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Abstract

Pedestrian may vary greatly in appearance due to differences in illumination, viewpoint, and pose
across cameras, which can bring serious challenges in person re-identification. A kernel distance
metric learning algorithm of invariant feature is proposed for person re-identification in this pa-
per. Firstly, an invariant feature composed of a concatenation of local maximal occurrence (LOMO)
and feature fusion net (FFN) called LOMO-FFN is used to encode human appearance across cam-
eras. Secondly, a gauss kernel distance metric learning algorithm called kernel canonical correla-
tion analysis (KCCA) is applied to obtain an optimized human feature distance across cameras,
based on the extracted feature representation. Experimental results have shown that the pro-
posed algorithm effectively improves recognition rates on two challenging datasets (VIPeR,
PRID450s).
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1. 518

AR, BRI I A e A g3 A ERCiE . [ 5 A0 4 358 A1 h 1) 75 2R H a3
. fEN. Mgk, ZEuh. HUT. RO ZESF RS T 7 R e AR R LN S, T %4 a3
TN, DA R R E KB AR 24 SE NN B 2047 NIRER & B pe i i i 2, AL
PR OBARZ —, CEBCAER . BUGALEE . TH L L 2 Uk I F B AR . AT AR
Gl 2 SEIBRB AL F AT N EREROCERE R, B2 TR AG ML 25 1 AT N BRER (1 7 ff 2 R0 5 ek

ITANFVOIHEAR, A EFENR A RGN AT NS 2 R S, 847 N4 2T
FCA B AGHL T HIAT N o AFEFAEHL T AT AAFIELIR . A BEEHHMER, M7 NPk
B, WE L FoR(E NRAT AT N IR B EEORE SR VIPeR AN F AL AT AR, [
—FNAEEIRIATN), AT N R0 70 SR M IR Bk AR . M BT AT N R BRI 7T R AR B T T . R
fESRIUHIFE 22 2] . HAT O AR 2R N H 47 N B, anigineaf1] [2], S03[3] [4] [5] [6], T&
AR[71 [8], A JmAFAE[1] [8], XIARFAE[6] [9], 73 HRAFAE[3] [5] [101FNE SURFAE[11] [12]. R Z4F(ERL&
F AT N TR R B A v A R A e [13] [14] [15] [16] [17], fAT N FR SR AEF B ) = BT 55 7 1A) . 40
Gray Al Tao [13]4&Hi filA X IAFAE(ELF) & A 3 S B G HIAT ARLA AR . Z 75 S efld T RGB,
YCbCr, HSV = Ffii ¢ 2= [a] (R AR AE, LA R e ik AN [ 2 A2 A0 RUBE 2H 4 1) Schmid AT Gabor e 25 52
B E . Yang &5 A\ [141B6 & U R G 25 [A] (JE 46 RGB, JH-—4k rgb, lil,ls F1 HSV) ) (2 25 {4 7 1
A IR T (SCNCD) FIE B 7 B 3L A IR AT NN B R AE o Liao 28 A [15]B%& HSV Bilta B 7 BRI R
JEANAE JR I = To i U (SILTP) SUH A HIA T o Wu Z5 N [16]44 4 AR 41 22 1 28 (CNIN) R FERFAE AT T LA I
FFAE(RGB, HSV, YChCr, Lab, YIQ HithkFEA Gabor JEI A4 B 1% K £ 75 [A) SCHRRE) EAT 17 2%
(RS, TR HLPHR IR IR R A VR B % o O T IR s B G LAT A DT I &0 AR 1) i 25 A8 1 i)
PeAT N PR ARG 3 o T LeAEoR, RS B S [18]-[23] 05 R I B T AT N R B R . B R
o), Bl OO TS ML I AR DL /R B P AR, JE I 2 5] — N R, K B R AR REAE
2 () B SS BB P RFAE 2 18], SRS ZE XA FT R S (R, SEIES SR LR — H AR AR AERE B 50, AT
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Figure 1. Human Examples on VIPeR Dataset

