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Abstract  To solve the problem of multimodal data classification, the idea of localization is intro-
duced into discriminant analysis, known as local discriminant analysis. In this paper, we first il-
lustrated, by some synthetic data as examples, the drawbacks of LFDA and MFA, two recently
proposed and successfully used local linear discriminant analysis methods. We then proposed a
new local discriminant projection method to overcome the drawback of LFDA and MFA that
neighbor relationships between samples of different classes are not fully taken into consideration.
The underlying idea of the new method, different from LFDA and MFA, is that the desired pro-
jection should make neighbors of the same class close and neighbors of different classes apart.
Based on this idea, we proposed two optimal functions, one is represented by the sum of squared
distance between samples, the other is represented by within class scatter and between class scat-
ter. Analyses and comparisons on the two optimal functions are also included in this paper. Ex-
periment results show that the new method overcomes the shortcomings of LFDA and MFA, and
achieves good performance on the synthetic data, USPS, UCI standard handwriting digital data
sets and IDA standard data sets.
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0.990 0.861

UCI USPS
LDP1 0.967 0.861
LDP2 0.983 0.893
LDA  0.985 0.876
LFDA 0.982 0.895
MFA 0.983 0.870

UCI1
0.971
0.990
0. 956
0. 983
0. 896

USPS1 USPS2 USPS3
0.901 0.898 0.915
0.943 0.950 0.939
0.802 0.897 0.817
0.877 0.906 0.900
0.834 0.851 0.824

BB AE 2 RS e RE . LR 2 KT
B R o 28 2 AR s SE 56 UCTL Fn USPSI H
AP EF[0 1 2 34 R[5 6 7 8 9] (T4 R I
F 28 AP 7 5], LK UCI2 F1 USPS2 H1 1
PIERCF[135 7 9JML0 2 4 6 8J(SLELE RN

@ http: //archive. ics. uci. edu/ml
@ http: //www-i6. informatik. rwth-aachen. de/~ keysers/
usps. html
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F 2 5 HIMES 8 5], 5L UCI3 Al USPS3 11
WZEEL0 126 9]FI[3457 8J(SLIEEIRIZK 25
6 FIFIEE 9 B, SLI 4 SR WR A SCH % LDP2 £ £
BB A 5 ] M R O . [ B S I 4 SRR 3R
B, HFr kg (12 U R0 T HAR R A (1D, X 55
E T FRATT G HT XS T PR E AR R0 AT
4.3 IDA fREBIERE
4.3.1  bRUEPERIA

IDA A o B D5 B g SCik [ 14 ] P il S 5 ok ik
SRR bz Al AR E RO B A 13 MR
Y B4R 4 LA B B A B8 4 U R AR KR A 1) 2
ASPRAER] S3 . B BOHE AR RS R b 3k 3
R 7FR0 i 3 MR TP B EUE R E B
fii. & 3 4 T & AR A E .

®3 IDARHEBEENELRER

B g ﬁﬂi iJII%ﬁZF fﬂﬂﬁﬁzﬁ %‘(ﬂ?%‘]ﬁ

4% N i g
banana * 2 400 4900 100
breast-cancer 9 200 77 100
diabetis 8 468 300 100
flare-solar 9 666 400 100
german 20 700 300 100
heart 13 170 100 100
image 18 1300 1010 20
ringnorm 20 400 7000 100
splice 60 1000 2175 20
thyroid * 5 140 75 100
titanic 3 150 2051 100
twonorm 20 400 7000 100
waveform * 21 400 4600 100

