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Abstract

Feature extraction performs an important role in improving hyperspectral image classification. Compared
with parametric methods, nonparametric feature extraction methods have better performance when classes
have no normal distribution. Besides, these methods can extract more features than what parametric feature
extraction methods do. Nonparametric feature extraction methods use nonparametric scatter matrices to
compute transformation matrix. Nonparametric Discriminant Analysis (NDA) is one of the nonparametric
feature extraction methods in which, to form nonparametric scatter matrices, local means of samples and
weight function are used. Local mean is calculated by k nearest neighbors of each sample and weight function
emphasizes on boundary samples in between class scatter matrix formation. In this paper, modified NDA
(MNDA) is proposed to improve NDA. In MNDA, the number of neighboring samples, when measuring local
mean, are determined considering position of each sample in feature space. MNDA uses new weight functions
in scatter matrix formation. Suggested weight functions emphasizes on boundary samples in between class
scatter matrix formation and focus on samples close to class mean in within class scatter matrix formation.
Moreover, within class scatter matrix is regularized to avoid singularity. Experimental results on Indian Pines
and Salinas images show that MNDA has better performance compared to other parametric, nonparametric
feature extraction methods. For Indian Pines data set, the maximum average classification accuracy is
80.34%, which is obtained by 18 training samples, support vector machine (SVM) classifier and 10 extracted
features achieved by MNDA method. For Salinas data set, the maximum average classification accuracy is
94.31%, which is obtained by 18 training samples, SVM classifier and 9 extracted features achieved by MNDA
method. Experiments show that using suggested weight functions and regularized within class scatter matrix,
the proposed method obtained better results in hyperspectral image classification with limited training
samples.

Keywords: Hyperspectral images, Feature extraction, Supervised classification, Hughes Phenomenon,
Limited training samples.
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8 Cosine-based Nonparametric Feature Extraction (CNFE)
° Discriminant Analysis and the First Principal Component
(DA-PC1)
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2 Feature space discriminant analysis (FSDA)
3 Modified Nonparametric Discriminant Analysis (MNDA)
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(Figure-3): Average accuracy versus number of extracted

features for Salinas data set
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(Table-1): Classification results for Indian Pines data set, obtained by GML classifier, 18 training samples and 6 extracted features

o gl b b,
ol s slas MNDA LDA NDA NWFE CNFE DA-PC1
o lasigai ylesol! ylisols! ylisols! ylesol! yleso! ylisols!
o o o o oM o
srsy srsy srsy sriy srdy Ersy
axig 64 91.96 41.86 84.78 2524 85.22 26.62 88.26 37.91 89.35 41.95 91.96 47.84
RISEETH
- 1428 58.02 58.38 2295 30.87 20.06 32.14 43.03 52.04 45.49 56.27 54.69 56.69
pES
FEMPU I 830 53.43 58.12 32.09 20.74 32.78 20.45 48.22 57.56 49.36 59.51 53.11 57.81
58 237 82.49 39.8 32.49 13.35 38.31 12.23 68.95 31.11 67.51 31.44 82.57 39.02
ez =05 483 73.85 59.76 59.48 42.52 64.37 40.22 73.99 60.45 72.17 62.64 71.33 54.52
6 OB 0 =0 730 78.74 93.14 | 5541 | 6895 | 60.21 | 70.58 723 88.56 | 72.12 | 86.03 | 77.36 | 92.36
e o5
7 ’ LBSIMJ 28 96.79 73.57 94.29 24.12 91.79 26.77 94.65 76.54 95 78.27 96.07 67.87
o
Aad —digy
8 478 83.79 98.13 | 56.65 94.6 53.14 | 94.89 | 82.32 | 97.38 | 83.14 | 97.52 | 8533 98.4
ol
9 sl s> 20 100 64.94 98 8.63 99 9.3 98.5 32.68 99.5 423 100 63.13
10 w55 g —Lges 972 70.34 54.96 | 2898 | 2521 | 29.68 | 2528 | 61.54 36.9 61.36 | 3887 | 69.17 | 52.42
11 oo oS Lo 2455 50.38 71.27 23.45 45.49 26.25 45.14 46.33 66.08 48.82 66.87 49.03 70.99
12 o5 o5l ~Lgas 593 60 45.61 | 30.49 | 20.94 | 27.66 | 23.89 | 3857 | 31.79 | 4572 | 35.63 54.2 39.23
pus 205 88.68 98.98 83.41 72.54 80.1 76.15 90.59 97.32 88.39 98.07 89.51 98.61
Ao 1265 70.36 91.21 44.68 85.42 4731 86.78 74.29 91.1 74.22 89.91 69.38 89.07
0 s = oL 386 69.69 43.04 | 4145 | 23.81 | 37.41 | 2652 | 53.24 | 3583 | 59.59 | 36.99 | 6534 | 43.05
[ s 93 93.22 83.97 74.52 81.27 67.96 83.21 90.54 91.72 91.08 89.48 92.47 84.95
L bl o 76.36 67.3 53.94 42.73 53.83 43.76 70.33 61.56 71.43 63.23 75.09 66
P ERROTEES +1.12 +1.46 +1.33 +1.43 +1.94 +1.54 +1.54 +1.72 +1.55 +2.27 +0.87 +1.72

