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7 Abstract: Containing hundreds of spectral bands (features), hyperspectral images (HSIs) have high

8 ability in discrimination of land cover classes. Traditional HSIs data processing methods consider

9 the same importance for all bands in the original feature space (OFS), while different spectral bands
10 play different roles in identification of samples of different classes. In order to explore the relative
11 importance of each feature, we learn a weighting matrix and obtain the relative weighted feature
12 space (RWEFS) as an enriched feature space for HSIs data analysis in this paper. To overcome the
13 difficulty of limited labeled samples which is common case in HSIs data analysis, we extend our
14 method to semisupervised framework. To transfer available knowledge to unlabeled samples, we
15 employ graph based clustering where low rank representation (LRR) is used to define the
16 similarity function for graph. After construction the RWFS, any arbitrary dimension reduction
17 method and classification algorithm can be employed in RWES. The experimental results on two
18 well-known HSIs data set show that some dimension reduction algorithms have better
19 performance in the new weighted feature space.
20 Keywords: dimension reduction; feature extraction; hyperspectral image; weighted feature space;
21 low rank representation; spectral clustering
22

23 1. Introduction

24 Hyperspectral imagery has been increasingly utilized in a wide range of fields due to its
25  invaluable source of spectral information at high resolution. Using hundreds of spectral bands
26 makes hyperspectral image data suitable for discriminating different classes [1]. However, it leads to
27  high-dimensionality data and obstacles such as Hughes phenomenon [2] or the curse of
28  dimensionality [3] arise in small sample size situations. Thus, it is necessary to develop advanced
29  data interpretation methods which are able to deal with high-dimensional data sets and limited
30 training samples [4].

31 Dimensionality reduction (DR) methods are used as a preprocessing step in order to reduce the
32 dimensionality of available data without dropping significant information [3]. DR methods can be
33 realized using feature selection (FS) and feature extraction (FE) has been proposed to alleviate the
34  problems of high dimensionality of data such as HSIs data. FS techniques aim to find the most
35  discriminative subset of features without decreasing the information content [5] based on the
36  evaluation of a fitness function followed by a selection strategy [3,5-7]. On the other hands, in FE
37  methods, a new more powerful subset of features is determined usually by using a projection matrix
38 [38]

39 There are a number of DR methods of HSIs ranging from unsupervised methods to supervised
40  ones according to their use of label information [9]. Principle component analysis (PCA) is the best
41  well-known unsupervised DR method which seeks a transform that can preserve the largest data
42 wvariance [10,11]. In most HSIs analysis, it has been found that the feature values of the number of the
43 first PCA components account for most of the total original image spectral information [12].
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44 Linear discriminant analysis (LDA) is the most widely used supervised DR method which
45  tends to maximize the between-class scatter while minimizing the within-class scatter. LDA can
46  extract C — 1 features where C denotes the number of classes [13].

47 Usually, both PCA and LDA fail to provide acceptable performance in some cases because of
48  their key limitations [14]. Different DR methods have been proposed and used for HSIs analysis
49  either by presentation a new idea or combination of existing methods. Nonparametric weighted FE
50  (NWFE) improves LDA by a nonparametric extension of scatter matrices and can extract more than
51 € —1 features [15]. Locality Preserving Projection (LPP) as a popular manifold learning method is
52 used to preserve the locality of sample structure [16], and works in supervised and unsupervised
53 framework [8]. We refer the reader to [3,9] for a complete survey. In order to deal with the nonlinear
54 structure of data, some kernelized DR methods have been proposed which perform in Reproducing
55  Kernel Hilbert Space (RKHS) [17], such as kernel PCA (KPCA) [18], kernel LDA (KLDA) [19], kernel
56  LPP (KLPP) [20] and FKNFLE [21].

