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Multi-feature Subspace and Kernel Learning for Person Re-identification

QI Mei-Bin' TAN Sheng-Shun' WANG Yun-Xia' LIU Hao' JIANG Jian-Guo'

Abstract Person re-identification is to match pedestrian images observed from different camera views of non-overlapping
multi-camera surveillance systems. The current person re-identification based on metric learning is complicated for feature
extraction and training process, and has low performance. Therefore, we propose a multi-feature subspace and kernel
learning based method for person re-identification. The distance metric and similarity functions can be achieved firstly in
different feature subspaces by kernel learning. Then, the object can be recognized by comparing the sum of similarity of
different feature subspaces. Experimental results show that the proposed method has a higher accuracy rate, achieving a
40.7 % rank-1 recognition rate on the VIPeR benchmark and that it is robust to different viewpoints, illumination changes,

varying poses and the effects of occlusion.
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Table 1  Mathing rates (%) of the proposed algorithm

based on different kernel functions on the VIPeR dataset

Kernel Rankl(%) Rank5(%) Rank10(%) Rank20 (%)
linear 25.1 53.4 67.3 80.1
x?2 38.2 70.0 82.5 91.3
RBF-x? 40.7 72.37 83.95 92.08
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Table 2 Mathing rates (%) of different methods on the
VIPeR dataset

Methods Rankl (%) Rank5 (%) Rank10 (%) Rank20 (%)
PCCA] 19.6 51.5 68.2 82.9
LFDAR7 19.7 46.7 62.1 77.0
SVMML/[28] 27.0 60.9 75.4 87.3
KISSME!3! 23.8 54.8 71.0 85.3
ik [12] 29.7 59.8 73.0 84.1
rPCCA[R] 22.0 54.8 71.0 85.3
KLFDA[20] 32.3 65.8 79.7 90.9
MFA[20] 32.2 66.0 79.7 90.6
RDC[29] 15.66 38.42 53.86 70.09
eSDC_knn!*0! 26.31 46.61 58.86 72.77
eSDC_ocsvm[10] 26.74 50.70 62.37 76.36
Ours 40.7 72.37 83.95 92.08
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5 O AT SEM M Re L an 2k 4 AR 5.
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®4 M P =432, ARSFELE VIPeR Bk L)

PRI (%)

N T 7803 VLA SCRVE AL IE, 36 3 45 %
FEAEAUH HSV (Hue, saturation, value) FE1E 1
DL N 5 A SRR L.

® 3 AFEIDA VIPeR HHRE LIIYUNE (%)

Table 3 Mathing rates (%) of different methods on
the VIPeR dataset
Methods Features Rankl Rankl10 Rank20
SDALFI HSV, structures 20 49 56
PSlal HSV, structures 22 57 71
RDCP??  HSV, YCbCr, texture 16 54 70
KISSME!3] HSV, Lab, LBP 20 62 7
ITMLI30] HSV 15 50 66
Euclidean HSV 7 23 34
NRDVI29] HSV 25 65 78
KRMCA[31] HSV 23.2 72.2 85.8
Ours HSV 28.4 74.1 86.9

& 3 wA, Ak BRI T HSV
R AE, H O RCR BER T 2 R AE K 55 (SDALF
(Symmetry-driven accumulation of local fea-
tures). PS (Pictorial structures). RDC (Relative
distance comparison) 1 KISSME) #4f. KISSME
M4 7 HSV. LAB Al LBP 254%1F, Rankl XA
20 (%); ZH&E I H A HSV KFfE, Rankl ik 3
T 28.4(%). HAh, A S REE G HSV %f
HERIELYE (W TTML (Information-theoretic metric
learning) . Euclidean. NRDV (Nonlinear Ranking
with difference vectors) 1l KRMCA (Kernelized
relaxed Margin components analysis) %) AL, 1)
ST e Horh ) ITML #1 Euclidean SYAREAARL
R ILF L%, NRDV H% 848 Rankl 5i%H
VAL, B2 Rank10 1 Rank20 #1%, H NRDV
HPRRHZAE R 5 2. KRMCA S0EMCR
W EERA G % H KRMCA AR B Fi SIUR
18, FLIIZRI TR A,

