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Feature reduction of hyperspectral data for increasing of
class separability and preserving of data structure

Maryam Imani and Hassan Ghassemian”

Faculty of Electrical and Computer Engineering, Tarbiat Modares University, Tehran, Iran

Abstract
Hyperspectral imaging with gathering hundreds spectral bands from the surface of the Earth allows us to
separate materials with similar spectrum. Hyperspectral images can be used in many applications such as
land chemical and physical parameter estimation, classification, target detection, unmixing, and so on.
Among these applications, classification is especially interested. A hyperspectral image is a cube data
containing two spatial dimensions and a spectral one. Generally, the Hughes phenomenon is occurred in the
supervised classification of hyperspectral images due to the limited available labeled samples and the curse
of dimensionality. So, feature reduction is an important preprocessing step for analysis and classification of
hyperspectral data. Feature reduction methods are categorized into feature selection approaches and
feature extraction ones. Our main focus in this paper is on feature extraction. The feature extraction
methods are also divided into three main groups: supervised (with labeled samples), unsupervised (without
labeled samples), and semi-supervised (with both labeled and unlabeled samples). The first group of feature
. extraction methods usually suffers from problems due to limited available training samples. These methods
gd*” often consider the separability between classes, and so are efficient for classification applications. The
second group has no need for training samples, but they often do not consider the separability between
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different classes and so, are not appropriate for classification. These methods are usually used for signal
representation or preserving the local structure of data. The use of both labeled and unlabeled samples in
the third group can increase the abilities of the feature extractor. A feature extraction method is proposed
in this paper which belongs to the third group. The proposed method increases the class separability and
tries to preserves the structure of data. The proposed feature extraction method uses the ability of unlabeled
samples in addition to available limited training samples to improve the classification performance. The
experimental results on three real hyperspectral images show the better performance of proposed method
compared to some popular feature extraction methods in terms of classification accuracy.

Keywords: high dimension, small training set, hyperspectral, classification, feature reduction.
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(Figure-3): Classification accuracy versus parameter m (Figure-2): Classification accuracy versus parameter
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(Table-1): Classification results for Indian dataset

class Proposed LDA NWFE GDA PCA
No Name of class sarfples Acc. Rel. Acc. Rel. Acc. Rel. Acc. Rel. Acc. Rel.
1 iy 46 94.0 | 26.0 | 70.0 11.0 93.0 14.0 94.0 | 20.0 | 81.0 | 19.0
2 b Gy 1428 61.0 | 45.0 | 32.0 37.0 60.0 56.0 57.0 | 39.0 | 45.0 | 44.0
3 P S =) 830 76.0 57.0 | 24.0 17.0 | 40.0 24.0 38.0 | 30.0 | 43.0 | 29.0
4 <3 237 79.0 | 42.0 | 46.0 14.0 77.0 | 40.0 58.0 | 35.0 | 76.0 | 43.0
5 OB 30 s 483 85.0 78.0 | 46.0 50.0 58.0 32.0 62.0 | 48.0 | 72.0 | 61.0
6 a0 s 730 91.0 84.0 | 50.0 51.0 82.0 87.0 65.0 | 68.0 | 64.0 | 74.0
7 oligS yl3i0 —ojum 28 00.1 53.0 | 88.0 13.0 92.0 51.0 92.0 | 55.0 | 96.0 | 58.0
8 Sl o8 478 79.0 | 00.1 | 44.0 77.0 79.0 99.0 79.0 | 99.0 | 74.0 | 96.0

AR I WR S POVRL L Vg W)




