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Chi square kernel regularized linear discriminant analysis for
person reidentification

LEI Dajiang"* , TENG Jun', WANG Mingda® . WU Yu*
(1. School of Software Engineering, Chongqing University of Posts and Telecommunications,
Chongqging 400065, P.R.China; 2. School of Computer Science and Technology., Chongqing
University of Posts and Telecommunications, Chongqing 400065,P.R. China)

Abstract: There are some problems in person reidentification, such as less training samples, no-linear
relationship of samples, low recognition ratio. In order to solve these problems, the regularized linear
discriminant analysis person reidentification algorithm (KRLDA) based on chi square kernel was
proposed. Firstly, the algorithm mapped linear inseparable input data into a high dimensional linear
separable feature space using kernel function to obtain scatter matrix that describes adjacent data
relationship. Then, regularized linear discriminant analysis was applied to obtain low dimensional projection
matrix for maintaining high dimensional separability characteristics to improve the recognition rate of the
pedestrian re-recognition algorithm. Finally, experimental results on VIPeR, iLIDS, CAVIAR and 3DPeS
datasets show that the proposed algorithm has a high recognition rate and the algorithm based on chi square
kernel function has higher recognition rate than other kernel functions.

Keywords: person reidentification; chi square kernel; regularized linear discriminant analysis; kernel function

Y iE A HI.2017-12-13
BESWB B a5 0 HERF 515 B H (este2014jcyjA40049)
Supported by the National Social Science Fund of China(cstc2014jcyjA40049).
EH BN R (1992—) .4 PR K22 A0+ 0 55 4 L 2 2N FEpLER 28 ) A B 7 1| i 5%
FERIL1979—) , 53, T PR H, K2 B 2052, T+ 42 S0, (Tel) 13708334323 5 (E-mail) leidj @ cqupt.edu.cn,



% 9 F R, F AT e ENACE A AN ATAFRRN R & 67

A7 NHRR G B bR 78 JC & i B3I 45 &R g b R IR R 8 rh il AT N B AR 2 &8 T IR — 17 A
BT AR SAR L 5 AT AN ZBARHL B SR PE OGRS 35 DL R 4 25 P 1y 52 e [a] — 47 AN AP A7 A
ARR B 25 5 A A5 AT AR [R) R TR I AR KBk . T IR A, [ N A 98 N B R T 7 247 N FRE O
Be, BES R 2 28 BT ARRAE R R I R T B e o i

BT ARIER R 1907 2 H B TE T RO S48 B B HU I A AT N G R AR AR Y, B2 BURR AE 1V 3200 ' BRI
AR A B R B RE A DA R R 94T N o SCHRL 10 DR IR He BN A 25 4 3] 43 UAS () X3, 43 531 42
BUMAL HSV . J7 1 F S0 3R AE I X0 A [8] 9 457 AE R AN [R] 9 B 2 R K0t 530 5 29, i 2 B 85 4 JROAS ) 18 AL
HOR AN [R] FR AR B BE BN BOR A 2] . SCRRL LT PR AT N EHRTE S B 5 1 N B 2R 40 1 6 A7k Pl 43 il 32
HHSV 8@ B 5 BURFAE AT Gabor $#1E , I B3 R 7E — & JE A7 N R AR IE n) & . SCHRC12 42 3 3 TR &
Rn W7 2 B AT N AR R 23 i & A /N B, o A A /s B i OB 5 R A LR BB O AR R AR . SCHR
L3I 7 Jm o0 B 5 RIS ik ) 531 3R AR5 vk L ARl Jm o 007 P RUSE B9 A [) L 20 A PRI L 6 1) 2 e o AR s il
SREAE 3 A R T T B B — A AR AE ) . BROOR R TR AE 3R s VA AR Y BT B B el T S B o T P AT G
BADCIR A CERSEAT  [F — A7 NSNS A AR O, S SR e 4 I3 B A 40 0] 1 A A B AR AR
I Z 07 IR RORAR 2%

