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Asymmetric metric learning approach based on distribution constraints
for unsupervised person re-identification

LIU Yue, ZOU Guo-feng', CHEN Gui-zhen, ZHAI Wen-zhe, GAO Ming-liang
(School of Electrical and Electronic Engineering, Shandong University of Technology, Zibo 255049, China)

Abstract: In unsupervised person re-identification, to solve the problem that the traditional asymmetric metric learning
method cannot overcome the difference of data distribution from different views, an asymmetric metric learning
approach based on distribution constraints for unsupervised person re-identification is proposed in this paper. First,
JSTL technology is used to pre-train the feature extraction network to obtain a robust feature representation. Then, the
asymmetric metric learning method based on distribution constraints is proposed. By introducing distribution constraints
into the traditional asymmetric metric learning objective function, this method not only realizes the asymmetric feature
transformation of person images from different camera views, but also effectively overcomes the problem of low
recognition accuracy caused by the difference of person data distribution. Finally, the objective function is optimized by
using the gradient descent method, and the optimal measure matrix is obtained by solving the generalized eigenvalue
problem. Experiments are implemented on Market and Duke datasets, and the results show that the rank1 value of the
algorithm is 57.01% and 32.32%, the MAP value is 27.91% and 16.00%, respectively, and the recognition performance
of the algorithm is significantly improved compared with the traditional asymmetric metric learning algorithm.
Keywords: person re-identification; unsupervised;feature transformation; asymmetric metric learning; distribution
constraints; feature space
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oK, SRS, S AR AR RIS, FrAFRATE
F& K=500 B}, 53 &AL 24 K=500 B},Market £ Duke

(¥ rank1 {54 57.01% FI 32.32%,rank5 {5 76.07%
1 43.67%,rank10 {E"~ 82.42% F11 47.40%,rank20 {H
k1 87.11% #F11 50.99%,MAP {E>4 27.91% A1 16.00%.
2ok Bk, SEEE5 R rank i MAP (EH —&E
FETt, h T RESELFHY T AR S O SE A 52 0, X
JE BRI AERL D -T2 A, S E5 R AN 2 F.

£2 BEHURIOREAE SR D 4 rank Al MAP (930 (%)
D i Market Duke
rank1 rank5 rank10 rank20 MAP rank1 rank5 rank10 rank20 MAP
64 57.01 76.07 82.42 87.11 2791 32.32 43.67 47.4 50.99 16
62 56.41 76.16 82.13 87.56 27.64 32.09 43.54 47.53 51.26 15.99
60 54.63 73.81 79.87 86.16 26.06 31.87 42.95 46.59 50.31 15.36
58 53.06 72.45 79.07 84.74 24.64 30.75 42.15 46.36 49.78 14.9
56 51.34 71.64 77.94 83.91 23.43 30.03 40.53 44.75 47.76 13.75
54 49.17 69.36 75.83 81.98 21.8 28.64 39.54 43.85 47.71 12.97
52 47.18 67.1 74.58 80.97 20.3 26.3 37.88 41.83 46.59 11.84
50 45.81 66.18 72.83 79.48 19.2 25.04 36.13 40.57 44.97 10.73
48 42.25 61.76 70.19 76.34 16.63 24.37 34.69 39.72 43.72 10.05
46 37.95 58.55 66.45 73.6 14.82 23.34 33.8 38.38 43 9.3
44 36.52 55.29 64.37 72.36 13.97 20.96 31.96 37.12 41.61 8.31
42 33.7 52.08 61.16 69.71 12.56 18.81 30.57 35.19 39.95 7.55
40 32.27 50.98 59.65 67.76 11.73 18.13 28.82 33.21 38.11 6.77

SR EER R, FEFAELERE D BRI rank {E
Al MAP {H 2 Nk % Hit, 24 D hy 64 B} rank {E
F MAP ik 3 5. YHEE4E%EL D 2 64 I, Market
Fl Duke fJ rankl {HN 57.01% FI 32.32%,rank5
{E-H 76.07% #F1 43.67%,rank10 {H N 82.42% A
47.40%,rank20 {E-~ 87.11% A1 50.99%,MAP {H N
27.91% F1 16.00%.