1. VIPeR #iBEHIT ABIE

B bR RRAE PR B e . T IR B2 o) T2 N T4 R F- R R AE 25 [ AR S [ #5255 R - i Koestinger 25 A
[20]42 35 T4 e R 2 S5 I TR 1) KISS [ B (KISSME) 77 V34747 N FR iR 5] . Pedagadi 25 A\ [22]#2 4 T 6
B I T2 B A3 43 AT (PCA) R BS 11 J=3 38 9% 5 7R HE IR BT (LFDA) B 4 AH 25 & PR 4 T 5 2 STRE R T
T NERA . Xiong %5 A[23]3E B2 T4 LFDA(KLFDA) ) 73 747 N BRI . Liao 25 A\[15]42H
FIREES], B BRI U 8T (XQDA),  HEATAT N FH R

Bk, SREAEAHRS . A, el BESEAGABHEMEHEERAT NFFIER R, LR
EEFRASA AT NAFAEBE B MM A8 22 20 J5 8, AT AT VR AP 70 AR A3 A e P S )

BP0 B OB ) R ) AR B, AR SCER H AT N PRSI SRR AR ] 2 PR . o A R 4 K
LOMO-FFN ARHHESREL . KCCA B JE TS 2] B WA FETRBGHL T 47 NS R E 2 MAEHIRHE
(LOMO. FFN), # i LOMO F1 FEN P/ NMRHIE [F) & R AE — M 2 A AL R-E(LOMO-FFN), L
AR F R ARG FAT ARSI 285, 3T LOMO-FFN RAFFFIE 2 1)1 25 KCCA A% 5 2 S fit,
DUSREUES SRS RAT ANRAL PR R 5, (E B AT N A RS =

ARSI 3 BETTRR AN T

1) $EH T XD A RS BA GBI ARRHER IR T LOMO-FFEN, LA R R mAT NS

2) R H A% B 8 1 B2 S ik KCCA, DML ES BT N HIRRIEBE B8, DR B 3R AG M LAT N AP
(1 ik 3 AR Ak ) R
2. LOMO-FFN 2543 EHR Y

NTFRHFH LOMO HEAEX Y6 RFIAL M AR, LR FEN BRIEX AT N B IAAE M, A0k
LOMO H1 FFN [RHER IR T HIRAE—ile, TR —NEAMALERAE, H LOMO-FFN X7, HAHE R &
Yk B LOMO HEAIE 1] 5 4 B AT FEN A ) 8 A 48 i 2 RAH
2.1. LOMO $HEHERF

LOMO Jt5& HSV B RHAE AR AN J&y 38 = AE AR 2U(SILTP) SUB AR KAk 47 A AR [15] . 9 1 5
UFI AR FEAN R BB A LA G RR I AR (b, o SR aa 14T N MG 1 Jeidid 2 ROZ RIS Bk [24] Ak o R S B
G, FHRIHSV BUERHE . REEAZ R =R (SILTP), {E ARG EA AR SR e IE T
ARG BE AR A B AN, T EX S b g e S B A B PE[25] . LOMO HFAESE I IR ] 3 Bz .
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Figure 2. The Proposed Algorithm Flowchart
2. BiERIE

JFER 1% [SEESS HI7H

Figure 3. lllustration of LOMO Invariant Feature Extraction [15]
B 3. LOMO N4 {EIR BYEI [ 15]

K H 10 x 10 f3E 2 7 & N Ron —EAT NEE R RSIXIR, BS 5 MRS K. 8T 5 D3R
8 x 8 x 8-bin BEA HSV Bt B J7 I-AI 2 N REE) SILTP S E 5K, ARG ER— KA ERTA 75
F, R AR (R — AN B 7 B bin) 1 Jeif kAR 2. tkah, SRA 3 MREMEFHERR, @il 2 x 2
JREA, NORFERGIT ANEIE, FIRRHERICP R ES AT B, BENKEAEITE R
R IVRFAE ] B RAE — i, TR R — AT N R S 241 LOMO FHIERGR T«