Table 4 Mathing rates (%) of different methods at
P = 432 on the VIPeR dataset
Methods Rankl (%) Rank5 (%) Rankl10 (%) Rank20 (%)
Euclidean 4.8 11.5 16.4 23.2
KISSME[3! 17.6 42.6 56.6 71.5
PRDC 12.6 32 44.3 60
ITML[BOI 8.4 24.5 36.8 52.3
LMNNI32] 5.1 13.1 20.3 33.9
ik [12] 225 48.6 61.4 74.4
Ours 28.7 59.3 2.7 83.1

#£5 M P =532, NEJFILAE VIPeR H¥nsE LW
PUNE (%)

Table 5 Mathing rates (%) of different methods at
P =532 on the VIPeR dataset
Methods Rankl (%) Rank5 (%) Rank10 (%) Rank20 (%)
Euclidean 4.0 10.3 14.8 20.9
KISSME(3] 11.3 29.4 42.1 56.2
PRDCI!1] 9.1 24.2 34.4 48.6
ITMLI30] 4.2 11.1 17.2 24.6
LMNNI(32] 4.0 9.7 14.2 21.2
ik [12] 12.4 31.1 43.0 56.7
Ours 15.5 36.6 49.2 62.1
2.2.2 iLIDS #iE&

iLIDS £ RN NS 2 563 8 kI
N SEIG R WEREANMT NI (1) G B AL
TRAE R S AE, B RS RISk 119 X AH AT
NEMG. 5 2500 30 2 IR BE HLE A 1R S 30 2 8%
ESORGSLIER

B G v W G R ST A AR R 1, S5 v 4
IR ST BB i 128 R &, W 48 R K. 5K
IR 59 AT NEME, RSN 60 X417 A
BIMG. A SCEEAE ILIDS #4515 HoAth 5730 1 %%
RXFELank 6.

ZE LR 6 bR T E A WAk
PCCA. rPCCA. MFA 1 kLFDA #{/&%:T RBF-
X2 AL (HNR 6 A AR R PR RE AL T
PCCA. rPCCA #1 MFA Z:50%%, %8 IERR Y
KLFDA SHyEPERERE, HEAR L8 2T KLFDA
Sk mBbAr WL, %S B A R 1A% R B S
il SRR R U S A, % SR AR RE AR T
KISSME. SVMML #1 LFDA k.
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* 6 AR ILIDS BR4E EIRE (%)
Table 6 Mathing rates (%) of different methods on the
iLIDS dataset

Methods Rankl (%) Rank5 (%) Rank10 (%) Rank20 (%)
KISSME(!3] 28.0 54.2 67.9 81.6
PCCAI4 24.1 53.3 69.2 84.8
LFDA?7] 32.2 56.0 68.7 81.6
SVMML/28! 20.8 49.1 65.4 81.7
rPCCA=20 28.0 56.5 71.8 85.9
kLFDA [20] 36.9 65.3 78.3 89.4
MFAI20] 32.1 58.8 72.2 85.9
ours 38.3 66.5 79.0 88.3

MidLevel BEREAIAT %, 125705 FAB SRR
FERI AN, Az SE T LA 2119 B B A R AFIX 20 R AT
BLPE B S ek 4.l fE CUHKOL $dli 48 B asciR
XFEE, 320 Ul B SR 5 A A () e i A
SAH EBOR S 4T
# 8 ANEEFLVEE CUHKOL ¥Ed: ERiRBIE (%)
Table 8 Mathing rates (%) of different methods on the
CUHKO1 dataset

2.2.3 ETHZ #iiE&E

Hen A T R RS R AR Y, sei b 48—
EEMG R B 128 5%, % 48 B, i
AR 76 AT NE D, MRAEh 70 04T NE
TN T AL LA ETHZ Sl 4 5 HAh S
EHIBOR XS L.

