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BEE AT A5 1 I T, X AT AR
(person re-identification ) £ RAYHFSY , B~ T HAE
Fhos Nz 4 B SENE S AT NFRRBIEAR
AP ZOAE S BURI R I s e i, HETC A 1Y
A3 NN B2 KRBT 73 g B T R R 1 7 A
SETHEE R 2T Ik TERIGRER T, A
AT SR SR U T AR ST, o A7 A $i ik fx
MR ERFAE, 1 Zhao! ' S AR i 32 4k 1Y
LAB Zifa i 7 &1, LA K 128 4 1) R AN AR FRAE A8
('scale invariant feature transform, SIFT) i R4, 10 13
PR S DMERIIE ST 5 DA R AR
7510 x 10 BZ5HG B, A2 R e rp S URAIE . ST
BRL 2 XA R R Al M B g I 11 4 (5 4 Bk i ik
£, 9 Hal i — 4~ 1Al 4% (bag-of-word, BoW) #H , 3
RFT S Oy — 2, A 5T R PERHIE
AT AR AT, T8 PR AR 2 vh 2 AL A, 491 20 S
KL 3 32 HORER B A B AR BILAY ) — A7 AR ik
il SO PR A B — SRR B s a) . F+3)

TAABERA, WRHBEA F, B xR HAE

PEIURFIE IS , 538 1Y I 15 32 1 D7 v AT R DL i
ZOCHEE, me Oy U2 R T S IREE By 2= > iR 5
JE i PR, 38 A B A R AT 23 [ e e 127 i o
A% 180 35 K 2B S , Weinberger ' 45 4 i 7 58 —
Se2p ML BE R ] DT O A T R TR] R R 4
J& (large margin nearest neighbor, LMNN ) 432485 4
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FEdE AR AR Bl ) [ 25 0 vk LAS , — 2Lt
GEH A A% 2 2 Bk, B a0 S 1) 1 AL (sup-
port vector machine, SVM) . SCHK[ 5 ] %4511 25 5
P32 2] —AFEE 1) SVM, F4 A~ I B A5 it H
PSRRI B — AL E i, 53— 5T N2
> FLA XA PEI T3 [ #f1 )4 BT o Liao'® 25 A3 1
i 3k B2 S 5 > #5052 3 — IR ZE 1Y 45 (1]
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PCA) FAT Wi B B4 JR 38 Fisher F1 531 73 A7 47 JBE 42
o YN 1 o v B 158 70 ey e 1
YEJE— AR =, PRt KISSME 2 1ij /5 20 8 4E Rk
HEFT W 4, T SCHRES ] $2 Y 1 A0S 24 2R 43 k2 By
( pairwise constrained component analysis, PCCA) 55
V5 AL o) — AR WU s K, HETTRESS B AR
ARG LR SCRRL ) it — 24 H RIS 1 =5 18]
P 07 AT IR, BRIV IE DAk F) SO 24 o3k 3
(regularized pairwise constrained component analysis,
rPCCA) ™ A% J5y 3 2% & /K H4 511 43 7 (kernel local
Fisher discriminant analysis, kLFDA)!")

BRI 2 ) I VAR T e A 2 1Tz
AIBFFE M T, I 2014 AFRJF R AN DIFFTE S 1 2
TREE A S EATAT NN Y 532 . Ahmed S5 7E
SCHRL10 Jr g iy 1 — b IR J2= A4 R 22 ) 2% (CNN)
GEHE M g S5 R T L B > R AR MR B L R
B, 0F ol B R R I R AT R o SR TS T IR
I 75, TR IR 5% 0 35 1 AR SR IO B 5 v
Ber D WIS KRB IR , i T 280 K, 75 2RI 2R
Bt P2 LS AR A IR 8], b 1A [+ B 30
g T 2] AN R R P 2K A 5, ROAB IR A 2% | X LR
Je R LR R LR AR, 5 ELUIZR I L2 2 i 98 2
AR ISR 18 30, BA B 0
PR, S22, X —UIHR R 2R A s A o T 5T
i

ATRUA Y, HR R 2 BT AU B X D A
PG R B LS Hh DA T £ B 58 8 8 31 1R A A
BEXF XA R REAS SCIFFE T 3T Ry B de KA AR RHAIE 5
WSR2 o) (94T N 4 . B Xt A&
SIS R ME AR, AT 5 R ' B A8 A 4 H
PR SERAR L ARG 2% > WGBS R 2 ] e A
TYHEATAT NAFAEAS 4G , DT B AS [ EAR LA SR X
AT NBOHRRIE 22 53 | do i AT I R A I

1 JEF R 0 o5 A 5 45 AT Ak S AR A
¥ 3 W AT AT IRA

1.1 FHEBEAEERFHEFRE
BUE A IR T N RIR B9 5 EA TR AL, A [ %
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(1)
Horb p #1 g R WA R HLHR 10 PR, 38 5
FEBLT U % U WA L, A A28 i 2
STHEIE U 1 U A58, IR B Hy 58 SR I B
H(E2),

TITHERE U B

B

L IR

2 ZXUERHEETREE

1.2.2 WLPRRE AL e e i 22 57
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ANVEEAE ) L [A] 23 (8] B8 1% 26 78 38 XA A (cross-view )
FEASKEFIN TR (intra-view ) AEAXT Y 5C R AL,
1M 5 R AGEAY Py 58 SR PR ASE AR 1 Py S 4R P A R 2

