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Abstract Person Re-Identification (Re-ID) focuses on identifying the same person among disjoint
camera views. This task is highly challenging, especially when there exists only several images per
person in the database. Aiming at the problem of insufficient number of person images in person re-
identification dataset, a method that generates extra training data from the original dataset is
proposed. There are two challenges in this work, one is how to get more training data from the
original training set, and the other is how to deal with these newly generated training data. The deep
convolutional generative adversarial network is used to generate extra unlabeled person images and
label smoothing regularization is used to process these newly generated unlabeled person images. In
order to further improve the accuracy of person re-identification, a new unsupervised reranking
framework is proposed. This framework neither requires to recalculate a new sorted list for each image
pairs nor requires any human interaction or label information. Experiments on the datasets Market-
1501, CUHKO03, and DukeMTMC-relD verify the effectiveness of the proposed method.
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Fig. 1 Pedestrian image pairs of public datasets
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Fig. 2 The whole framework of the method
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Fig. 3 Network training framework with generated image
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Fig. 4 Influence of parameter N on Re-ID performance on Market1501 dataset
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Fig. 5 Influence of parameter M on Re-ID performance on Market1501 dataset
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Fig. 8 Generated images of DukeMTMC-relD
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Table 1 Impact of the Number of Generated Images on
Person Re-identification

F1 ERERBEES RelD HEEH 0

Gan Image Rank-1 mAP
0 0.799 3 0.5877
6000 0.8005 0.5891
12000 0.8115 0.5938
18000 0.8109 0.5883
24000 0.794 8 0.568 3

3.5 HREFFEMNMLIT Re-ID T4 &8 B B

£ 2~5 R T A X%k Market-1501,
CUHKO3 #l DukeMTMC-relD #E ££ I ) 52 56 45
RAEFTA R LSR ARG A AT A= i &
hsrerank FRERTE D 219 [] 4 1] 7 441 Ji 3 40 o HF 7
BRAE N AT DUE 9l A 0l R 2 5l 2,
SO W G S T AR SC Y JE UE 7 75 Resnet50: 7E
Market-1501 # #i& I Single Query 5 Multiple Query
THOLT s Rank-1 23 5 4& 71 17 1,229 #10.66 20 » mAP
S TET 0.61% F1 1.48% (K 2 FTR) ;s 1E
CUHKO3 % £E Single-shot 5 multi-shot 1§# T ,

Rank-1 205427+ T 2.97 % A1 0.51% , mAP 43 51 42
F+T 2.32% A1 0.70% (40 3. F 4 From); fE
DukeMTMC-relD ¥ ¥ I, Rank-1 Fil mAP 4 %
PETHT 1.22% R 0.64% (N 5 Fra). X RATA
DLERARF B LA T v LS AT N B R S 512k
JE BWA LR R T BRI — 8 A SCRE Lk 1

Table 2 Performance Comparison on the Market-1501 Dataset

& 2 7 Market-1501 IR & F R RELL 4%

Single Query Multiple Query

Methods
Rank-1 mAP Rank-1 mAP
Bow! " 0.3438  0.1410  0.4264  0.1947
MR CNNE24J 0.4558  0.2611  0.5659  0.3236
DNSlz0] 0.5543  0.2987  0.7156  0.4603
Gated-SCNN{2! 0.6588  0.3955  0.7604  0.4845
SOMAnet!2?! 0.7387  0.4789  0.8129  0.5698
Verif.-Tdentift2!! 0.7951  0.5987  0.8584  0.7033
ResNet50 0.7993  0.5877  0.8702  0.6844
DeepTransfer 26 0.8370  0.6550  0.8960  0.7380
Ours+LSR 0.8115 0.5938 0.8768  0.6992
Ours+LSR+rerank  0.8501  0.7533  0.8970  0.8286

Table 3 Performance Comparison on the CUHKO03 Dataset
Under single-shot Setting
% 3 single-shot 1§ T & # /5 7% 7 CUHKO03

HiEE LRER

Methods Rank-1 Rank-5 Rank-10 mAP

KISSME!?"] 0.1170  0.3300  0.4800

DeepReID!8] 0.1990  0.4930  0.6470
CaffeNet 28] 0.3580  0.6530  0.7796  0.4260
VGG16L29) 0.4910  0.7840  0.8720  0.5570

SOMAnet-22] 0.7240  0.9210  0.9580
ResNet50 0.7053  0.9157  0.9594  0.7529
Ours+LSR 0.7350  0.9224  0.9604  0.7761
Ours+LSR-+rerank  0.7895  0.9176  0.9430  0.8177

Table 4 Performance Comparison on the CUHK03 Dataset
Under multi-shot Setting
% 4 multi-short 152 T CUHKO3 ##E & By BE L 32

Methods Rank-1 Rank-5 Rank-10 mAP
CaffeNet[28] 0.4330  0.6350  0.7680  0.3720
VGG16L29 0.5880  0.8020  0.8730  0.5100