A B R 27 2] O AT AR T d 52 0 Y 5 v R B A ) AR B — A o R AR BUHE R AR A
BAENREXEMERE YD T EA R RN ARKIFESS (large margin nearest neighbor, LMNN) P = & 7 i
2% 2] (information theoretic metric learning, ITML)M® 3% 8 3] 5] B & 2% > (logistic discriminant metric
learning, LDML) "™ 5 | 3T B it 2% 33 6917 AR50 05 6 2 0 £ 67 D REAS 00 12 8 0 i 01452 )
T B A 10 5 R I o BRI AR A DA D B R A1 2 8] 5052 31 5 — A 58 DX M A9 R I 25 T0) o DA T 688 [ 28 A0 A ) o 5
JEATRE/N, S BAEA ] BE B R T RE R . AR BE T 8 i 2 ) AT AR D7 v B R4 a9 PR RE L (H 2 52 PR i
o T IR 08 2 I ZRAEAS , S BORHR B T8 2% ) 19 5 vE 8 B /AR AR ]

5 T Ak 26 1 4] 30 23 #7555 (regularized linear discriminant analysis, RLDA) M I8 s 45 25 N HE 46 F4
Jn—A/ NSl A HAE AR S AT A DR N REAS (R, (E 2 RO 4R AR R I, RLDA 5303 5 SR i — 1
d X d HE(d Ry N FEA I REOE 480 09 BRE R B THE A AR AR L A T PCA 55 6 2 530 0k o 540 2 A7 3
Ab BRI, AT RE 23 Bk — S F T RLDA (40 545 B o D52 00 B0k i PR B8 . R 0, 0 P A% R B0 AR 3k iy O
e PR T BT R A Y IE WAk 2 0 00 4 A AT N BRI 5L (kernel regularized linear discriminant
analysis, KRLDA) . 5] AR e& 800 32 28 H A9 2 52 055 20 2R CR , th T 3058 b A0 AT A REAS S04 =22 ) ¢ 28 ml RE 2
LA AT A3 B IIAZ I 38 3k R A% e K A A I S 380 M T 0 ) v 4 s T ) R v 4 R A TR RE AR TR AT AR S
T AR OC AR SRAG A AR 2 8] A4 HICRE RE L 15 2 >0 300 A4 505 R I e R A A 5 B A 2 ) 5 AR AR AR RS T
Y [\] Y AT JrPE . I Ah L SR A BRSO B A SR AN T I S R A v R A () R AR AR Y s SR s B AT A ek BT
RS oI5 U T i o B

1 IEMMEZEF R 55

FESEBRIEH LDA #EAT4T N PR, B TR AR ) R AIE 2 25000 S8 K F YINZ5R 4 vh RE A 1 A 850, 1 45 3% Jr 138
8 IR A () B, 5 SO IO AR AT S e TR R R R A . Ol T3 S T BE B /R )
IR N BB AE P AT S AR SR M4k R T F £ LDA # ik 7 L 0 4% Friedman 42 H 4 1E W fk LDA
(RLDA) ,Chen""" 2542 1 i & 25 8] LDA(NLDA) . Yu 1 Yang ™ #& 1 i B 4% LDA(DLDA) %, i ] RLDA
J5 138 2k 25 2 DY RICRE R A — A /N B B A AR AT L s IR T LDA B /NEEAS [a] 8, I 45 i T U

W X={zxlli=1,,c5j=1s N, ) ER" N NYNIHGFARLE . d NFEARM UL c RFEARMINE, X £
IR REEARPIEE §ONREA N, RN BEEARMAEG B R N=N, N, + -+ N, WEEA 2
FEHBE S, LA IS B B A S, 43900 SCan R