57 As mentioned before, it is fairly expensive and difficult to collect labeled samples in most HSIs
58  analysis applications, so, very limited labeled samples are usually available. On the other hand,
59  unlabeled samples are available in large quantities at very low cost [22-24]. Semisupervised learning
60 (SSL) [23,25,26] and active learning (AL) [27-29] are two strategy which have been proposed to
61  overcome the difficulties of limited labeled samples. However, AL and SSL have different
62  workflows [27]. In recent years, both AL and SSL have been successfully applied in hyperspectral
63  image analysis such as [27,30,31]. The main idea of SSL is to incorporate unlabeled samples for
64  improving the classification and generalization capability on the testing/unseen samples [3,32].
65  Commonly the unlabeled samples are applied as an extra regularization term to the objective
66  function from traditional supervised learning algorithms [3,33]. Active learning aims to find the
67  most informative additional training inputs through an iterative process [34,35].

68 Although the key to the design of a powerful classification system lies in extracting pertinent
69  features from high-dimensional data and employing classifiers to exploit those features [36],
70  traditional DR methods and classification algorithms consider the same importance for all spectral
71 bands (features), whereas the abilities of different features are different in identification of classes
72 [8].So, itis very useful to quantify the relative importance of each feature in identification of classes.
73 Several works have been done to determine the relative importance of each feature in dimension
74 reduction and classification process. In [37] a feature weighting method for band selection has been
75  proposed which is based on the pairwise separability criterion and matrix coefficient analysis. It
76  involves calculation of the criterion values for decorrelation of each class through principal
77 component transformation, sorting of bands for each class, determination of final weights, and
78  remove bands by a correlation threshold. Two approaches have been introduced in [38] to assign
79  weights to support vector machine (SVM) features in order to improve the classification accuracy.
80  One is SVM with compactness and a separation coefficient feature weighting algorithm, and the
81  other is SVM with a similarity entropy feature weighting algorithm. As a weighted feature
82  extraction method, FEWT algorithm in [8] determines the relative importance of different bands in
83  feature extraction process. But, FEWT is a supervised approach; hence extending the weighted
84  feature space to unlabeled and unseen samples (also called out-of-samples) cannot be done with
85  FEWT, because the labels of unlabeled and unseen samples are unknown before the classification.
86 In this paper, we focus on the construction of a relative weighted feature space (RWES) as a data
87  pre-processing procedure. In the first step, we determine weighted features for available labeled
88  samples. In order to overcome the difficulties of limited labeled samples as a common case in HSIs
89  data analysis, we extend our procedure to semisupervised framework. To transfer the knowledge
90  from available labeled samples to unlabeled/unseen data samples, it is necessary to establish some
91  relationship between them. In this paper we utilize graph based clustering and apply Low-Rank
92  Representation (LRR) to define the weight matrix for graph. After construction the RWES, any
93  dimension reduction method and classification algorithm can be used.
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94 The organization of this paper is as follows: section 2 describes graph based clustering and the
95  Low Rank Representation (LRR). We introduce the RWES in section 3. The description of data and
96  the experimental results are given in section 4. Finally, section 5 concludes the paper.