Gated-SCNNL2! 0.6810  0.8810  0.9460  0.5880

ResNet50 0.7957  0.8974  0.9411 0.7415

Ours+LSR 0.8008  0.9085  0.9451  0.7485
Ours+LSR+rerank  0.8760  0.9106  0.9380  0.8746
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Table 5 Performance Comparison on the DukeMTMC-relD

Dataset
£ 5 DukeMTMC-relD % 4E & F 914 88 tb 8%
Methods Rank-1 mAP
BOW +KISSMEL] 0.2513 0.1217
LOMO+XQDA!2] 0.3075 0.1704
Q)& 0.6810 0.4740
TriNet3!] 0.724 4 0.5350
ResNet50 0.6925 0.4928
Ours+LSR 0.7047 0.499 2
Ours+ LSR+rerank 0.764 4 0.6759

DukeMTMC-relD 45 4E H 12000 5K K5 & 7>k
1B Market-1501 YIIZRE a9 4 A A,

M 6 FTLAFE H . A 12000 58 DukeM TMC-
relD HURE T W ELE 2 51 4 B) T 5
P IE Ak, Bl T AT N EE U A R AR R H2R A
DCGAN A= 51 B v 2 5 I 9k BUAs: 1 28 58 S 4

Table 6 Impact of Generated Images and Real Images on

Person Re-identification

x6 £REREEXEAMITAZERAERENZE

Image Rank-1 mAP

0 0.799 3 0.5877
DukeMTMC-relD-Real-12000 0.804 6 0.5840
Market-1501-GAN-12000 0.8115 0.5938

3.6 WRIESTEHF XS Re-ID tEBE R B

MF 2~5 Hal LI 90 i AR E HE Pl LAY
RO AT N U Y 1 RE < 7E Market-1501 %40
£ Single Query E#H T . Rank-1 1 mAP 43 5 $& J
T 3.86% H1 16 % , Multiple Query % . F s Rank-1
M mAP 4rHI$ETHT 2.02 081 12.94 % ;75 CUHKO3
B single-short LT Rank-1 Al mAP 43 #&
F+T 5.45% 1 4.16 % , multi-short 1§ L T Rank-1
mAP 4354 T+ T 75226 F1 12.61% ; 7 DukeMTMC-
relD %0324 | Rank-1 #1 mAP 454 FH T 5.97%
M 17.67%.

ARSI K J ST A0 F R P O i A0 H R 2 Rl AT
O R O A L A, 3 2 b R R O s 40 0 Sl
E)ﬁ_tTjC{Ef( {ﬁiﬁﬂ?[h (Sparse contextual activa-
tion, SCA), k& H. 4B & HE 5" (k-reciprocal, k-r).
SCA J# 7% J8 1T 307 a] Hh i i ff o I B, it
— /N b ST Y R AR ) R X 1R R BE AT S
it ker MR dE A & 52T 40 D7 vk A AR 1 5t 0 DL i 19
D B Je Ko TR PG B 8 R AN IR B g n SOk X R I R
PEATE AR . 7 R T AE Market-1501, CUHKO3
1 DukeMTMC-relD X 3 /% #f8 5 1 9 J|& T 48
HEFF J7 3k A0 HA 2 b oo E 5 HE 7 J7 04 B S 06 U 4G
RN 7 AT DU AR SCHE Y A 4 e 1T 4R R
T5 i & Rank-1 48 b5 if J2 mAP f8 AR #Z 1L |
W 2 Fh R R B

Table 7 Comparison of Various Reranking Methods

®7 TEEHFFEOLLLR

Market-1501 CUHKO03 DukeMTMC-relD
Methods

Rank-1 mAP Rank-1 mAP Rank-1 mAP
ResNet-50 0.799 3 0.5877 0.7053 0.7529 0.6925 0.492 8
Ours+ LSR 0.8115 0.5938 0.7350 0.776 1 0.704 7 0.499 2
Ours+ LSR-+SCA 0.8311 0.7401 0.7500 0.8019 0.7387 0.6527
Ours+LSR+k-r 0.8381 0.7454 0.7609 0.804 4 0.7451 0.6618
Ours+ LSRR+ rerank 0.8501 0.7533 0.7895 0.8177 0.764 4 0.6759
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Z 5195 F R AR % F W 1E 046 75 7k ok [ i )1 25
A A 5 S PR R e s A Oy 7R R R o
FIAEZHEE O TR ERRAEE R 31T

IR A 5 A P R S 50 3R I I T Ik R AR T AT
NFEPUIERE. AL I AL b AR SCHE— B4R 1 T T
Fr NFE RN 7 1 FHE Y O i —— 0 R AR E T
TIE T ERYE 2 A HEF 5 3R AT & AT 4 Y £
K 2 ARSI R Z A BB R, TR T
— X P& ) HE P 90 2l i A DE R T 1 SE 5 R
J7 U AR HE P J7 85 A S 4 i vk e 3R BE L fiE S 4
Mo T AT AN E TR P BB AS SCRT il 1 3R T ik A
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