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Linear Discriminate Analysis based on both

Spectral and Spatial Information for

Hyperspectral Image Classification
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Abstract

Linear discriminate analysis (LDA) is a

commonly used feature extract (FE) method to
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resolve  the  Hughes  phenomenon  for

hyperspectral image classification. The Hughes

phenomenon is  often  encountered in
hyperspectral image classification, especially in
the small sampling size problem. Recent studies
show that the spatial information can greatly
improve the classification performance of
hyperspectral image classification. Hence, for
hyperspectral image classification, it is not only
necessary to use the available spectral
information but also to exploit the spatial
information. In this paper, a LDA based on both
spectral and spatial information is proposed. The
experimental results on the Washington DC Mall
and the Indian Pine Site show that the proposed
method can yield a better classification
performance than LDA in the small sampling size

problem.

Keywords : hyperspectral image classification,
feature extraction, linear discriminate analysis,

spectral and spatial information
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L : the number of the classes

N, * the number of samples in class 7,
i=1,...,.L
N =N, +---+N, * the number of all training
samples
x" the ¢ sample in class i
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Let g be the decision function
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the total mean with spatial information
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1 Buildings | 3834

2 Roads 680

3 Paths 616

4 Lawn 1928

5 Trees 919

6 Water 1224

7 Shadows 221
>3 9422

&) 4 Washington DC Mall #: i}

& 2% 22 (% & #c) Indian Pine Site (220)

57 4 8] LA W% #
1 Corn — no till 1428
2 m Corn - min till 830
3 m Grass / Pasture 483
4 Grass / Trees 730
5 m Hay — windrowed 478
6 m Soybean - no till 972
7 mSoybean — min till 2455
8 m Soybean — clean till 593
9 mWoods 1265

i 9234

# 5 Indian Pine Site 7 ground truth i
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# 2 The accuracy with two different datasets
(v, =20, case 1)

Datasets

Classifier FE ( dﬁncsgsr?:ga?ty)

IPS DC
GC LDA | 55.89% (7) | 47.71% (3)
(QDC) | SLDA | 68.67% (8) | 89.71% (5)
KNN | LDA | 60.22% (8) | 64.43% (6)
(INN) | SLDA | 71.89% (8) | 90.29% (6)
SVM | LDA | 60.78% (8) | 63.14% (6)
(OAA) | SLDA | 71.22% (8) | 89.86% (5)

# 3 The accuracy with two different datasets
(N, =40, case 2)

Datasets

Classifier FE ( dggﬁggg&;ﬁy)

IPS DC
GC LDA | 69.00% (8) | 86.29% (6)
(QDC) | SLDA | 77.78% (8) | 91.29% (6)
KNN | LDA | 69.00% (8) | 89.29% (6)
(INN) | SLDA | 79.67% (8) | 91.29% (6)
SVM | LDA | 69.44% (8) | 89.00% (6)
(OAA) | SLDA | 81.11% (8) | 91.14% (6)

% 4 The accuracy with two different datasets
(~, =300, case 3)

Datasets

Classifier FE ( d?rrfgr?sr?cfgatlﬁy)

IPS DC
GC LDA | 87.78% (8) | 96.14% (5)
(QDC) | SLDA | 88.56% (8) | 95.43% (6)
KNN | LDA | 86.00% (8) | 95.86% (6)
(INN) | SLDA | 86.22% (8) | 96.00% (6)
SVM | LDA | 88.89% (8) | 96.29% (6)
(OAA) | SLDA | 90.00% (8) | 96.29% (6)




# Indian Pine Site
FE AR > BB mF A NG 71.89%
(casel) ~ 81.11% (case2) ~ 90.00% (case3) ; %
Washington DC Mall shF 4L & > & F ehi fa
&8 5 90.29% (casel)~91.29% (case2)~96.29%
(case3) o

BRL 24 7 0

§ A 24 R A

EERE SR

h ko BHIRT APBANEATREL
ﬁﬁ»i@?n?vi%&ﬁﬁ’mﬂaau
Washington DC Mall snF L f & -] $h & T e
%0 e

T AW 67 F g A AR AT ) e
2 TRELFHEZIFFTARLARLE YA
(SLDA) | & T B seenst it % w4 47(LDA) | 7
PR A ESERT > S S B G B
7 fecficase > HTEE T FEE S BB IR o
L 2y %ﬁd 23z BlikkFmn g
BE LR 0 K T UE R A ﬁﬁ
T 5> SLDA % ¥ 118 F Jjnp LA B % o

3 "]