97 2. Graph Based Clustering and LRR

98 Generally, in order to transfer the knowledge from available labeled samples to unlabeled data

99  samples; it is necessary to establish some relationship between them. Different approaches can be
100 used for this purpose such as LLE [39] and graph-based methods [40]. Graph-based methods have
101  attracted much attention and are widely used in SSL framework because of their good results in
102 many areas. The performance of semisupervised graph-based method highly depended upon the
103 construction of a graph representation which can reveal data structure [10,41,42]. So, constructing a
104 good graph to discover the intrinsic structures of the data is critical for SSL tasks [43].
105 The vertices of semisupervised graph-based methods are the samples (labeled and unlabeled)
106  and edges represent the similarity among samples [40]. Two widely used criteria in graph based SSL
107  are e-neighborhood and k-nearset neighbor (kNN) [44]. The graph based on e-neighborhood is
108  often sensitive to the selection of parameter €. Although kNN graph performs better than
109  e-neighborhood graph [45], it may be hard to tune the proper number of neighbors [46]. After
110 construction the graph, a weighted edge between connected nodes is set to model their similarity.
111 The weight (similarity) matrix can be obtained using RBF kernel which is a common choice [40] or
112 can be represented as the linear combination of the neighboring vicinity and the combination
113 coefficients [1]. Both of them require setting their parameters while the proper parameter setting still
114 remains an open issue for these applications, and there is no known effective method.
115 Intuitively, nearby samples are possibly from the same subspace and thus the nearby samples
116  in graph should have similar label. In this paper, we want to utilize the idea of spectral clustering
117 method [47-49] as a relaxation of graph partitioning problems to transfer knowledge from labeled
118  samples to unlabeled samples. Spectral clustering belongs to unsupervised learning algorithms
119 which have been used with success in the field of computer vision for data clustering [50,51]. It has
120 been shown that SC outperforms classical methods such as k-means and hierarchical clustering.
121 Nevertheless, it suffers from several problems which they are still not solved satisfactory. One of
122 these problems appears when an affinity matrix is constructed by the similarity of each pair of
123 samples. Since the Gaussian similarity (RBF kernel) is a popular choice as similarity function,
124 appropriate setting of ¢ is crucial for obtaining good clustering results [50].
125 The low rank representation [42,52,53] is a powerful representation tool and a promising
126  weighted graph construction method. LRR is capable of representing the structural information of
127  the union of multiple independent subspaces [42]. Also, it is possible to get the lowest rank
128  representation in a parameter free way, which is very convenient and robust for kinds of data [54].
129  The graph identified by LRR provides the representation of all the data under a global low-rank
130 constraint, and thus is better at capturing the global structures of data, such as multiple clusters and
131  subspaces [42]. Because of the efficacy of LRR, we want to use it to define the similarity function for

132 constructed graph. In the following, we briefly describe LRR.
133

134 2.1.LRR

135 Given 0 = {0;}]-; € R? where o; is a spectral vector of ith sample, and R denotes the number of
136  spectral bands (features). In LRR, the objective function is as follows [10] (Equation (1)):
137

minrank(Z) + y||Ell,0,s.t.0 = AZ+E (1)
138~ Where A is a dictionary that can span the data subspaces. |[E|l,, denoted the #,y-norm of the
139 outliers and noises E, and y is a balance parameter, and Z denotes the coefficient matrix. Since
140  Equation (1) is nonconvex, the rank constraint and the ¢, y-norm are replaced, respectively, by the
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141  nuclear norm (¢, —norm) and the #,;-norm. Finally, LRR proposes to solve the convex
142 optimization problem in Equation (2):
minZ_EHZ”* +]/”E”2‘1 ,S. t. O0=AZ+E

2)
143 The Augmented Lagrange Multiplier (ALM) [55] can be used to solve Equation (2).
144 3. RWFS Procedure
145 Let 0 = {0, 0y} = {01,05, ..., 0, 0141, o, O3y} € RPXUHFW - (n = 4+ u) be the data set in the

146  original feature space (OFS) where the first [ and the remaining u columns are the labeled and
147  unlabeled samples, respectively, F, € R°*! is a binary label matrix associated with the samples with
148  F.(i,j) =1 if x; haslabel y; = j; F.(i,j) = 0, otherwise, R denotes the numbers of original features
149  (dimensions) and C is the number of classes.

150 In order to quantify the importance of each feature of training labeled samples, we can fix a
151  linear model f; =V7To;+ B” by regressing O on F and simultaneously preserve the manifold
152 smoothness in the embedding of both the label and unlabeled set, where V € RR*C is the weighting
153  matrix and B € R™C is the bias term. Therefore, we can write the following objective function
154  (Equation (3))

!
G(V,B) = minz IVTo; + BT — FlI2 + iy IVII2 + prtrace(VIOLOTY) @)
i=1
155 Where L =D — W* is the graph Laplacian matrix associated with both labeled and unlabeled
loi=o,]|*

156  set, W* is the weight matrix defined as: w;; = exp(—| ), if o; is within the k nearest

2
157 neighbors of o; or o; is within the k nearest neighbors of Zgi; wl-*j = 0, otherwise, o is the radius
158 parameter, D = [d;;] is a diagonal matrix with d;; = ¥; w;}, the two parameters u, and ur balance
159  the trade-off between manifold and Tikhonov regularization terms. The closed form solution of
160  Equation (3) is given by Equation (4) [56].

