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Discriminative feature learning for unsupervised person re-identification

TANG Jiamin, HAN Hua, HUANG Li, WANG Chunyuan
( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] At present, most supervised learning methods in computer vision are used to address its important branches: Good
results have been achieved in pedestrian recognition, but this kind of method requires manual labeling of training data, especially for
large capacity data sets, manual labeling cost is very high, and it is difficult to obtain data that fully meet paired labeling, so
unsupervised learning has become a mandatory option. In addition, global features pay attention to the discriminant of the spatial
integrity of pedestrian features, while local features help to highlight the discriminant of features in different parts. Therefore, based
on the unsupervised learning framework of global and local features, the global loss function and local repulsive loss function are
used to jointly learn discriminant features, and the relationship between resnet—50 convolutional neural network (CNN) and each
sample is jointly optimized to realize the pedestrian recognition. A large number of experimental data verify the advantages of the
proposed method in solving the pedestrian recognition task.
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Fig. 1 Person re—identification in non—overlapping area

monitoring network

FT NS B , I P SMIF 5T 14 2 8 g o
KT T A PIRE B 5T N TR HER IR 94T AR
PUTT  A T IRE 2 T AT AR BTk, & T
T AF A4 T A TE R 05 3 8 oy W 43 4
B RIS EOCRAR LI B et RRAIE B R T R
Pt H LA AR 58 DX 430 7 P 9 AR AiE 28R ) 5 A
AR ek 5 BT AR AT A o] A i k] ) AR L
PEATEONF . LT IR L2 > BOAT A TR B0 1 0 2 45
X PRI A — B LA R TR

T NEBUNFIE B TR Z 0 75 A B 24~
B R MBS B R B A BUE T AR R 45
R RIS PR 2 B 0 T AR SR BEARAR K5 1
B 2 2] TR BAA MR T hn 26, il ad & B —
SUBTE BRI B , T LIS A IR Z N 1 )
GEUR, PR T A2 3 MR 8 22 ) e, A SCHYBIFSE s 2
FET M 2T 0, AR IBURA PR AR B AR,
2 FHik

TEARTI TAEA {fi F] ResNet—50 1F hy 45 1 /9 2%
(T R4 BIFIE T 2 T IR 2 > RGBT
NEEPUI T —FP A 0 5 A 9 TG B At
2 WK 2 B, XA T ANE R HET AN T R3]
FRFE2E 2T P B 2R T Sy RpEHr 21—, Jf:
HE AL AN T 3, Sk 48 R PR iC B 422 ) B
A HMNPE B R AN TR AE . N4 R T, 42 H

FRF AR 1 2R 2 SR M R X REAS A T 1) 2 SRy
fiE22 2]

SR
fiER K pREL

RIS
fiE K pREL

CNN
backbone
AR IR
fiEA5 5k R KR

B2 &7HERHE
Fig. 2 Framework diagram of this method
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Tab. 1 Description of the datasets

. Train Test
Dataset Cams Identities Images -
Images  images
Market—1501 6 1501 32668 12936 19732
DukeMTMC-relD 8 1404 36411 16522 19 889
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Fig. 4 Cumulative matching characteristic curve ( CMC) of each
algorithm on the Market—1501 dataset
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Fig. 5 Cumulative matching characteristic curve (CMC) of each

1 EEST?@ éljil: ﬁ @J T 59.35 ’ *H iﬁf Ta ﬁ E"J % 7‘5% % algorithm on the DukeMTMC-relID dataset
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Tab. 2 The average precision (mAP) of each algorithm on the Market—1501 and DukeMTMC-relID datasets
Z SR LOMO UMDL PUL TJ-AIDL.  SPGAN  MMFA Ours
TE Market—1501 Z0HE 421 mAP 8.0 20.5 26.5 22.8 27.4 36.02
¥ DukeMTMC-relD $HEHEH) mAP {8 4.8 16.4 23.0 22.3 24.7 40.64

&3 £ Market-1501 HiEERER
Tab. 3 Results of the Market—1501 dataset

Methods Rank -1 Rank - 5 Rank - 10
LOMO 27.2 41.6 49.1
UMDL 34.5 52.6 59.6
PUL 45.5 60.7 66.7
PTGAN 38.4 - 66.1
TJ-AIDL 58.2 74.8 81.1
SPGAN 51.5 70.1 76.8
MMFA 56.7 75.0 81.8
Ours 59.35 80.85 84.06
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Tab. 4 Results of the DukeMTMC-reID dataset

Methods Rank -1 Rank - 5 Rank - 10
LOMO 12.3 21.3 26.6
UMDL 18.5 31.4 37.6
PUL 30.0 43.4 48.5
PTGAN 27.4 - 50.7
TJ-AIDL 44.3 59.6 65.0
SPGAN 41.1 56.6 63.0
MMFA 45.3 59.8 66.3

Ours 55.75 69.62 73.66
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