2.2. FFN $S{EH5AR F

FEN BXA IR FERFIEAN T LI B R SRR, TR — MR & DR A2 I 45 [16]. FFN R
FEHRE EE FEN Qi 4 s

FEN RFESRECE 2 A5 . 38— I TER N AT NG A SRR k. ORI & T,
PMESRHUCE M Z 45 (CNN)RHIE, ZRHEBHRIRTESE 5 MEREMIRMLE . 58 AT M FE —IG1T
NEEHHHC RGB, HSV, LAB, YCbCr, YIQ ZiftHER 16 Fi Gabor SUHAFME. & — M AMIITA
PG 73 i 18 MK 561, BEANKSF Skl 28 MBS TE, A/ MRFIEIBIE t 16 4E B R SRR . ok
3 ANMEIE T T BB G ARFE A R 8 CNN RFIE S ST 7 ), DME P A 8 MRS . B, R
T LS TER G B 2, TR 4096 4t FFN FHEHA T .
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Figure 4. lllustration of FFN Invariant Feature Extraction [16]
4. FFN $F{E$Z BUEI [ 16]

3. KCCAREEEERES]
KCCA 3 5 K5I A5 B 2 ] Fr M S i B R T2 1) 308 A T A 1 e B 39 7 4 T
2] K(xi,x")=¢(x‘)l¢(x")o 2S5 A 1) KA R K 4 R (L) S

K(x‘,xj)=exp(—||xi —xj||2/202), (1)

A x RARFHERA T, oAt B RESH, ENHRET)E, @ RGN A, B Rt &
MRS N K, Ky WARQR)FTIR:
Ky K© Ki' K

ol e @
X KL KT AR BEHL A, B VISR AT IR, KT Rt bl A J 34 (gallery set)Fl
WIZREE (training set) FEAKT IURZAERE, Kg' RGN B MK 4L (probe sets) FI I Z54E (training set)FE A%} 1)
R

KCCA 1) H brgiliid s KA A E@) M BAr R B LSRR N E N E a , B
arg max = @Ky Ke'p

.p \/a/KTT KTaf' KK B ' ©)
A R B "B

WG, NMHABEHEREa, BoR5 KT, KETHATHE, REURGHL A JEAI4E (gallery set) F14%
B B Il 4E (probe sets) I G IIRHIERG IR T, a0 A X (4)Fis:
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G, =K &
{ (4)

P; = KBPT,B

B, WHAR@) G, Py PEXEHIAT (g, p))AIMIARLIEE d, , (0l p)) . TENEREHL

A JF 4 (gallery set) PR FEAS g, FIERAZHL B i 4E (probe sets) il islie 4 p) AOREAERE 2575 &, A
BT

9. P}

g [ pal,”

2

dgs (0 pj)= ()

4. SKEEER

AE BAPRERIER 2 NATFEIESE: VIPeR 1 PRIDA50S b, filivh 2 SO H 4T A PR 1) 4035
({1 ZHIC AR (CMC). VIPeR FI PRIDA50S H AR SR TR EE A AN 1 FToR. BATBENLEEUT A%
—RVE NINGREARSE, Bl RINREE AL, IGEREAH T2 RENEN R e, B, MIRER
A FH - i BN R BB LAT N R AR AE PR 5

ESEI A, FRA 1 563 T A [F) 4R 4E(LOMO-FFN),  EbiiZitt CCA ML KCCA ) CMC #5k
SRJE, TRATTHEA SO B 94T N BRI L 51 LR A T KR IAT N BRI BT CMC Rt

4.1. VIPeR #iiEE

7% 2 45T VIPeR $dE 853 T A1 [ 45 4E (LOMO-FFN), 4351 Fif CCA Fl KCCA ] CMC 14 fig b s &5
B & 2 W, 1F VIPeR F¥EtEdh, A KCCA [ 28 55 52 5 SRR B R A T CCA 5ik,
K KCCA HIETE VIPeR BB &M HT A 1 B2 31.3%, 1fizRH CCA BIETE VIPeR Hi#i £ 1+HE
7R 1 BRI AR 12.7%.