V* = (OH,07 + p, I + u,0LOT)"1OH FT )
veTeu

161 Where H, = ——

162 sizel+u, Ue RU©W*HY s 3 diagonal matrix with the first [ and the remaining u diagonal
163 elements as 1 and 0, respectively.

164 With using the calculated V, we want to determine the weight of the labeled samples in OFS.
165  Each column of V represents the weight of specific class corresponding to that column. In other
166  words, for all labeled samples with the same class label, the same weight column is used to weight
167  their features such a way that each component of that column is assigned to its corresponding
168  feature as follows: if sample o; belongs to the class C, then Cth column of matrix V is used to
169  weight it by Equation (5):

is used for centring the labeled samples, e € R™*(4¥ s a unit vector with

pij = 0;jVic, 1 <j <R (5)
170 Where o;; is the jth feature of ith sample, vj; is the weight of jth feature in class C, and p;; is
171  jth feature of ith weighted sample in the new weighted feature space. The obtained weighting
172 matrix V cannot be used for unlabeled samples, because the labels of them are unknown before the
173 classification, and thus, it is unknown which column of V should be used for weighting the
174 unlabeled data samples. Now we want to transfer the knowledge from training labeled samples to
175  unlabeled data sample.

176 We use graph based clustering method for this purpose. We cluster the all data samples O =
177  {0.,0y} by the following steps. As the first step, we obtain the low rank representation of O by
178  solving Equation (2) while the symmetry constraint Z = Z” is conducted on it. Then, we construct
179  an undirected graph by low rank representation where Z, as the optimal solution of Equation (2),
180  defines the affinity matrix of graph. It is mentioned that the dictionary A is always unknown;
181  therefore we use O itself as dictionary. Finally, to obtain final clustering results, Normalized Cuts
182 [57] is used where the number of clusters is equal to the number of classes. But, clustering methods
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183  cannot predict the class label of each cluster. We assign the label of the maximum number of labeled
184  samples in each cluster as the label of unlabeled samples in that cluster. Then, for all unlabeled
185  samples in each cluster, the same weight column in Equation (4) corresponding to their class label is
186  used to weight their features using Equation (5). Finally, when the RWFS is obtained, every DR
187  method can be applied as the last step. The work flow for construction the RWFS is summarized in

188  Table 1.
189 Table 1 Proposed procedure for constructing the RWFS
Algorithm 1: Relative Weighted Feature Space (RWFS) procedure
Input 11abeled samples in original feature space (OFS) 0, = {(0;, fi)}}=1, u unlabeled
. I+
samples in OFS, 0y = {Of}j=1zl+1’ 0=0,U0y, o, uy and py

Find weighting matrix for labeled samples using Equation (4).
Obtain low rank representation of 0 by solving Equation (2).
Construct an undirected graph where LRR defines the affinity matrix of the
graph.
Use NCut to cluster the nodes of the graph into C clusters.
Assign label to unlabeled samples as described in section 3.
Weight the features of labeled and unlabeled using Equation (5).
Output Relative Weighted Feature Space P € RP*(+1)

190 4. Data Sets and Experimental Results

191 We evaluate the final RWES with two popular HSI data sets. The first data set is the Indian
192 Pines which was collected over the northwestern Indiana by Airborne Visible/Infrared Imaging
193 Spectrometer (AVIRIS) in June 1992. It contains 145 pixels*145 pixels and 16 classes and comprises
194 224 spectral bands. In our experiment, we select 200 bands after removing 24 noisy and water
195  absorption bands [1]. Table 2 represents the name and the number of samples in the Indiana Pines
196  data set used in our experiments.

197 The second is the University of Pavia data set which is a Reflective Optic System Imaging
198  Spectrometer (ROSIS) image from university of Pavia, Italy. It contains of 610 pixels*340 pixels and
199  after removing 12 bands due to noise and water absorption, 103 spectral bands with 9 different
200  classes are used in our experiments [1]. The name and the number of samples in University of Pavia
201  data set is shown in Table 3.

