W E oM TENMRARSEZRE Vol.32 No.9

2022 49 H COMPUTER TECHNOLOGY AND DEVELOPMENT Sep. 2022

ETXTEENEXNRESEFIIMNHITAZIRF

/I.\:ﬁ,ﬁe‘l,g %I,ZIT_Q .,2’6[3 /‘j’:}]
(1. 2B XF TRAFE TRPR S L¥L 243032;
2. B K EAF R LR B 210023)

B B AT AT R —F 7 AR R B4 TR DG e A B AR T tof DG i i e o HH LAY AR TR AT BIL ML A BB DA AT A
B A IO IR R 5 DR 4G B B ST AT AR MR i i, B G A LR A 00 AR A, H T 22 W o W TR ATE 5 5 B0ET
SHERER EE T RERIAE MG, 454 AEXTFRAY JC I B 1 2% 2] J7 % UAML ( Unsupervised Asymmetric Metric
Learning ) I 1] 43415 43 Ay L 240 PRURIRY s 400 ] SH S 00 ] 48 BB S AT A s R ] 55 400 BT R G R 1 A 1 B A 4
TS, FRl i K-means 8¢, KL (Kullback - Leibler) U X HBEATO0AL , 30REAS 2 (14 25 (B BEAS BA A0 7] 3 A K 42
MR RIE, EHIETE VIPeR ¥t 45 . CUHKO1 B 4  Market— 1501 B4 4 b 47 T 9280 03k, 4 A B3] DU e ith £&
(Cumulative Match Characteristic, CMC) \Rank—1 5 B F1F-340K5 B2 i 26 S5 e pr ol fir e Jvk bk . 0P Bk-1 S B AE AR TR
Bl 43 kB T 40.25% ,56.6% /58.09% 61.67% , %5 1% B it JC M AR XS FR BE B ) RS & KL WORE ke ifk—
AT ANTFRGN D IR AT AL TS STI AT HBOR B UE Ty TR A8 3 | 45 SR 2R WA e A7 AT 0 o B T AR

HIKEEE
SKSBIA OB 2R ) AR XIR ; B dE 2 ) KL WO s AT A R
FES%ES . TP391 XERARINES A T EHRS1673-629X(2022)09-0126-08

doi:10.3969/]j. issn. 1673-629X. 2022. 09. 020

Unsupervised Asymmetric Metric Learning for Person
Re-identification Optimization

JIANG Yu-yan' ,LYU Wei',LI Ping’,SHAO Jin'
(1. School of Management Science and Engineering, Anhui University of Technology,Ma’ anshan 243032, China;

2. School of Computer Science,Nanjing University of Posts and Telecommunications , Nanjing 210023, China)

Abstract ; Person re—recognition is a technology of similarity matching for different views of the same pedestrian. In the process of
matching , different cameras,camera angles, pedestrian posture, illumination and obstacles are combined with metric learning to measure
the similarity. With the change of external conditions,some information may be lost due to the neglect of specific view features,and the
view may show different distribution. Combined with the unsupervised asymmetric metric learning (UAML) , the view distribution is
divided into shared view and specific view. Shared view extracts shared features, specific view extracts features associated with view and
projects them into common subspace. Then K—means and Kullback—Leibler (KL ) divergence are used to optimize the view distribution.
The subspace samples obtained in this way have the same distribution and comprehensive representation. The method was tested on
VIPeR data set, CUHKOI data set and Market—1501 data set,and the performance of the algorithm was measured by cumulative match
characteristic (CMC) ,rank—1 precision and average precision curve. The accuracy of rank-1 is 40.25% ,56.6% / 58.09% ,61.67%
respectively. The unsupervised asymmetric metric learning method combined with KL divergence is used to further optimize the
pedestrian re recognition method. The effectiveness of the method is verified through the comparison of experiments. The results show
that the proposed method has better recognition accuracy in person re—recognition application.
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