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From Parzen window estimation to feature extraction:a new perspective
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Abstract ; Researches on current feature extraction methods are mainly based on two ways. One originates from geo-
metric properties of high-dimensional datasets and attempt to extract fewer features from the original data space ac-
cording to a certain criterion. The other originates from dimension reduction deviation and try to make the deviation
between data before and after dimension reduction be as small as possible. However, there exists almost no study a-
bout them from the perspective of the scatter change of a dataset. Based on Parzen window density estimator, we
thoroughly revisit the relevant feature extraction methods from a new perspective and the relationships between Parzen
window and classical feature extraction methods,ie length of perpendiculars (LPP) , linear discriminant analysis (LDA)
and principal component analysis (PCA) are built in this paper. Therefore, these feature extraction methods can be re-
searched in the same Parzen window, which provides a new perspective for the research of feature extraction.
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Fig.1 The transformation of data distribution before

and after dimension reduction
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Fig.3 Man-made dataset 1 and experimental results
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Fig.5 Man-made dataset 2 and experimental results
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Fig.5 Part images of ORL facial datasets
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Fig. 6 Relation between recognition accuracy and re-
duced dimension on ORL

&1 ORL \RE¥ESK EEHEKIAGE

Table 1 Recognition accuracy of PCA, LPP, LDA and
FEMPW on ORL

PCA LPP LDA FEMPW
0.711(28) 0.789(28) 0.814(30) 0.789(28)
0.808(28) 0.867(30) 0.875(30) 0.867(30)
0.845(22) 0.890(24) 0.905(30) 0.890(24)
0.863(22) 0.906(30) 0.950(30) 0.906(30)
0.892(20) 0.917(22) 0.925(26) 0.900(22)
0.873(20) 0.925(30) 0.938(26) 0.925(30)
SEH 0.832 0.882 0.901 0.882

I 6 A 1 AL H - R U SR B,

FEERIRREAR FFER HREERE R,
FEMPW HA 1 R R4 AR , 5 2 W] LA BIBR AL IR
HZ. WFHHEREE , FEMPW B3R 3| %8E0 B 5 F PCA
HESART LDA, B 75 RBER 47 3 58 BB 4E 4T 55 1A,
FEMPW FHFEAERCRAEF T LPP, LR 552
SRR Y e i, FEMPW &4 F LPP” 44

A
® N o w s Wl
=

B2
4.2.2 Yale

Yale NJSEHERILA 15 S ANBNBKEEA,
B 11 45,35 165 V5. B 7 512 T #5) Yale ARR%K
FEEEHER. Yale iR £ ANRBRE OLHSF
A5 4K b ORL iR B

B7 Yale AREEEEKEHS AKEBR
Fig.7 Part of Yale facial datasets
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NGRS, T R G A, S k=
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Fig. 8 Relation between recognition accuracy and re-

duced dimension on Yale
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Table 2
FEMPW on ORL

Recognition accuracy of PCA, LPP, LDA,

Rt PCA LPP

LDA FEMPW

0 N N A

0.619(12) 0.733(14)
0.667(14) 0.763(14)
0.653(12) 0.770(14)
0.750(12) 0.833(12)
0.800(10) 0.899(14)

0.667(14) 0.733(14)
0.767(14) 0.763(14)
0.747(10) 0.770(14)
0.833(14) 0.833(12)
0.822(14) 0.899(14)

- 0.698 0.800

0.767 0. 800

HE 8 k2 ILIAH T Yale \NGREIESE
i 2RIE SRS L ORL A& X, Bk |1
RBEHRIRAZRS ORL FiRLHH LA BT T I+ FEE
NGRS 0, S BIE R IRA R E AR B THE
Fe ENGERBARFEBO T, FEMPW BARILE)
Redetk R NE-H:REE ,FEMPW fiH5I 2RI 8 & T
PCA 1 LDA ,FROB5ER T FE4EAES. H ORL Fl Yale
NEEARER R R KGR LA, FEMPW EEH
FTARRE SRR B R EIEE.
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TR EN ARG 2= A48 2] — B E. BRTRZE
BURHIE SR BT 5 QT B4 JE 48 B9 T LA A SR R e 3R
Z, MBGER AL g 2 . T 0, 43051
A Parzen B BEAGTHRALE0E B 73 A AR AE , B
R R R R IE SR BUS B A MR R BIE
R ARFRYS AR, SBALRIT Parzen %5 LPPLDA I
PCAKIK AR, YLAX 3 M IERBUT L —7E
Parzen BIHESR B REATHISE, NI SR BT I RO FE 12
T — A I AR BUT AR —7E
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