202 Throughout our experiments, we used two conventional and widely used classifiers, 1-nearest
203 neighbor (1-NN) and support vector machines (SVMs). The SVM classifier with radial basis function
204  (RBF) kernel is used which has two parameters, the penalty factor € and the RBF kernel widths o.
205  We optimized C within the given set {107,10°,10%,10%, 103}, with step size increment 20, and o
206  within the given set {1073,107%,107%,10°,10%,10% 103} by fivefold cross validation approach. The
207  one-against-one (OAO) strategy for multiclass classification algorithm are used for SVM.

208 In order to evaluate the new weighted feature space, we selected a number of algorithms used
209  for hyperspectral images analysis. First of all, as the traditional algorithms, LDA [13], NWFE [15]
210 and PCA [11] were selected. LPP [16] was also selected whose idea is used for incorporating the local
211  geometry in the regularization term in most semisupervised frameworks. In addition, we evaluated
212 RWEFS on three semisupervised algorithms proposed for feature extraction of hyperspectral images
213 were: SEGL [22], SELD [23] and SLDA [24]. We tested several other algorithms but their
214  performance in RWFS was less than their performance in OFS such as GDA. The binary similarity
215  matrix was used in feature extraction process. It observed that the results of Equation (3).were
216  relatively stable with regard to the variation of k. Thus, k set to 8. The parameter o for
217  determination of weighting matrix in Equation (3) set to be equal to the average distance of a sample
218  toits 7t nearest neighbors. The appropriate values for y, and p; determined by experiments. With
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219  searching over a large range of nonnegative values for these parameters, we found that a proper
220  value for them can be selected from [10® — 10°] and [0-1], respectively. u, = 10° , and p; = 1072
221  has been selected for both data set.

222 Table 2 The name and the number of samples in the Indiana Pines data set
Class Name Sample Class Name Sample
C1 Alfalfa 46 C9 Oats 20
C2 Corn-no till 1428 C10 Soybean-no till 972
C3 Corn-mint ill 830 Cl11 Soybeans-mint ill 2455
C4 Corn 237 C12 Soybeans-clean 593
C5 Grass-pasture 483 C13 Wheat 205
Cé6 Grass-pasture 730 Cl4 Woods 1265
c7 Grass-pasta removed 28 C15 Bldg-grass-tree-drives 386
C8 Hay-windrow wed 478 Cl16 Stone-steel-towers 93
223 Table 3 The name and the number of samples in University of Pavia data set
Classes Name Sample Class Name Sample
C1 Corn-no till 1434 C6 Soybeans-no till 968
2 Corn-min 834 c7 Soybeans-clean 2468
C3 Grass/pasture 497 Cc8 Woods 614
C4 Grass/tree 747 C9 Soybeans-min 1294
C5 Hay- 489 C10 Bldg-grass tree 380
windrowed
224
225 We present the overall classification accuracy measure and average accuracy measure and

226  kappa coefficient to evaluate the benefits of RWFS using selected DR methods. Because of random
227  selection of labeled and unlabeled training samples, each experiment repeated 30 times, and the
228  recorded results averaged over 30 runs for each classifier.

229 In the RWES, a relative weight is assigned to each feature of a sample which it determines the
230  relative importance of that feature in predicting the class of the sample. Similar to what has been
231  done in [8], we use the relative weighted features space just in dimension reduction process and the
232 original feature space is used in the classification. The obtained results of the different methods with
233 respect to the reduced dimension numbers for Indian Pine data set using a) ML; b) SVM classifiers;
234 10 labeled samples and 800 unlabeled samples are represented in Figure 1. The results of selected
235  methods in OFS and RWFS were specified by solid and dashed lines, respectively. It is shown that
236  the performance of selected algorithms have been improved in RWFS in comparison with OFS.