R T AFEDAE ETHZ i Ll (%)

Table 7 Mathing rates (%) of different methods on
the ETHZ dataset

Methods  Rankl (%) Rank5 (%) Rank10 (%) Rank20 (%)
KISSME[13] 12.5 31.5 42.5 54.9
PCCAI4] 17.8 42.4 55.9 69.1
LFDA[R7 13.3 31.1 42.2 54.3
SVMML(28] 18.0 42.3 55.4 68.8
rPCCA[20] 21.6 47.4 59.8 72.6
kLFDA[20] 29.1 55.2 66.4 77.3
MFAI[20] 29.6 55.8 66.4 77.3
MidLevell29] 34.30 55.74 64.52 74.97
Ours 36.10 62.68 72.61 81.90

Methods Rankl (%) Rank5 (%) Rankl10 (%) Rank20 (%)
KISSME(3] 48.6 65.2 76.4 87.8
PCCADI4 40.2 64.4 76.1 88.5
LFDA[27] 52.8 68.3 78.1 90.8
SVMMLI28! 37.5 65.8 77.6 90.6
rPCCA[20] 45.5 65.6 76.3 90.1
KLFDA[20] 53.5 73.3 82.6 91.5
MFA[20] 52.6 70.2 79.3 90.1
Ours 61.09 74.77 81.96 91.76

2.3 FFERZBRGT AT R BIATERERY LR
N T O3 MR AR 28 e R AR J5 ) SV R B, 3R
9~ K 12 7385 HHAE 4 R A FARPIE L R AL WLy
BT Ja SR BOR 6 LS
9 FHERZMUR TS E VIPeR SRR b Ifxf LA R
Table 9 Performance comparison between before and
after the kernel map on the VIPeR dataset

Kernel Rankl (%) Rank5 (%) Rankl10 (%) Rank20 (%)
Before 25.66 53.43 67.4 80.5
After 40.7 72.37 83.95 92.08

MW 7T RIA E LA ETHZ $04s 4 -
(1) % A4 Pk BE AL T A FF 3 T RBF-x? % o8 2010
PCCA. rPCCA. MFA F1 kLFDA Z57k. 1F
ETHZ ¥4 4 , FIFEUEI] T % 800 LA A )
G R N RERAE Ol T =R S I I P N A = R R
(1) Rank1 #% T HAWS L B E 8T T, B, 5%
BARPEREWAL T KISSME. SVMML #1 LEDA #
S
2.24 CUHKO1 #iE&

o 4L R I RST R ARAR RN, S5 40
R A RS REE 128 2%, T 48 B E K
AN, SIS I ZREE N 486 KT N A, A4 A 485
ST N . A SRS CUHKOL ol 45 15 3
(K= RRIEVE SR A I )

M 8 [T4N, %A CUHKOL Hdli s b
PERERIFEAL T KISSME 1 SVMML 53k LA f 5
T g2 ST 507 PCCAL LEDA . rPCCA. MFA
A KLFDA. %535 MidLevel S0 R4t 1

10 FRIEAZWUE TS A LIDS SEE0 AR L LR
Table 10 Performance comparison between before and
after the kernel map on the iLIDS dataset

Kernel Rankl (%) Rank5 (%) Rankl10 (%) Rank20 (%)
Before 30.4 56.4 67.4 78.3
After 38.3 66.5 79.0 88.3

F 11 FFIEAZWUR TG A ETHZ 24 st i)
Table 11 Performance comparison between before and
after the kernel map on the ETHZ dataset

Kernel Rankl (%) Rank5 (%) Rank10 (%) Rank20 (%)
Before 57.0 72.97 81.5 90.4
After 61.09 74.77 81.96 91.76

12 RIS CUHKOL SRS LIRS EERUR

Table 12 Performance comparison between before and
after the kernel map on the CUHKO1 dataset

Kernel Rankl (%) Rank5 (%) Rank10 (%) Rank20 (%)
Before 17.92 38.10 48.0 58.84
After 36.10 62.68 72.61 81.90
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