Su,:%zxzt(x{*m,»)(x{:*)n,-)T, (@)

i=1 j=1



68 TR KXKFFR %41 %

S,,Z%ZN,(?H,*IH) m; —m)7, (2)
Hr
zzl,a (3)
i1 -1

m FoR AT REAR B om . TR | REEARR I,
LDA ) HAr 22 FH — U S M R & w ER MIREABE B a Y23 1) i, BB J5 19 REACTE
0125 ] PR i R 8 28 8] RS M /I A9 2 RS L w] s F AR RBCE X

w'S,w
W —arg max ——— (5

w'S w’
2 (5) AT 3E 3 4T ) SRR AE AR [ 20K fif
S,w=2AS.w, (6)
ERNEOERER S, A R OIS R SIS, w=aw , F4 w LM HS.'S, METd MRARIEE
SCRFAEARL BT I AR AE ] 4B (d<<c — 1), HJ2 i F LDA 1 B8 <3 8 B /R A o] J1, BDREAS 1) 4 80K T
YIGRAEA I BB S BCENHUEFE M S A 5 .
R TRV S A SR A IR, SCERC 18 R A IE AR Ty vk B — AN B R A AR S 2 A T 2 3 2 AR
JEoR S, ]I
S.=S8.+pul, %
Horbod B FE R e AT AR — BN IR SR SR R e BEE N 0,01,

2 BRIEMMLZ&ER R

A% 0E TP 2 40 031) B ) JEUAEUR 3 5 — AN R R B @ 2 o — @ (o ) K R AR DA BT I R AIE 255 [ ke 5 39 v 4
FREZS (8] H b SRS A6 H o rfobs i 46 2R 2006 =22 0] 408 30 O 2R 0 HIC 2 46 P L B R0 D E D00 e 2 P 040 5310 T 3 4 o8 4
SR 2 223 1] 1) 45 52 60 B Ao 75 0000 0 AR 48 2 1] P AT BB A% DR 5 w8 Ak 25 A1 Y vl o0 Pk . DR FEAS 4 X B G 2 v 4
FfEasE H hFrafRR N o (X)) ={o(xi)|i=1,yc37=1,,N,;}, HF,o(x)EH, BIEZEK K=
(XD e(X) k=0 (XD o (xl), MTEEAERFIEZS 8] H tPIS B MR S? MBS a BUE R ST 4355 XN

:—ZZup(x ) —m?) (@(zi) —m?)" (8

i=1 j=1

,"’= z(m —m®) (m? —m®)", 9

Hrbom? S H Wi BEEARRE . m® S H hETA AR B,
TEFFAEZS [B] H o, A 2k 40 500 53 17 169 B A oR B80T 2 SC Ry
wiStw
w =arg maxmo (10)
MRS A A B we H BT LLRAR N H PG REARMEEA S WA a= (a)saz 0 san)
ERY i1
w—za(p(x ) =9(X)a. (1
X TAE B MHAFEA &, W HAREE w J:TU?%?U
2, =wle(x,)=a"o(X)Te(zx,) =
a'lo ()T (x ) oz ) Te(x,)]T =
a’[k(xisx) sk (xosx,) s sk(xysx) ], (12)
A= 0) AR aD M 12) w15



% 9 F R, F AT e ENACE A AN ATAFRRN R & 69

o — o K (13)
=arg amax «'K.a s
Hor R RIERE K, FIZSNEUEREM K, Y8 N XN X FRER 43598
¢ Ni
KW:iZZ@;—m;) ki —m)D", (14)
N= =
K,):%ZJ\]{(m{—m) (m;, —m)", (15)
i=1
Hrp
1 Ni
= 2 N 1
m, N{;k, (16)
1 c Ni
m:NZZkéo an

i=1 j=1

5o BIEILETT R KK, BIETc— 1 A RRRAE(E X N B FR 1 1) 75 31, (HE K, nTRER& 1.
A FHIE N R %A K, In— AR5 80 B K, =K, 4 pd SRERZT TR B, 0 BT AL,

