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Abstract The imaging factors such as illumination, view, obstruction and noise would bring great changes to pedes-
trian’s appearance under the cross-view condition in person re-identification, then it becomes very difficult to identify
the target from candidates. Using the re-ranking algorithm can optimize the re-identification’s result, but it can make
the task time-consuming and expensive. What’s more,it is easy to introduce the noise during the process of re-ranking,
which in turn affects the accuracy of re-identification. To solve the problem, this paper presented a re-ranking method
based on bidirectional KNN for person re-identification. First,it utilized the pre-training and fine-tuning strategy to ex-
tract the deep features of pedestrian. Then.it choosed an appropriate metric function (XQDA ,KISSME) to measure the
distance of features. Finally,accor-ding to the bidirectional KNN relation between the query and candidates, the Jaccard
distance was calculated and aggregated with the original distance to guide the re-ranking. Experiments on the datasets of
CUHKO03,Market1501 and PRW show that the re-ranking algorithm proposed in this paper can improve the accuracy of
re-identification on the basis of the original method,and the improvements are 12. 2% and 13.4% in the two evaluation
indexes of Rankl and mAP respectively. The experimental data indicates that the re-identification algorithm based on bi-
directional KNN can effectively reduce the probability of noise during the re-ranking,and then improve the accuracy of
re-identification.

Keywords Person re-identification, Re-ranking, Deep feature, Metric learning, Bidirectional KNN
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Table 1  Details of datasets
HAE % ATABE EHELH HEHE B R+ YIS
CUHKO03 1467 10 13164 Vary Hand/DPM
Market1501 1501 6 32217 128 * 64 Hand/DPM
PRW 932 6 34304 Vary Hand
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Part ModeD) B Fi A5 25 77 30,
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6112 L.
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Detected M#EA #E 47, X B HkE T Bow ™, LOMO"/,
eLOMOU!  IDE™ Al SVDP JL# ¢ AF 2 78 7 36 43 0 5 AR 3¢
$2H 13T ResNet50 RRIE SR B 2k E 47 HL AL, H 48— M ik
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Table 2 Results of different feature representation methods

Labeled/ % Detected/ %

Methods
Rankl mAP Rankl mAP
Bow!!'#) 4+ XQDA 7.9 7.3 6.4 6.4
LOMO%) +XQDA 14.8 13.6 12.8 11.5
cLOMO'™ +XQDA 20.6 18.9 16.4 18.1
IDEN +XQDA 21.9 20.0 21.1 19.0
SVD2) 4+ XQDA 30.4 32.8 35.6 33.2
ResNet+ XQDA+ Ours 34.1 33.3 33.7 32.4

MR 2 ] LLE W 40 L T A2 58 89 N TRFAE 7 B Bow,
LOMO Fl eLOMO, A& SC#2 H 9 3 T ResNet By BE FR#AE K I8
P T AT ORI 8 1 6 %, 7E Rankl by B4R E T
26.2%,19.3%,13. 5% 1 27. 3% ,20. 9% ,17. 3%, £ mAP
AR T 26%,19. 7% ,14. 4% 1 26%,20. 9% ,14. 3%,
M 5 255 T R B2 2% ) Y o 31 i 5 ¥ IDE M1 SVD A L, A 307
W B T RS Y 45 5 L 7E Rankl Al mAP #8545 F4rRI4R & T
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Table 3 Experiments on CUHKO03

Labeled/ % Detected/ %
Methods

Rank1 mAP Rank1 mAP
Bow '®!+XQDA 7.9 7.3 6.4 6.4
Bow+ XQDA+ Ours 8.3 9.6 6.3 6.8
LOMO! +XQDA 14.8 13.6 12.8 11.5
LOMO+XQDA+ Ours 17.1 20.8 14.6 15.8
IDEMY) +XQDA 21.9 20.0 21.1 19.0
IDE-+XQDA+ Ours 23.9 24.8 23.4 20.9
eLOMO™) + XQDA 20.6 18.9 16.4 18.1
eLOMOL™) - XQDA+Ours ~ 22.1 19.9 16.8 21.2
SVDIY £ XQDA 30,4 32.8 35.6 33.2
SVD"*) +XQDA+ Ours 33.1 33.3 35.8 35.3
CRAFTM2 +XQDA 13.5 10. 2 12.9 41.7
CRAFTI'? £ XQDA+Ours ~ 43.8 41.1 45.6 44.3
ResNet+ XQDA 32.0 29.6 31. 1 28.2
ResNet+ XQDA+ Ours 34.1 33.3 33.7 32.4