o)yl (SS90 9 ojgol 4g0d VA b SVM sisdiwd buwgi sl awdds bluss] Eals gl (gussdims gl (Y- Jgu)
(Table-2): Classification results for Indian Pines data set, obtained by SVM classifier, 18 training samples and 10 extracted features
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. B T et | | ot | | ket | | o | ] ot | | o
ey [y S Sy [y [y

as, 64 | 9391 | 4198 | 91.52 | 37.63 | 9087 | 3655 | 8848 | 31.64 | 8978 | 3264 | 90.87 | 39.42

Wb ogm-cys | 1428 | 668 | 6103 | 3649 | 4229 | 3856 | 4283 | 4915 | 4691 | 5505 | 5484 | s62 | 61.28

b S-S | 830 | 6685 | 5682 | 3336 | 2673 | 3575 | 2571 | 56 | 48.93 | 5627 | 5436 | 5184 | 567

=5 237 | 8122 | 4579 | 4599 | 1901 | 4249 | 2205 | 6692 | 3377 | 73 | 3551 | 7675 | 39.54

iz —o5ee 433 | 8431 | 6444 | 7271 | 6485 | 7159 | 63.65 | 83.15 | 6473 | 81.53 | 6541 | 7733 | 6041

S o3 730 | 86.03 | 91.09 | 7627 | 83.92 | 77.04 | 8462 | 8222 | 8293 | 81.07 | 87.99 | 8331 | 87.77

7 J’“Z ;S’“ 28 | 9857 | 7325 | 98.93 | 3701 | 9822 | 3253 | 97.86 | 3772 | 975 | 5072 | 97.86 | 77.63
8 | saias-wmy | 478 | 8628 | 9943 | 7776 | 9495 | 7563 | 9594 | 7724 | 975 | 8084 | 97.94 | 86.59 | 98.88
9 o > 20 100 | 4646 | 97.5 | 1023 | 99 | 1097 | 100 | 3611 | 100 | 3195 | 100 | 5216
10 | o3bose-bsw | 972 | 7458 | 60.77 | 3935 | 2955 | 3827 | 3173 | 63 | 524 | 644l | 5365 | 70 | 5235
U | b eS-bsw | 2455 | 5134 | 7905 | 28.62 | 51.04 | 3116 | 5074 | 4827 | 7579 | 5094 | 7206 | 515 | 71.62
12 | JSoxi-Lsw | 593 | 6626 | S8 | 4535 | 3175 | 4358 | 3514 | 4917 | 37.39 | 5101 | 4176 | 5057 | 37.15
v 205 | 97.02 | 90.88 | 9312 | 7728 | 93.56 | 8299 | 9522 | $9.4 | 9537 | 8733 | 9717 | 86.89

. 1265 | 7609 | 92.67 | 676 | 9053 | 73.06 | 9034 | 755 | 9396 | 78.51 | 92.69 | 78 | 9119
sa-olizle | 386 | 6034 | 5138 | 5225 | 3793 | 5075 | 4239 | 42.49 | 3836 | 4948 | 45.02 | s44 | 5045
S 93 | 958 | 8495 | 8581 | 80.13 | 87.74 | 8292 | 9548 | 8936 | 9559 | 87.03 | 93.44 | 90.46
R TI 8034 | 6363 | 6517 | 5093 | 6545 | 5194 | 7313 | s08 | 75.02 | 6193 | 7599 | 6587
£0.78 | +185 | £147 | £173 | £131 | 2144 | 2078 | £114 | #1106 | =121 | 2115 | 2138
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(Table-3): Classification results for Salinas data set, obtained by GML classifier, 18 training samples and 7 extracted features