TEH: T KRLDA 8947 ARG b 8% ok B0 2 4% 22 00 B B, e $ AN [m] 19 % ok BI0RE 23 % 530 5 A PR RE 7
AEAR RS . — R FH A AZ SR A AN e PEAX \RBF A% L 22 30 A% 55 TR 22 #1026 1 R I B 20 SR 4 iR o A 1) AN ]
Wi B B I 2 A A AR IR B 1 248 X B L AT T 2 M A5 R AR R A AR R B B . T T R R A T 0 S e
B RE AR AE A AR X BE 2 AR b L AR i AN RRAE X S 2 SR STk 0 AN AL L 25 R O BE T AR AR ) AR
BT UL 2B MR 7 i eR B B2 1 T 3 TR O A TE AR ) A B AT N RO . S TR R
)R 5 A% SR, 3% FH 2 A2 5 A 7 % L S ol FH A % o R L AR O o il an

D &M% (linear kerneD

E(x,y)=x"y,
2) KI5 #% (chi2 kernel)

T

_o X0
k(x,y)—ZIero
3) 4% ] H—1K 5 #% (RBF-chi2 kernel)
- (=)’
/e(x,y)—exp( (Ier)an

Jot .o Oy RBF BRI S 4
3 XRRERDH

T BRSO R AE A LB 4 VIPeRYY (ILIDSY L CAVIAR™ [ 3DPeS™ 13- 7 $2
BHRCR

S T R AR S RO AR S 1 S RO E S SR 27 ], SEIRBEALIEI p X AT N IR AR &
TR I AR L SRR FE LA b AR N SR A AN AR 1 B B A 10 WKL R R R 10 RS H 45 R 1Y 7 BB AR O I
KSR, SCE PR BB N linear (X* FI RBF—27

SN T S5EABENIELE, % CMC (cumulative match characteristic) ] & PE 4 2 & ¥ GE .
CMC &tk iy 2 Ae1T AR R B A W AT A HT - MRS R PR BT Al A R, 55 1 ILiC
# Rank 1 REE, BN ERRERIEFPNEER . 2 r BUEBNR BT - DSVCECR WA B L
3.1 VIPeR #iE&

VIPeR 45 46055 632 (A7 N 1 264 5K KR BALAT AN 2 5K A 6] AR HLAA 4 19 AR B4 B R
SPHRE 128 X 48 TE LR R i IR — A NS W i T35 L DG IR SRR AR R 22 5. Al 1 R
— AT KNEHR A R — A N, SEg AL I 316 X AT NEMEAE R IR 4R, X T 19 316 XF4T N EHSRAE A
ke



70 % 41 %

B1 83A4%E 2N MEGEITHR-NMTA

Fig.1 The images from each column are captured from different

cameras and belong to the same person
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Table 1 Performance comparison between before and after the kernel map on the VIPeR dataset /%
kernel Rank1 Rank5 Rank10 Rank20
RLDA 14.3 38.7 55.3 72.9
linear 10.4 28.9 42.7 65.4
X* 19.0 49.9 67.1 85.4
RBF—X* 23.9 59.4 75.7 91.6

ST B i AR R 0 AT AR R 5 YT U PR e ] R AR X SR, B A
SVMML™ KISSME™ | LFDA (local fisher discriminant analysis)™®? MFA (marginal fisher analysis)®! |
KLFDA™" . 2 2 8 7AE VIPeR $ili 4 bR B k2 o 5 i S g X)L 45 28 L 181 2 45 1 T 7E VIPeR $id
£ EARF %A CMC 2,

R2 FARESFIHEEE VIPRBFEELXBER

Table 2 Experimental results of different algorithms on the VIPeR dataset /%

Methods Rank1 Rank5 Rank10 Rank20
SVMML 27.1 60.6 75.1 87.6
KISSME 22.5 51.4 67.2 81.1