MZE 3 R LI, Bk JLA AT N0 O ik 4 ad ST
W KNN R M EHE 7 Bk b G, 45 R s 7 — & /2
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FhOT L ARAS RO B A SIS T 2.3%.7.2%,1. 8%,
403U 2.1%.3. 7% .2, 6% 4. 2% 4R T, b AT L, AR S
P2 H Y 3 F 00 KNIN 2G5 19 31 HE P 550 3 T DAFE JRE o vk 1Y) 3k
Tt I3k — 25 #2347 AP A MR 2R
3.3 7£ Market1501 Y536

X T Market1501 048 45 . TERAAE R m I vk AR T
BOW,LOMO,IDE,CRAFT! DL}z 4% 3¢ #2 H: 9 3 T ResNet
PR BERAAE . 7EBE R J7 15 L BR T XQDA 4b, FATiE 8 m 1
— b BT KISSME™", B A9 2 50 UE7E A [l 1 B 2 07 ik F
A% SCHR MR TR B R AR AN i HE R SR AT T LU AN B I A 2R
FAb R T HE— 2 B E SE T R KNN SCR M EHEF Bk
PR R FRATTH A S0 vk 5 H fib L AP 8 HE R 5 1 AQE™,
CDM™ ,SCAPY L) Jr ECNI 4y Bl3lEAT T Hode . 296 45 - 4
4 FiA,
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Table 4 Experiments on Market1501

Method Rankl/% mAP/%
Bow -+ KISSME!! 42.90 19. 41
Bow-+KISSME+ Ours 43.47 23. 44
Bow+XQDA 41.39 19.72
Bow+ XQDA -+ Ours 42.52 22.98
LOMO+ KISSMELS] 41.12 19.02
LOMO+ KISSME+ Ours 42.24 24.14
LOMO+XQDA 43.56 22. 44
LOMO+XQDA+ Ours 44.24 30. 12
IDE+ KISSME 58.61 34.67
IDE+ KISSME+ Ours 61.82 45.78
IDE+ XQDA 58.33 34,67
IDE+ XQDA + Ours 61.43 46.87
CRAFT!?) + KISSME 69. 33 50. 45
CRAFT+KISSME+ Ours  72.34 53. 46
CRAFT+XQDA 74.89 60. 21
CRAFT+ XQDA+ Ours 77.64 61.07
ResNet+ AQE?2 73. 20 50. 14
ResNet+CDM!? 73.66 19.53
ResNet+SCA? 74.68 59. 21
ResNet+ ECN? 77.32 57.88
ResNet+ Ours 75.84 59. 56

S A R R WL X TR F A B i % (XQDA I
KISSME) , A% 3C 2 i 19 VR B 7 AiF LA B T HE 17 S 05 #B AT T
REMRCR . AR O ik B4R 7 TE 7€ Rankl Al mAP # 4
febr LA T i . 3 Ah, S LR B HE P Sk AR LG T
27 M I AQE, CDM, SCA 43 %] 76 Rankl #§ #5 F %5 i
2.64%,2.18% M 1.16 %, B AR BE AR T ECN,{H7E mAP 5 #7
e ECN & T 1. 68% . M 5 . 78 5B (9 JL D 3% + & HE
JFBAT N BN D5 i b AR SO B B RSB ISR )

3.4 7% PRW LERysiig

PRW J& — il 3 T ity 31 it 455 20 1 4088 4, & 53 T EMR K
PR 4T NP R B0 SR R — A, 75 2R N AR i i 7 ik
% DPM Kl 25 56 45 47 DA AR rb A D00 O 2 B of , B
SRR SN, B E RS E L, TR RMES
gl .
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Table 5 Experiments on PRW

Method Rankl/% mAP/%
LOMO! 34,91 13.43
eLOMOL™ 50. 72 31.24

IDE1Y! 51.03 25.09
TriNet 20 52.03 30. 21

SVDNett?) 54.23 32.12

csakzn 60. 34 31.54

DML 28 64. 26 34.12
DSFRM2% 67.21 35.57
ResNet -+ XQDA 60. 93 33.51
ResNet+ XQDA+ Ours 65.73 34.28
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