Slass

SR gl gl )

oslat sl MNDA LDA NDA NWFE CNFE DA-PC1
- adiges - - - - - -
Olseb! Olseb! oLl olsob! Olseb! Olseb!
[ sndy [ [ [ [
e —ojr S5
X 2009 98.9 98.9 926 88.7 86.3 81.5 | 93.92 | 9758 | 9691 | 98.06 | 98.86 | 97.93
52
ale —o;
V"“’ o 3726 98.82 | 99.41 | 92.78 | 9585 | 86.8 | 91.87 | 9572 | 96.43 | 97.38 | 98.34 | 9821 | 99.38
B
PRCPERI 1976 96.61 | 91.55 | 71.73 | 64.01 | 7252 | 62.45 | 86.04 | 829 | 94.55 | 92.08 | 9649 | 88.7
25 08 oA (e 1394 99.62 | 98.12 | 88.1 | 7696 | 91.68 | 78.52 | 98.84 | 97.59 | 99.54 | 984 | 99.56 | 97.73
= “’]’“ o 2678 9137 | 98.74 | 64.79 | 7881 | 5921 | 79.27 | 84.97 | 9455 | 91.58 | 98.11 | 89.28 | 98.61
JlgeR
6 ot elS 3959 99.55 | 99.46 | 99.25 | 99.59 | 99.48 | 99.06 | 99.13 | 99.91 | 99.26 | 99.82 | 99.53 | 99.6
7 b5 3579 97.66 | 99.98 | 98.98 | 99.63 | 98.47 | 99.44 | 96.47 | 99.77 | 96.11 | 99.6 | 97.45 | 99.97
s JrY 11271 | 59.86 | 71.78 | 57.16 | 63.83 | 5544 | 63.65 | 55.14 | 7028 | 55.93 | 72.14 | 60.54 | 71.24
9 Slst - S 6203 927 | 99.62 | 70.19 | 90.63 | 66.66 | 92.59 | 90.4 99.5 | 93.13 | 99.55 | 90.92 | 99.63
10 5o ile —ojroyd | 3278 9435 | 7838 | 6566 | 71.1 | 6839 | 59.26 | 88.25 | 63.73 | 92.97 | 72.04 | 939 | 75.88
11 win fogals 1068 983 | 92.92 | 86.38 | 74.85 | 85.64 | 7424 | 96.83 | 8334 | 97.87 | 9322 | 97.52 | 92.71
12 win O —gals 1927 96.66 | 9822 | 66.77 | 47.56 | 63.88 | 51.97 | 9232 | 9734 | 96.81 | 98.84 | 96.57 | 98.57
wian F - gals 916 9734 | 97.93 | 73.58 | 6217 | 72.53 | 63.71 | 9214 | 9573 | 963 | 9737 | 97.67 | 97.67
ain V- gals 1070 95.09 | 92.76 | 88.66 | 78.19 | 88.98 | 74.76 | 90.43 | 90.68 | 93.28 | 93.62 | 95.05 | 92.43
R 7268 62.64 | 5171 | 50.03 | 44.45 | 50.87 | 4335 | 59.42 | 48.84 | 63.57 | 50.04 | 61.09 | 516
- Jsels - LSt
| 1807 98.13 | 9583 | 96.83 | 97.04 | 96.56 | 97.34 | 97.69 | 85.94 | 98.44 | 90.67 | 98.11 | 95.06
Syl
I orlial o 9235 | 91.58 | 78.97 | 77.08 | 77.71 | 75.81 | 88.61 | 87.76 | 91.48 | 90.74 | 91.92 | 91.05
S SRRy = £1.02 | 2098 | +1.67 | #1.78 | #2.15 | 1.9 0.7 | £1.07 | %093 | +0.84 | +1.04 | #1.15
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(Table-4): Classification results for Salinas data set, obtained by SVM classifier, 18 training samples and 9 extracted features

