .

3.2% .6.4% ,Rank-1 {H3M#EFAT 1.9% .2.0% .1.2%),
F TR TG B RRAE 22 > b R 247 3 2 [ i B AME
FITFIE R 52 2 59 47 N s, 5 Bh 3 28 I 4% $2 T 4% {k
PERE

R4 EFRBBEPHBEELLRBER

Table 4 Accuracy comparison experimental results in different datasets (%)
Market-1501 DukeMTMC-relD MSMT17
Methods
mAP R-1 R-5 R-10 mAP R-5 R-10 mAP R-1 R-5 R-10
Baseline 78.9 91.4 96. 1 97.3 68.9 82.6 90. 6 92.7 21.0 47.2 58.6 63.8
Ours 83.3 93.3 97.4 98.5 72.1 84.6 91.9 94.0 27.4 58.4 69.0 73.3
2.4 HRESKI HRLEE (R R TP T S R R AER R, ik A CRIFA £

RS U ST ¥R A RS AE A /N HE Market-
1501 Bt 1P Rl mh S g o SCER[ 9 ] AE SR AR R
FZE (baseline ) 4%, AEXF L3256 19 S K058 BRI 250K
W& S HARREA R, SCs g SRR 5 PR,

X HFELR P A 2 2] B — IR I 2 Jm o3 3, 85 B &2 )R
SR 2 0 32 2) 1Y Ours] BERY K mAP 1 R-1 43513k
F| 81.4% .92. 3% , AHE T REL M 4 il F T 2.5% .
0. 9% , B 257 i B W 2827 2] 47 N EMER A AT 1Y

%5

YL 245 T MR (Ours2) AHEE T Ours] $27H T 1. 9%
(mAP) F1 1. 0% ( Rank-1) , UEAH CRIFA H5k BE %A %50
BR 22 0 SIS PR AT AR AR AR (Y BE T, R L BB 2 )
FHAF T HMAT N5 8 53 M 25 3E 17 x4
L, FER 48 R AT R AL ) 243 32 2% ) J5 , mAP il R-1
WZGRE] T 83.3% 93. 3% ,FHHE T I WM 45 4 42T+ T
4.4% 1.9% ,KAE T FTHE 7 ik i sk

HELSCI AR

Table 5 Results of ablation experiments

(%)

Methods Global Local multi-branches CRIFA mAP R-1 R-5 R-10
Baseline vV 78.9 91.4 9. 1 97.3
Oursl vV V 81.4 92.3 97.3 98.0
Ours2 Y vV vV 83.3 93.3 97. 4 98.5

FAN , RERFE CRIFA F5EH A W] J& 3 £ 43 S 2 1Rl
FHXT 4614 RE A E ), AR SCTE Market-1501 5040 48 R T
TR, SRR AR SR 4 R 4 S f-g I TR ORTF]
BT 2 57 3 (f-pl f-p2 f-p3  f-pd) R & T 4% Ml F A5
RIVERE e A0 RS W oy CHE L, XTSI A Rk 6
FiR

SyHTE 6 l1E .

1) Xt AL 4R 0 3 f-g (R FEER 4% R4 5 £-g FlI
BERIEEIIE R n(n BU1.2.3 . 4) &0 1Y = 3R IE 23 3¢
J& S E S T e A R AR BE A B TR, UE B AR SO
4 JRy-JR R o S B A5 R AT BRI TR B R 5 A R
FRIE 22 (6] B B M | DR I 2 > 3 TR T 3 AT N30 1
FIURNE B BT LA REA T Tt

2)XFELAE 1) W E T, EARFE S XM 45 i CRIFA
BEH T M 4 PERE . & B CRIFA Bk fEA% JE— 45 b
T S M A RE , A S5l B A4k )5 10 JR 3 20 S
AT N B HFAE , £ 5 TR R AT,