S = fooe + Wi (2)
n FNPEN N ER LAY £, BOACEE , HOW IE AR
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I FH — SR I Ak T 192 2] S Pk S 4 ke
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(e, ) JEARREL, BT () JRER kAL LT PR AR, n
VG IREARN B, H o o k(X, x!) T k(X,
x!) SrulE e UP U7 ) Fox!, IR (7) A A
K (2) AR5 Ak R AL

AR Nz A R AR T 2 s e k(-
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> aKat, St K S i
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X; ) Il >
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2 SEfr BAR

A SZHFE VIPeR PRID450S il CUHKO1I = A4~%(
P B AT FTE TR Bl 4R E R T RARDL RS
(cumulative match characteristic, CMC) fili £k & JL T
PR HE 24 X L8 ARSI AE Y O BRI A T BEXT
FEPPAl , HEs 8 FhERE 3 1A < Jmy B & ZK 0 501 3 A
(local Fisher discriminant analysis, LFDA) " g%} 4
AU BT (PCCA) ™ SCRE 1) M LI 9 BE 1 (support

vector machine metric learning, SVMML) "' i B jfij
LR B 2 2] (KISSME) ™ TE D Ak B o 2 3
JRAr 43 B (rPCCA )™ 4% J) 6 B & /K 4 51 4%
(KLFDA) ) 31 3% 4 SR 40 HT ( marginal Fisher anal-
ysis, MFA) "™ A% se LI 53] 54353 Hr (kernel
cross-view discriminant component analysis, KCVD-
CA)'® . SZIGF- & M Ab S AMD Athlon (tm) 11 X2
255 Processor 3. 10GHz, N7 10.0G DL & Windows7 |
64 LIARAE R GE
2.1 VIPeR #iEE

TEAT NP RG9S U VIPeR %040 28 2 de .
BEATE BT Z WA NN R AR o 2 Bl 4R
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R ok, 005 632 T AN H AR, BT A H
Pl & sk R A e AR b A 1264 5K BRI
HAESR R KN — 46y 128 x 48, Hoh - 7E R
HOEIRAS R R, A7 S EHGOE IR AL AR BRI ZY
e 3 s, HE—2 17 NEHR R T [F—47 N5
By o

3 VIPeR HiEEFtRENL T AE BRI S R B

FEVEAT SE R , R RS S o M A1 - U1 R A
A R i A SR R 4R, S EAE
TEAE TEXS FE, HISERT AR i R FH A P HE S #s
KR SR BEHLT-32 73 BP0 , Ferh — 8 A O S
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3 3 RR A PR A LR FE MR
PEFAI CMC HiZeXT 9 Rkt AT IR RE LA,
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S a S
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= Vé /0/‘
El 40 :
w2
y o —— PCCA
20 & 4 —&— LFDA
/ —e— SVMML
10 |-+ —e— KISSME
0 —— ACH
0 2 4 6 8 10 12 14 16 18 20
(2) H 4%
R 1 VIPeR #iEE E/LFE R TAR R ILE
=R r=1 r=>5 r=10 r =20
PCCA™  11.98%  36.71%  52.10% 71.41%
LFDA!! 17.96%  44.38%  60.09%  76.17%
SVMML!"?)  28.03%  61.20%  75.16%  86.65%
KISSME'™!  23.35%  52.95%  67.51%  81.78%
PCCAY®Y  16.05% 44.09% 61.67%  78.24%
KLFDAY)  20.24%  46.18%  61.16%  77.58%
MFAM  20.63%  49.36%  64.79%  79.79%
KCVDCA™) 41.99%  72.15%  83.58%  91.78%
Ay 44.91%  74.34%  84.21%  91.87%
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Bk r=1 r=35 r =10 r =20
PCCA 12.18%  35.16%  50.20%  67.56%
LFDA 15.31% 37.01% 50. 10% 64.40%
SVMML 19.22% 48.25% 63.92% 80.16%
KISSME 16.24%  40.30%  53.61%  68.77%
rPCCA 18.54% 45.02% 60. 03% 75.49%
kLFDA 13.57% 37.11% 50.03% 66. 14%
MFA 15.77%  39.85%  53.17%  68.90%
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=R r=1 r=>5 r=10 r =20
PCCA 10.99% 30.87% 43.49% 57.93%
LFDA 13.11% 29.83% 39.96% 51.86%
SVMML 19.66%  45.77%  59.69%  73.42%
KISSME 15.49% 35.84% 47.90% 60.48%
rPCCA 14.71% 38.69% 52.34% 66.65%
kLFDA 13.07%  31.87%  43.29%  56.44%
MFA 14.00% 33.07% 44.61% 57.48%
KCVDCA 38.43% 66.05% 75.37% 83.68%
RIEW: 43.97%  67.98%  77.10%  84.77%
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Person re-identification based on local maximal
occurrence feature and mapping model learning

Hu Zhengping, Zhang Minjiao, Li Shufang, Ren Dawei
(School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004 )
Abstract

The technique of person re-identification is studied. Aiming to solve the problem of low re-identification rate
caused by pedestrians’ own difference and the difference of camera view, a person re-identification algorithm based
on local maximal occurrence features and the mapping model is proposed. Firstly, the algorithm extracts the local
maximal occurrence features from pedestrians’ images, so as to overcome illumination changes and get complete
image information. Secondly, it learns the cross-view mapping model to convert pedestrian features to eliminate
characteristic differences of different camera views. Finally, the features will be sorted by distance metric learning.
The experimental results show that the proposed person re-identification algorithm is effective enough to obtain a
more complete discriminant feature representation so that it can improve the matching accuracy for person re-identi-
fication.

Key words: person re-identification, mapping model learning, local maximal occurrence feature
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