Slaws

SR Tl gl g,

olast ws gl MNDA LDA NDA NWFE CNFE DA-PC1
o L‘Mjw Lol oybaolo! oybaolo! Lol Lol osbaols!
O QW QW QW O [She
[ ) SR SR SRN SRN RN
ile oy S50
X 2009 982 | 9982 | 984 | 9842 | 9749 | 9741 | 9637 | 96.97 | 97.52 | 99.01 | 9836 | 99.94
5
ale -}
r””&s > 3726 99.81 99 98.71 | 99.14 | 98.12 | 98.64 | 9574 | 97.74 | 97.6 | 98.64 | 99.85 | 99.09
o
o b (e 1976 98.7 93 81.95 | 85.97 | 86.58 | 89.52 | 91.11 89 96.18 | 91.5 | 97.82 | 91.99
25 o i (me 1394 99.67 | 9658 | 9509 | 87.84 | 9644 | 92.12 | 9922 | 9341 | 99.69 | 96.03 | 99.73 | 96.93
= “’l’“ o 2678 9749 | 9823 | 86.67 | 8547 | 90.74 | 88.42 | 9507 | 9645 | 9596 | 96.73 | 97.38 | 97.78
Dlged
6 oo olS 3959 99.54 | 9998 | 9922 | 99.97 | 99.34 | 99.97 | 99.46 | 99.87 | 99.47 | 99.97 | 99.69 | 99.99
7 S 3579 99.66 | 99.51 | 9957 | 9972 | 995 | 99.64 | 9935 | 97.11 | 99.41 | 98.13 | 99.74 | 99.45
8 S5l 11271 | 69.88 | 78.09 | 5479 | 713 | 56.07 | 72.85 | 59.62 | 74.42 | 66.38 | 77.14 | 64.18 | 77.01
9 LSt - 6203 993 98.66 | 89.88 | 935 | 9237 | 94.59 | 9835 | 98.59 | 98.79 | 98.85 | 99.43 | 98.61
10 0 e oy 3278 91.06 | 89.06 | 7673 | 8671 | 79.16 | 88.49 | 84.18 | 84.83 | 88.88 | 87.03 | 90.83 | 90.69
11 win ¥ -gals 1068 96.43 923 | 92.57 | 92.94 | 93.07 | 92.63 | 94.12 | 83.32 | 97.05 | 91.81 | 9599 | 94.57
12 i O —gals 1927 99.53 | 97.57 | 8541 | 6559 | 9033 | 71.08 | 99.13 | 93.98 | 99.72 | 96.48 | 99.85 | 96.61
ain # —gals 916 98.72 | 955 91.7 755 | 93.01 | 79.34 | 98.05 | 88.1 | 9842 | 9376 | 989 | 96.59
win ¥ —gals 1070 94.89 | 9438 | 90.86 | 89.13 | 91.09 | 91.48 | 9152 | 90.72 | 92.82 | 95.05 | 9549 | 94.52
st 7268 68.19 | 62.04 | 6521 | 4955 | 66.74 | 5079 | 657 | 5358 | 68.05 | 59.41 | 69.07 | 57.92
- Jsels - lass
‘ 1807 97.82 | 9853 | 98.05 | 99.55 | 98.31 | 99.49 | 9543 | 9231 | 9731 | 9473 | 982 99
S )l
e i Ll o 9431 | 9327 | 87.64 | 86.31 | 87.93 | 87.39 | 90.23 | 88.89 | 92.41 | 91.69 | 94.03 | 93.17
F SRANOTE g e +042 | +076 | £1.04 | +1.12 | £1.22 | #1.17 | 073 | +1.24 | 2037 | 20.52 | #0.57 | 20.72
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(Figure-4): The GTM and classification maps of the Indian Pines data set by 18 training samples, obtained by GML classifier and 6
extracted features in the top, and SVM classifier and 10 extracted feature in the bottom
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(Figure-5): The GTM and classification maps of the Salinas data set by 18 training samples, obtained by GML classifier and 7
extracted features in the top, and SVM classifier and 9 extracted feature in the bottom