3) MR AU Z R S (RUIMAE 21 3 5, K3
X SRR D) 43 (A ORG 20, SRR RE R A I R R, 16

W3 TRE A U 3 (4 224 Jm B8 B i) 45 2 1l d S A
FEUFE R AR TUA, IS ARMERT 3R 27 T A S 51 45 1IE

4) X%t bR T A WS BT TERE  f-g 535N CRIFA
FEHRY 22 53 32 (f-pl +{-p2 +1-p3) HR G 7 > B9 BT el
FWPRE AN | A 199 73 FURE AT 28000 DG TE BE A% o7 ) B A
[7] 7K - DX 3l ) e B 40 1) 98 AL R AT, 355 1 C M 1Y)
ZEARAT AR I MERE

F 6 ITLEAEMEIZ TR S BE R N0 A 25 R
Table 6 Comparing the effects of different network

designs on model performance (%)
[SES>aan mAP R-1 R-5 R-10
f-g 78.9 91.4 96. 1 97.3
f-g+f-pl+f-p2 8.9  93.0 96.9 98.0
f-g+f-p1 +f-p2+CRIFA 83.0 933 97.3 983
fog+-pl+f-p2+f-p3 8.4 923 97.3 98.0
f-g+f-pl+f-p2+f-p3+CRIFA  83.3  93.3  97.4 98.5
f-g+f-pl +H-p2+f-p3+f-pd 80.7 92.3  96.8 97.8
f-g+-pl+f-p2+f-p3+-p4+CRIFA  81.7 92,4  97.1  97.8

2.5 TFIHExTEE

ARSI i AE Market-1501 Bda 5 B $5 3 fi47 Ak
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Fig. 5 Visualization results on the Market-1501 dataset
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Table 7 Comparison with other advanced unsupervised person re-identification methods (%)
Methods Market-1501 DukeMTMC-relD MSMT17

mAP R-1 R-5 R-10 mAP R-1 R-5 R-10 mAP R-1 R-5 R-10
MMCL®) 45.5 80.3 89.4 92.3 40.2 65.2 75.9 80.0 11.2 35.4 44. 8 49. 8
Ref. [ 14] 54. 4 82.2 89.9 92.6 47.2 69.9 79.7 82.2 13.3 41.4 53.6 58.7
JVTC+[15] 47.5 79.5 89.2 91.9 50.7 74. 6 82.9 85.3 17.3 43.1 53.8 59.4
ACAN!!0) 50.6 73.3 87.6 91.8 46.6 65.1 80.6 85.1 11.2 27.1 40.9 47.3

Her!'7 56.4 80.0 91.6 95.2 50.7 69. 6 83.4 87.4 - - = -

DSCE[ '] 61.7 83.9 9.3 - 53.8 73.8 84.2 - 15.5 35.2 48.3 -
MLCH?) 66.2 86.7 93.5 95.6 52.3 73.6 82.3 85.5 12.7 39.2 49.4 53.9
jeeL 66. 8 87.3 93.5 95.5 62.8 82.9 87.1 88.5 21.3 45.7 58.6 64.5
st 72.9 89.5 95.2 97.0 64. 4 80.0 89.0 91.6 18. 6 45.7 57.7 62.8
SpCLm 73. 1 88. 1 95.1 97.0 65.3 81.2 90.3 92.2 19.1 42.3 55.6 61.2

c*AB 77.0 90.0 96. 3 97.6 67.0 81.2 90.3 92.6 - - - -
Hep?! 78. 1 91.1 96. 4 97.7 65.6 79.8 88.6 91.6 26.9 53.7 65.3 70.2
Baseline®’ 79.2 92.3 96. 6 97.8 69. 1 82.7 91.1 93.5 21.0 47.2 58.6 63.8
CACL ™! 80.9 92.7 97.4 98.5 69.6 82.6 91.2 93.8 23.0 48.9 61.2 66. 4
Ref. [ 23] 81.7 92.4 97.4 98. 1 69.0 82.9 90.9 93.0 24.6 50.2 61.4 65.7
Ours 83.3 93.3 97.4 98.5 72.1 84.6 91.9 94.0 27.4 58.4 69.0 73.3
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