LFDA 20.4 45.6 61.3 76.7

RLDA 14.3 38.7 55.3 72.9

MFA 27.5 61.7 77.3 89.4
KLFDA 27.4 61.6 77.4 89.7

KRLDA 23.9 59.4 75.7 91.6
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Fig.2 CMC curves for different algorithms on the VIPeR dataset
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Table 3 Performance comparison between before and after the kernel map on the iLIDS dataset /%
kernel Rank1 Rank5 Rank10 Rank20
RLDA 32.7 59.7 72.9 86.9
linear 32.5 58.2 71.0 84.6
X* 36.8 64.3 77.4 89.2
RBF—X* 37.5 65.6 78.8 90.7

T4 BT B TR ILIDS 504 i Sz o e gh 5, 23 i KRLDA .MFA 1 KLFDA 2.1
SR L AR I T RBF— X2 e, ML 4 nJ 20, FrdE ) KRLDA 53 /930 R 8 &, H Rankl [b 2 A&
WHEERS T 2%,
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Table 4 Experimental results of different algorithms on the iLIDS dataset /%

Methods Rank1 Rank5 Rank10 Rank20
SVMML 21.1 49.2 65.4 83.2
KISSME 26.8 52.3 66.3 80.9

LFDA 32.1 59.2 72.5 86.7

RLDA 32.7 59.7 72.9 86.9

MFA 30.4 56.3 70.3 85.2
KLFDA 35.4 62.7 77.0 89.7
KRLDA 37.5 65.6 78.8 90.7

B 3 45 1 T #E ILIDS Ao % EORN R B CMC #i &, nE iR . 2 T RBF—X* B R 80%) KRLDA &
B BRSO A T A s
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Fig.3 CMC curves for different algorithms on the iLIDS dataset
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Table 5 Performance comparison between before and after the kernel map on the CAVIAR dataset /%
kernel Rank1 Rank5 Rank10 Rank20
RLDA 35.0 64.5 80.1 94.0
linear 35.5 64.4 79.6 93.8
X* 36.4 66.9 82.3 95.1
RBF—X* 39.7 71.2 85.7 96.5

K6 AEEEECAVIARIEE FWTHER

Table 6 Experimental results of different algorithms on the CAVIAR dataset /%
Methods Rank1 Rank5 Rank10 Rank20
SVMML 28.4 64.3 81.9 95.4
KISSME 32.9 64.9 81.1 94.7
LFDA 33.9 59.4 74.6 90.6
RLDA 35.0 64.5 §80.1 94.0
MFA 38.3 68.5 83.8 95.8
KLFDA 37.8 66.6 81.4 94.7
KRLDA 39.7 71.2 85.7 96.5
100
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c\\°
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Fig.4 CMC curves for different algorithms on the CAVIAR dataset
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Table 7 Performance comparison between before and after the kernel map on the 3DPeS dataset /%
kernel Rank1 Rank5 Rank10 Rank20
RLDA 39.8 61.6 71.5 81.2
linear 37.8 58.9 68.6 78.6
X* 46.3 69.5 78.8 87.5
RBF—X* 47.0 71.3 80.9 89.7

BTE 3DPeS BiE & 5 HAWE LAY SZ ISR X LU R % 8, 12 B L 7E 3DPeS BG4 B R M REIL
TF SVMML,KISSME,LFDA .RLDA F1 MFA & ¥, It KLFDA B SR E{H 225 AR T,
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Table 8 Experimental results of different algorithms on the 3DPeS dataset /%

Methods Rank1 Rank5 Rank10 Rank20
SVMML 27.5 57.0 71.0 83.6
KISSME 33.0 56.6 67.8 80.0

LFDA 38.0 60.8 71.1 81.1

RLDA 39.8 61.6 71.5 81.2

MFA 40.1 63.0 73.4 83.6
KLFDA 45.7 70.5 80.5 89.4
KRLDA 47.0 71.3 80.9 89.7

[ 5 F/RAE 3DPeS £ 5 LA B A9 CMC ik &L B Br s . KRLDA 89 81 52 0 HoAth 9 80 3%
{05 KLFDA B 5 R,
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Fig.5 CMC curves for different algorithms on the 3DPeS dataset
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