5.%m2 ARFL 3w

d

HREGET o RFEFTHD B

Z T i G v AR % o %
dofe B B GUAE B R O B AR BB
v BB AT R AR AT o

N FIREEY PN S
BAFEHEE S RIS HREY AL
LS N e p b nPeiE D kg &
%&’%uﬁﬂaﬁﬁﬁﬁo

ARDFT e L L RETE TR
H o ehiF i BH s 4o Nonparametric
Weighted Feature Extraction (NWFE)zg #-7 &
Foa? gk gk Bk %i(Neighbor System) 3%
> 2t Graph ep g K F 15 & T o &
FUBFAFERE T FT AL FE

e

o

N

N

4 % Rt

[1] A. Blum and T. Mitchell, “Combining labeled
and unlabeled data with co-training”. In
Proceedings of the Workshop on
Computational Learning Theory, Madison,
WI, pp.92-100, 1998.

[2] B-C. Kuo and D. A. Landgrebe, “A
Covariance Estimator for Small Sample Size
Classification Problems and Its Application to
Feature Extraction,” |IEEE Transactions on
Geoscience and Remote Sensing, Vol. 40,
No. 4, pp 814-819, 2002.

[3] B-C. Kuo and D. A. Landgrebe, “Regularized
Covariance Estimators for Hyperspectral

Data Classification and Its Application to

Feature Extraction,” International

Geoscience and Remote Sensing Symposium,

June 24-28, 2002.

[4] Fukunaga, K. “Introduction to Statistical

Pattern Recognition.” San  Diego,
CA:Academic Press,1990.
[5] Ghahramani, Z. and Jordan, M.I., “Learning

from incomplete data”. Technical Report 108,
MIT
Computational Learning, 1994.
[6] Hughes, G. F.,

statistical pattern recognition,” IEEE Trans.

Center for  Biological and

“On the mean accuracy of

Inform. Theory, vol. 14, pp. 55 - 63, Jan.
1968.

[7] J. Crook and J. Banasik, “Sample selection
bias in credit scoring models”. International
Conference on Credit Risk Modeling and
Decisioning, Philadelphia, PA, 2002.

[8] Jackson, Q. D.A.,
Adaptive

and Landgrebe, “An

Classifier Design for
High-Dimensional Data Aanlysis with a
Set”, |IEEE

Geoscience and Remote Sensing, Vol.39, No.

Limited Training Data



12, pp. 2664-2679, 2001.

[9] J. Besag, “On the statistical analysis of dirty
pictures, J. Royal Statist.” Soc., vol. 68,
pp-259-302, 1986.

[10] J. Besag, “Spatial interaction and the

statistical analysis of lattice systems.” J.

Royal Statist. Soc., vol. 36, no. 2, pp.
192-236, 1974.
[11] Miller, D. and Uyar, S., “A mixture of

experts classifier with learning based on both
labeled and unlabeled data” data in Adv. in
Neural Information Processing Systems 9.

[12] R. Kinderman and J. L. Snell, “Markov
random fields and their applications,” Amer.
Math. Soc., vol. 1, pp. 1-142, 1980.

[13] S. Goldman and Y. Zhou,

supervised learning with unlabeled data”. In
the
Conference on

“Enhancing

Proceedings of Seventeenth

International Machine
Learning, San Francisco, CA, pp.327-334,
2000.

[14] S. German and D. Geman,

Gibbs
Bayesian restoration,” |IEEE Trans. Pat. An.
Mach, Intell, PAMI-6, no. 6, pp.
721-741, Nov. 1984.

[15] S. Z. Li, “Markov Random Field Modeling

in  Computer Vision,” Berlin, Germany:

“Stochastic

relaxation, distributions, and the

vol.

Spring-Verlag, 1995.

(a) LDA+SVM (case 1)

"ﬁ!m “!

(d) SLDA+KNN (case 1)
W6 ®(a)-(c) % #Indian Pine Site dataset} - # * LDA# f=SVMenthematic maps » (d)-(f) 5
@ Indian Pine Site datasett - # * SLDA$ 2z KNN g SVMthematic maps o

(b) LDA+SVM (case 2)

A

(e) SLDA+SVM (case 2)

(c) LDA+SVM (case 3)
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(f) SLDA+SVM (case 3)



(j) SLDA+KNN (case 1) (k) SLDA+KNN (case 2) (1) SLDA+SVM (case 3)

®7 (9)-(i) 5 &Washington DC Mall dataset + - & * LDA¥ gz KNN 2 SVM fthematic maps o
()-() & &Washington DC Mall dataset + - & * SLDA# iz KNN 2 SVM ¢thematic maps -