9 209 > 20 00.1 63.0 | 90.0 06.0 00.1 44.0 00.1 | 16.0 | 00.1 | 30.0
10 ol (p9bigw 972 60.0 61.0 | 31.0 22.0 54.0 63.0 74.0 | 45.0 | 67.0 | 54.0
11 o5 pS—bgw 2455 43.0 80.0 | 18.0 52.0 33.0 63.0 20.0 | 64.0 | 40.0 | 70.0
12 Sl peibge 593 55.0 57.0 | 18.0 21.0 55.0 37.0 17.0 | 24.0 | 23.0 | 23.0
13 puS 205 98.0 95.0 | 78.0 50.0 89.0 68.0 94.0 | 72.0 | 75.0 | 79.0
14 ady 1265 86.0 95.0 | 58.0 90.0 56.0 83.0 88.0 [ 91.0 | 88.0 | 91.0
15 o prar s s 386 54.0 54.0 | 42.0 25.0 27.0 58.0 21.0 | 56.0 | 31.0 | 32.0
16 TS 93 91.0 46.0 | 87.0 26.0 98.0 48.0 87.0 | 48.0 | 89.0 | 40.0
Average Acc. and Average Rel. 0.78 0.65 0.51 0.35 0.68 0.54 0.65 0.51 0.67 0.53
Kappa coefficient 0.62 0.29 0.48 0.47 0.50
Lol oLl Bolo (gusadinb gu b «(V~ Jgu)
(Table-2): Classification results for University of Pavia dataset
class Proposed LDA NWFE GDA PCA
No Name of class sanf;les Acc. Rel. Acc. Rel. Acc. Rel. Acc. Rel. Acc. Rel.
1 e 6631 0.51 0.89 0.31 0.55 0.64 0.77 0.52 0.84 0.15 0.54
2 ez 18649 0.62 0.89 0.53 0.84 0.54 0.82 0.70 0.81 0.75 0.86
3 o3y S g oy 2099 0.60 0.46 0.49 0.31 0.56 0.49 0.47 0.42 0.71 0.50
4 RN 3064 0.63 0.81 0.60 0.67 0.65 0.75 0.56 0.74 0.68 0.72
5 S8 Slio 1345 1.00 0.98 0.89 1.00 0.99 0.99 0.99 0.86 0.99 0.96
6 05955 Cawd (e 5029 0.89 0.41 0.60 0.22 0.75 0.32 0.54 0.34 0.72 0.47
7 g 1330 0.86 0.30 0.28 0.14 0.87 0.40 0.86 0.30 0.86 0.18
8 S~ 3682 0.04 0.04 0.26 0.42 0.59 0.73 0.69 0.68 0.57 0.79
9 alo 947 0.99 0.98 0.79 0.60 0.99 1.00 1.00 1.00 1.00 1.00
Average Acc. and Average Rel. 0.75 0.71 0.53 0.53 0.73 0.70 0.70 0.67 0.71 0.67
Kappa coefficient 0.58 0.38 0.54 0.55 0.55
ool 801 (gl g LS (Y- Jgu)
(Table-3): Classification results for Salinas dataset
class Proposed LDA NWEFE GDA PCA
No Name of class sarjples Acc. Rel. Acc. Rel. Acc. Rel. Acc. Rel. Acc. Rel.
1 V5,0 calemoyms = Sy 2009 0.96 1.00 | 0.96 0.99 0.98 0.91 0.95 1.00 | 0.96 0.98
2 Yo caleojr IS5 5 3726 0.99 0.98 0.96 0.98 0.93 0.98 099 | 096 | 0.98 0.97
3 0l B e 1976 0.95 0.91 0.67 0.55 0.97 0.81 0.84 | 0.79 | 0.97 0.93
4 RTS8 pimond il (e 1394 0.99 0.97 0.67 0.81 0.98 0.92 099 | 094 | 0.99 0.99
5 Jlgadmodd w5l (o) 2678 0.95 0.96 | 0.71 0.72 0.95 0.97 092 | 0.89 | 0.97 0.98
6 pels 3959 1.00 1.00 | 0.93 1.00 0.99 1.00 099 | 098 | 0.98 0.99
7 odS 3579 0.99 0.93 0.97 1.00 0.98 0.94 096 | 093 | 0.98 0.93
8 L, 11271 0.74 0.74 | 0.53 0.70 0.51 0.73 0.77 | 0.70 | 0.57 0.67
9 Hlsb-s- 6203 0.96 0.99 | 0.69 0.87 0.98 0.98 092 | 0.99 | 0.92 0.99
10 5o dlem o 0pn —0)d 3278 0.89 0.87 0.84 0.43 0.72 0.93 0.84 | 0.83 | 0.77 0.81
11 aap -gals’ 1068 0.98 0.75 0.85 0.94 0.75 0.87 0.93 0.73 | 098 0.71
12 aan O-gals’ 1927 0.98 0.95 0.50 0.39 0.97 0.95 090 | 095 1.00 0.89
13 alhn F-gals 916 0.96 0.97 | 0.76 0.59 0.97 0.80 0.93 096 | 0.97 0.78
14 aan V-gals’ 1070 0.94 094 | 0.73 0.73 0.94 0.89 094 | 093 | 0.94 0.80
15 oSt 7268 0.59 0.63 0.55 0.50 0.70 0.47 0.50 | 0.61 0.58 0.48
16 G o= Jgelim LS 1807 0.86 0.97 0.90 0.99 0.82 0.92 0.83 093 | 0.71 0.98
Average Acc. and Average Rel. 0.92 0.91 0.76 0.76 0.88 0.88 089 | 0.88 | 0.89 0.87
Kappa coefficient 0.85 0.69 0.79 0.82 0.79
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(Table-4): MCNemars test results

&

bl olKils (gaols s Bhasaresls gbs
Proposed | LDA | NWFE | GDA | PCA Proposed | LDA | NWFE | GDA | PCA
P d 0 8546 | 4023 | 6226 | 35.19
Proposed 0 5459 | 1188 | 466 | 670 ropose
LDA 85.46- 0 | 0228 | 62.26- | 24.31-
LDA | -54.59 0 | 4146 | -4838 | -49.56
NWFE | 4023- |0228| 0 862 | 853-
NWFE | -11.88 | 4146 | 0 790 | -5.54
GDA 62.26- | 6226 | 86.2- 0 | 317-
GDA 466 | 4838 | 7.90 0 1.86
PCA 70 29561 554 | 1ss | o PCA 3519- | 2431 | 853 | 317 0

ool ool s
Proposed LDA NWFE GDA | PCA
Proposed 0 64.24 | 29.53 | 17.83 28.66
LDA -64.24 0 -40.95 | -54.92 -41.39
NWFE -29.53 | 40.95 0 -12.52 1.78
GDA -17.83 | 54.92 | 12.52 0 14.64
PCA -28.66 | 41.39 | -1.78 | -14.64 0
GT™M proposed LDA

0313 Hlalw bin g ddub (5 33l Yl Hghbiods Siub pl lRodIS Sl

olassledld gl uvaidb dib sbasd (F- )

(Figure-4): Classification maps for Indian dataset!

AR I WR S POVRL L Vg W)




®
2

L

NS
b T

Lol olKiils go0ld (gl p guovainb ddb slaaid :(b- i)
(Figure-5): Classification maps for University of Pavia dataset.
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(Figure-6): Classification maps for Salinas dataset.
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(Figure-7): Comparison of the proposed method with FERR and SELD in different number of extracted features
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