% 3T VIPeR BB SIT JUAE AT R R IAT N IR B EIE U2 . H3% 3 AT, JATHrIRH 1)
AT NFRR ) VAL T L ASE I 5 FhAT PR ) B9 (1R 3 2R e A

4.2. PRID450S HiEg

4 45T PRIDAS0S 4 FE T M [FRFE(LOMO-FFN), 73 5ilfi FH 2kt CCA FldE£k it KCCA 1)
CMC THRELLIRAE H . B4 4 A1, fE PRID450S ¥, RHIAEZME KCCA HFR B FE & 2 2] BIE IR
BRI EAR T2k CCA 5k, KA KCCA 5iL7E PRIDA50S HEEMHEF N 1 W ARG N
48.0%, TfiK 4Pt CCA 1E PRIDA50S H#iE S HIHET v 1 B U ZALH 20.2%.

% 5 45 T PRIDA50S s i J L ATFR R MAT AR EIE R Z . & 5 T, AT
H AT N RSB SRR AE T LE A ) 5 R AT N ER IR I SRk (R S A A

Table 1. Brief Introduction of VIPeR and PRID450S Datasets
%= 1. VIPeR #1 PRID450S $iBE HEN4

Ktk VIPeR PRID450S
K53 1264 900
17 NH 632 450
g G E 316 225
FAGHIHL KL 2 2
BEA AT N R AL 1 1
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Table 2. Recognition Rate of CCA/KCCA on VIPeR. Only the Cumulative Matching Scores (%) at rank 1, 5, 10, 20 are

listed

%2 2. VIPeR i CCA/KCCA HIIRRIZE (%), FIETHEF A 1, 5, 10, 20 RIRFALE 5%
Hew 1 5 10 20
CCA 12.7 29.8 39.5 51.3
KCCA 31.3 66.9 81.2 92.9

Table 3. Recognition Rate of Person Re-ldentification Published in Recent Years on VIPeR. Only the Cumulative Matching
Scores(%) at rank 1, 5, 10, 20 are listed

= 3. VIPeR HERIL/LE AT LRITABRANEERIRAIR (%), JIHTHFA 1, 5, 10, 20 BWRFRCE

7 1 5 10 20
Our approach 31.3 66.9 81.2 92.9
Zeng et al. [26] 31.2 56.0 70.0 82.0
Ma et al. [27] 311 58.3 70.7 82.4
Wang et al. [28] 29.1 59.2 74.4 83.8
Zhao et al. [29] 29.1 52.5 65.9 79.9
Geng et al. [30] 285 50.6 64.6 76.3

Table 4. Recognition Rate of CCA/KCCA on PRID450S. Only the Cumulative Matching Scores (%) at rank 1, 5, 10, 20 are

listed

5% 4. PRID450S ##EE KCCA/CCA IR AIZR (%), FIE THEF M 1, 5, 10, 20 HRFRTE 53
HERP 1 5 10 20
CCA 20.2 41.2 525 65.2
KCCA 48.0 76.2 86.2 92.9

Table 5. Recognition Rate of Person Re-ldentification Published in Recent Years on PRID450S. Only the Cumulative
Matching Scores (%) at rank 1, 5, 10, 20 are listed

%5. PRID450S #iE&IAJLEATFARIITABRANEXZRAIER®%), FIHTHFR 1, 5, 10, 20 WRRTE S

-
e 1 5 10 20
Our approach 48.0 76.2 86.2 92.9
Yang et al. [31] 45.9 73.0 82.9 91.1
Shietal. [32] 449 717 77.5 86.7
Shen et al. [33] 44.4 71.6 82.2 89.8
Liuetal. [34] 419 66.3 76.9 84.9
Yang et al. [14] 41.6 68.9 79.4 87.8
5. g

AR T T AR AE AR B 2 ) 4T N R B o R AR REE LOMO-FEN 25 1)1 25 i %
R R B ST T KCCA 34747 AN . 72 BB Bki% AT VIPeR 1 PRID450S M7 N FR B #4E 4 -
RS2 45 B FE o T AT AT B HH AT N TR 90 B9 F AR e
HEEmE

E R BRI 54 (61704161), ZHUE#E T BAREW AL H (KIHS2016B03), 3 111 2% Fe 18 [a) FBHifF
I H (hxkt20170059), 51115 Bt & /E 151 H (2017XDHZ021) .
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