FOBE 1M
201142 A

BB AR & ¥ M

CAAI Transactions on Intelligent Systems

Vol. 6 No. 1
Feb. 2011

doi:10.3969/]. issn. 1673-4785. 2011. 01. 008

BT ERI N R RELS SR A PRI H

M, ER 3
(LebRELLKE REBHFELIRER, BLIL A RE 150090; 2. A RELRKTFE GHLFRE, BLIL SRE
150001)

B E O TRBSAEG AR IRGIERE, B2 15” MR R A RG] b, 8 4R 2 2 5 45782 3T i gk
FR,7E B ER HEU(B) BAEIRE b, MAE ERA 41T LR B 200 % 4 E A58 S8 L A5
ST RE R BUE N L 5. LR R Bos B3T3 F FAEREARE th i BB A 3G 2 £ A4 e T
BN GRREAR R A AT E A A B 2R B A Hr AR MR R B B R A A

KB B % E G AT BSR4 % 4 A 0T % R AR

thE 4SS TP391.41  CEMEFINEE:A LTRSS :16734785(2011)01-0063-05

A comparative study on kernel methods and
their applications to gait recognition
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tion, Harbin Engineering University, Harbin 150001, China)

Abstract ; A kernel trick was applied to gait recognition in order to improve recognition performance. A novel solu-
tion was proposed for kernel two dimensional linear discriminant analysis. Feature extraction, which makes use of
kernel principal component analysis ( KPCA) , kernel linear discriminant analysis ( KLDA) , kernel two dimension-
al principal component analysis (K2DPCA ) , and kernel two dimensional linear discriminant analysis (K2DLDA) ,
was performed for contrasting experiments in HEU(B) ’ s locally built gait database. The experimental results dem-
onstrate that a kernel trick applied to a matrix form is more efficient than in vector form. K2DPCA outperforms KP-
CA significantly with a single sample per person, and K2DLDA has the advantage of less time spent on recognition
testing.

Keywords: gait recognition; kernel principal component analysis ( KPCA); kernel linear discriminant analysis
(KLDA) ; kernel two dimensional principal component analysis ( K2DPCA) ; kernel two dimensional linear dis-
criminant analysis ( K2DLDA)
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4347 (linear discriminant analysis, LDA)"' 4% %
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Fig.1 Gait images preprocessing
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Fig.2 HEU(B) gait database
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Table 1 Recognition rates of feature extraction methods

based on vector form %

A KPCA KLDA PCA LDA
0° 75.0 — 65.0 —
30° 85.0 — 75.0 —
—-45° 85.0 — 55.0 —

0° +30° 77.5 82.5 75.0 80.0

0° + ( -45°) 87.5 85.0 65.0 82.5

30° + ( -45°) 80.0 87.5 75.0 80.0

0°+30° +( -45°) 83.3 81.3 62.5 81.7

£2 ETHEEARNBERRAZMNIEERE
Table 2

Operation time of feature extraction methods

based on vector form

B VIR ]/ min WA R[] /5
KPCA 75.561 2.734
KLDA 92.846 2.968

PCA 15.961 1.250

LDA 21.915 1.485

TEXETEMREEI BT, & 3 Mk
4 7374 LRS- B 35 SE B O U R AR 45 2R
I IE]. Bi3% 3 WLIA H, K2DPCA KR A%
F 2DPCA; K2DLDA J7 ¥ K iR A &R 5 84k 5
K2DPCA #12DLDA #8243 & i THAECH IR, &
Bk K2DLDA J7 ik {0t =k 4 WTLLA

i, %775 (K2DPCA ,K2DLDA ) By Il 5 it 7] 2 2% s
77k (2DPCA ,2DLDA ) f 30 #4524, i K2DPCA,
K2DLDA .2DPCA 1 2DLDA 4 75 gk fy iR Bl i i) &
Z<+824,K2DLDA %% 2DLDA ByIKIR A Bl — &
RS, A T I ALY
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Table 3 Recognition rates of feature extraction methods

based on matrix form %

A K2DPCA K2DLDA 2DPCA 2DLDA
0° 80.0 — 75.0 —
30° 90.0 — 80.0 —
-45° 85.0 — 75.0 —
0° +30° 87.5 82.5 77.5 85
0° +( -45°) 87.5 87.5 82.5 90

30° + ( -45°) 90.0 90.0 85.0 92.5

0° +30° + ( -45°) 90.0 90.0 8.0 86.7

x4 ETEREEANSERRA ENEERE
Table 4

Operation time of feature extraction methods

based on matrix form

B VI ZRE[E]/ WP R s
K2DPCA 662.460 0.359
K2DLDA 954.240 0.265
2DPCA 2.140 0.094
2DLDA 2.469 0.797
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K2DLDA) 252 By T AR 4E 23 8] Bt 55 3 15 4 =5[]
HZ LSS #E %% T i 1A]. K2DPCA R 5% & T KPCA
#y,iX 2 E % K2DPCA B A2 KPCA D7 Aot
BB LR R B 00 T Bl (4) LR I,
K2DPCA X BAFEAR (B A 0°.30° 5 - 45°) iR 71
BB REABY SRR 64 /5, X RS R

b VR 2 B 22 4E %S KPCA TR
4 HRIE

ARSCESN — N — AR /NRE S 3 MR
ARSI E(HEU(B) ) 3P “ 805" MA T
AR B B & L, 5k (KPCA K2DPCA KLDA
K2DLDA) B9 iF 51 4 f8 i it T 2t 5 & (PCA,
IDA.2DPCA. 2DLDA). St B H H M &
KODLDA, % F A FHEBE LM E LB A A,
K2DPCA PR HE F KPCA, T H %t F 5l ek 42
THRIRAEEE AR, B8 K2DPCA 3 A%H
AT TY 7, 9 AR ER T8RS K2DLDA 72/
A% 4R E B iR 5 2% 5 K2DPCA,2DLDA E A 1
% (ERZEMIR B AT ] A i #, K2DLDA J5k
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