i bk 52 i 2 80 i, Market I Duke 1Y

rank {E Il MAP &84 — & M T+ B8 2l B R 5
PP — B TR EE 2240 o Ry 0.002, $idie 4311 29 A
FUE ZRHU B 0.01, Fedfe R MHRFE 4L D h 64, FEIY
¥ H K 2 500.
322 (RS Sr Br

R T W AE R 4 A 2 RO B AR G S R, AR
SCEFSER R A A TS B, R T T AL, L
LSRN 3 R

x3  ARFEHAWHEmMEE (%)
Fi Market Duke
rank1 rank5 rank10 rank20 MAP rank | rank5 rank10 rank20 MAP
LOMO+LAM 314 - - — 13.1 15.1 — - - 8.56
JSTL+LAM 54.51 73.04 79.57 84.62 26.27 31.82 42.82 46.59 50 15.99
JSTL+DGD 44.49 61.51 71.2 76.8 18.36 29.35 41.35 46.12 49.8 12.17
JSTL+LAM+LCD 57.01 76.07 82.42 87.11 2791 32.32 43.67 47.4 50.99 16




8 # H

5 3 %

F 3 SCHEUERW], R RO A 29 R U F
JEXE AR BE B2 ) op, MERG R4S 2 ] AR T Hop
LAM SR EXFR 547~ J5 5, LCD Sh 8 7 1 4R
T, LOMO S UFRFIE Y J7 V5. X T Market, R 454 4
RIS N E] B AR KA AT AT rank 1, rankS.,
rank10 27 3 NEH S AL A rank20 #1272 NE
R MAP $27F 1 ANF 53 5. XT Duke, 557
AR E H AR rankl, rank5. rank10.

rank20 27+ 1 NE 4 A MAP 5 —E Tt

TE L3 F S 6 T DAAS: i A 437 2 SR G
T NE P B A SETHEA].
3.2.3  XFbgesabr

R T B RS T 43 2 SR AR AR B e > % Sk
WA R, AR 5286 5 Dicl?”, JSTLES | SAERS = Fif
TC B BB A TR HE S0, SER A5 A AR 4 .

R4 SHACHEAT NE I ERRT LR (%)
8 Market Duke
Irik rank1 rank5 rank10 rank20 MAP rank1 rank5 rank10 rank20 MAP
Dick” 50.21 67.2 75.21 82.93 22.68 30.56 40.36 43.22 485 12.5
JSTLE 44.69 64.35 71.23 76.82 18.36 29.35 35.15 40.67 46.6 12.17
SAEP 42.42 62.32 68.51 75.92 16.22 27.21 34.83 39.2 433 11.42
DC-UAML 57.01 76.07 82.42 87.11 27.91 32.32 43.67 474 50.99 16

% 4 SRR W],DC-UAML FEPA b TE i 7
A TR T, HFEEEE: 1558 DC-UAML R
ISTL FRYNZRBEANS 4 28 HEAT I 25, 1538 B A B0
DR B P A R AE R, LU DC-UAML 4
AL ) AE— B R AR A e, MRS ] f) AR AR
R RS B 3L 5 a] v, A It 5248 8] Ao ] L
700 i 2275 380 G AR, T A5 30 DR ) B R R K
5, TEHATRAESCE L AR T, th T8 B2 e 2
FFAE 23 (8] 547 NARRAE A 2011 22 53, 4 s K
ZE RS A R LA BT N R R R AEAE AR e 125 ]
FR A R (DA
48 ®

BEXIAT NGRS . 4048 0 AR A 7] 4 i A4,
SEAT NEBR W BN 2, BT NI A
FR AR SCHR HE — i RE T 2011 20 R A AR X AR e )
T M EAT AT RAITIE. 1% T5 iR X R B oy
IR, GRS R BB A R AT N EHR i 22 1Y
R, BeAb, LEARRIFREE &2 ) EIA K 7 11 40K
T, WL A T A A AT NARAE 1 22 5.
T Market #1 Duke P EE R HEA TS0 00, SLIR 4 R 3R
B, 7 To BT N B R B S 2 A hr g MERE. (HEHR
RE SR D L PRI, )T — LEJE L MR A 8 T P 1Y
fifde, 4 FE ST E AT AT A M R, e
FETHT NEFIPERE.
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