4.3.2 f¢ IDA FdlaFE ER SRR

o OB AR SCEE B s 13 AR iR B AR
PadRlE 2 2 4 AR5 R s 2B R g AT 40 26 AE
ARG I I T AR LE BT RO A8 o 2K

x4 BWEEE IDAFREE FRIRHER

P

LDA LPP LFDA MFA LDP2 A4k

banana * 0.8635 0.8637 0.8625 0.8636 0.8637 0.8636
breast-cancer 0.6608 0.6464 0.6534 0.6339 0.6500 0.6730
diabetis 0.6890 0.6392 0.6630 0.6172 0.6784 0.6988
flare-solar 0.6074 0.6026 0.6113 0.5935 0.6095 0.6078
german 0.6880 0.6144 0.6792 0.6066 0.6594 0.7054
heart 0.7784 0.7641 0.7800 0.6316 0.7717 0.7684
image 0.7809 0.8275 0.8342 0.7611 0.8442 0.9662
ringnorm 0.7268 0.6493 0.7319 0.6590 0.7285 0.6497
splice 0.7956 0.6220 0.8351 0.6203 0.8370 0.7115
thyroid * 0.8560 0.9451 0.9336 0.9385 0.9517 0.9564
titanic 0.6692 0.6687 0.6687 0.6647 0.6700 0.6689
twonorm 0.9642 0.9628 0.9657 0.8709 0.9653 0.9332
waveform * 0.8144 0.8828 0.8831 0.6627 0.8798 0.8417
1y 0.7611 0.7453 0.7771 0.7018 0.7776 0.7727

M 7P REER IR G R B 5 P i RN R 25 2R
RUIASCR L LDP 78 13 KBl A 5 Kk 3 i
T AE 3 R BHHE A 2 2538 B F il Ak I8 1
13 2R F 350 R EARAR T e fi.

h i U 22 L RCHE 19 43 25 1) L, LEDA Fil MFA
HOKr R H AL AR AR LDA 4. LFDA 75 # i
R B B 58 4 R 25 8 S 2 AR ) 0 Jg 3 1 5 3
T2 B B 1) S R A T T R ) B A ). BT
Z BB I AN 1 — Z L B T MFA X35 18 i
SRR R AY T HEETH DR A
SCURA YT T W5 0 35 2 A JRL b ) 55 A 0 )
RO BT — T I £ JR B A 4% 5% ik LDP.
O IEAE BT 5 SRR (R B B e 2% 1 3 30 408 1 [
2 H A U A R W] 2R IR B REA AR 4 5 R it
B M S OR BREARTER G RE N . B A
Rf# YT LEDA Fll MFA 7776 #4 18) B8, 76 N T 5088
AR FOARVERCHE 46 b AT U AL A RO

2 % X #
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Background

Dimensionality reduction is the transformation of data
from a high-dimensional space into a low-dimensional space,
preserving most of “intrinsic information” contained in the
data. It is an important preprocessing step in high-dimen-
sional data compression, visualization and classification. Di-
mensionality reduction can be classified into unsupervised di-
mensionality reduction and supervised dimensionality reduc-
tion, the latter is also called discriminant analysis. The most
successfully used linear discriminant analysis method is LDA
(Linear Discriminant Analysis). However, LDA does not
work well in the classification of multimodal data, which is
the focus of our work.

To solve the problem of multimodal data classification,
the idea of localization is introduced into discriminant analy-
sis, known as local discriminant analysis. LFDA and MFA
are two recently proposed and widely used local linear dis-
criminant analysis methods. However, neighbor relation-
ships between samples of different classes are not fully taken
into consideration in the two methods, which results in er-
rors in the classification of some types of multimodal data.

To overcome the shortcomings of LFDA and MFA, we pro-

posed a new local discriminant projection method. The un-

Machine Learning, 2001, 42(3): 287-320

LIU Jian, born in 1976, lecturer. Her research inter-
ests include intelligent information processing and pattern

recognition.

derlying idea of the new method is that the desired projection
should make neighbors of the same class close and neighbors
of different classes apart. Experiment results show that the
new method overcomes the drawbacks of LFDA and MFA,
and achieves good performance on the synthetic data, USPS,
UCI standard handwriting digital data sets and IDA standard
data sets.

The work is supported by National Natural Science
Foundation of China “Research on Semantic Image Segmenta-
tion with Tree Structured Model” (No. 61101202). Semantic
image segmentation is one of the most important and chal-
lenging problems in image understanding and computer vi-
sion, it has been receiving extensive attention. CRF based
framework, in which the unary potentials are usually defined
directly by the probability outputs of some classifiers, is the
most popular approach to semantic image segmentation. The
final accuracy of segmentation is mainly determined by accu-
racy of the unary classifiers. As we know, effective feature
extraction is crucial to reliable classification, so we pay spe-
cial attention to various feature extraction methods, including
dimension reduction techniques, which is the topic this paper

addresses.