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(Figure-6): Computational times versus number of labelled samples for Indian Pines data set
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5}_ (Table-5): The McNemars test results by 18 training samples, each case of the table shows Z,, where o is the row and p is the column
i oo gl yiw!l (59 # GML wydsiuws Ll ody!
o MNDA LDA NDA NWFE CNFE DA-PC1
i MNDA 0 41.84 40.76 12.77 10.27 5.1
I LDA -41.84 0 -1.81 -32.59 -34.73 -39.42
D NDA -40.76 1.81 0 -31.54 -33.61 -38.28
=i NWFE -12.77 32.59 31.54 0 -4.45 -9.84
\ CNFE -10.27 34.73 33.61 4.45 0 -7
\i' DA-PC1 -5.1 39.42 38.28 9.84 7 0
%i oy gl il oS30 1+ SYM aigatasd (il
1 MNDA LDA NDA NWFE CNFE DA-PC1
i MNDA 0 34.18 32.25 16.41 12.11 10.48
3 LDA -34.18 0 -3.47 -21.11 -2541 -27.07
NDA -32.25 3.47 0 -19.03 -23.39 -25.15
’\' NWFE -16.41 21.11 19.03 0 -5.41 -6.58
TD CNFE -12.11 2541 23.39 5.41 0 -2.02
7 DA-PC1 -10.48 27.07 25.15 6.58 2.02 0
a adﬁc‘)ﬁml L;)"s Y .GML dodwd ‘Ual.u.".u
'il MNDA LDA NDA NWFE CNFE DA-PC1
v MNDA 0 3.14 3.15 1.05 0.46 0.13
. LDA -3.14 0 0.13 -2.13 -2.95 -3.04
3 NDA -3.15 -0.13 0 -2.24 -2.85 -3.03
-y NWFE -1.05 2.13 2.24 0 -0.98 -0.91
)\= CNFE -0.46 2.95 2.85 0.98 0 -0.31
_’\. DA-PC1 -0.13 3.04 3.03 0.91 0.31 0
: szl ypiwl (S SYM vlgdiwd (wldlu
’ MNDA LDA NDA NWFE CNFE DA-PC1
I MNDA 0 2.87 3.37 3.68 0.85 -0.73
e LDA -2.87 0 -1.33 1.01 -1.59 -2.22
3\ NDA -3.37 1.33 0 1.89 -0.83 -1.82
? NWFE -3.68 -1.01 -1.89 0 -3.32 -4.42
— CNFE -0.85 1.59 0.83 3.32 0 -1.42
3‘ DA-PC1 0.73 222 1.82 4.42 1.42 0
N\
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5 (Table-6): The highest average classification accuracy by using 14 and 18 training samples
o\ . e . B
1 s 9 gl slaghs,
RLRIS Sletsses Aodiwd
o] MNDA LDA NDA NWFE CNFE DA-PC1
[Catte
ML 73.3£1.98 30.7£2.03 29.21+1.65 | 67.124#2.51 72.03+1.86 58.12+1.8
" ) ©) 0 ©) ©) )
SVYM 77.2£1.69 44.45+2.75 | 44.74%2.24 | 70.47+1.39 72.35%1.91 74.67£1.6
. (10) (10) (10) ©) (10) )
T ML 76.36x1.12 54.43%2.12 54.54£1.8 70.74£1.51 72.55%0.97 75.09+0.87
18 (O] ® ® ) ) Q)
SVYM 80.34+0.78 65.17£1.47 | 65.45+1.31 | 73.13+0.78 75.06+0.8 76.02+0.75
a10) 10) 10) a0 ® ®
ML 91.05£1.11 43.54+4.63 | 40.65x543 | 89.31x0.77 90.07£0.89 90.57£1.04
1 (6) (6) (6) @ () (©)
SVYM 94.1+0.57 65.51£4.09 | 64.0243.45 | 89.94+0.97 92.2+0.49 93.19+0.63
Ll ® a10) ® a10) a10) a10)
o ML 92.35£1.02 78.97x1.67 78.77+2.2 90.18+0.41 91.48+0.93 91.92+1.04
13 @) @) ® “@ ) @)
SVYM 94.31+0.42 88.15+1.03 | 88.44+1.03 | 90.38+0.62 92.43+0.39 94.03+0.57
® a0 a0 10 a0 ®
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