237 In order to investigate the sensitivity of the RWES to labeled samples, we repeat the above
238  experiments for Indiana Pine data set with 20 labeled samples which is shown in Figure 2. As shown
239  in Figure 2, the performance of selected algorithms has been improved. Also, Figure 3 shows the
240  average classification accuracy versus the number of extracted features for University of Pavia data
241  setusing: a) ML classifier and b) SVM classifier with 10 labeled samples and 1500 unlabeled samples
242 using four selected dimension reduction methods. Also, in this case the solid lines represent the
243 results in OFS and dashed lines represent the results in RWFS. The obtained results show that the
244 performance of DR methods has improved in RWFS in comparison with OFS.

245 Table 4 represents the results of all selected methods for Indian Pines data set using SVM
246  classifier, 25 labeled samples, 800 unlabeled samples and 8 extracted features. Comparing the
247  obtained results of all the methods in RWFS and original feature space (OFS), it can be observed that
248  the results in RWFS are better than OFS. For example, it can be observed that the SELD-LPP, SLDA,
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249  SEGL and LPP methods yield 2.8%, 3.3%, 2% and 1.5% higher overall accuracy in RWFS than in OFS
250  for Indiana Pines data set using SVM classifier.

251 Table 4 The obtained classification results for Indian Pines data set by SVM classifier, 25 labeled
252 samples, 800 unlabeled samples and 8 extracted features.
CLASS SELD-LPP SDLA SEGL LDA | NWFE | PCA LPP
OFS. | RWFS | OFS | RWES | OFS | RWFS | OFS | OFS | OFS | OFS | RWFS
C1 9321 | 9453 | 9253 | 94.13 | 94.64 | 95.32 | 53.87 | 93.21 | 70.46 | 84.96 | 98.73
C2 62.03 | 62.33 | 6243 | 62.29 | 63.67 | 64.08 | 21.34 | 60.43 | 48.56 | 51.24 | 69.95
C3 4746 | 52.54 | 46.66 | 51.12 | 47.86 | 51.45 | 22.87 | 44.96 | 39.64 | 42.34 | 56.32
C4 65.45 | 65.15 | 64.06 | 65.00 | 64.96 | 66.54 | 20.01 | 67.86 | 60.43 | 72.87 | 61.23
C5 4355 | 4585 | 4398 | 44.15 | 45.73 | 46.83 | 32.76 | 42.75 | 40.32 | 68.12 | 74.85
Cé6 59.04 | 60.64 | 5946 | 6144 | 60.35 | 62.74 | 4497 | 58.94 | 5532 | 62.12 | 69.87
Cc7 94.86 | 95.06 | 95.06 | 94.86 | 9535 | 96.05 | 77.32 | 95.86 | 79.54 | 96.43 | 97.12
C8 85.43 | 86.84 | 86.25 | 87.80 | 86.63 | 88.90 | 41.65 | 83.03 | 56.76 | 66.76 | 75.01
C9 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0 | 79.43 | 100.0 | 84.3 | 100.0 | 100.0
C10 49.16 | 55.64 | 48.87 | 56.60 | 49.94 | 57.98 | 21.45 | 48.96 | 37.54 | 51.05 | 56.23
C11 48.73 | 49.47 | 48.84 | 49.23 | 49.53 | 51.96 | 23.74 | 46.63 | 234 | 3532 | 41.32
C12 56.04 | 59.85 | 55.93 | 58.89 | 57.84 | 59.90 | 2441 | 54.96 | 28.53 | 51.75 | 56.45
C13 83.16 | 85.06 | 83.56 | 86.48 | 84.14 | 87.89 | 4743 | 8246 | 62.54 | 81.23 | 84.54
C14 77.72 | 7995 | 78.03 | 80.12 | 78.83 | 81.07 | 52.74 | 76.54 | 69.54 | 86.79 | 80.34
C15 28.82 | 3594 | 29.02 | 3447 | 3025 | 35.75 | 32.18 | 27.85 | 20.43 | 3443 | 38.32
C16 9438 | 96.03 | 93.25 | 95.67 | 95.63 | 97.07 | 81.65 | 93.54 | 81.32 | 93.86 | 94.21
Average Acc (%) | 68.05 | 70.30 | 67.99 | 70.14 | 69.08 | 71.47 | 42.39 | 66.38 | 53.68 | 65.48 | 67.21
Overall Acc (%) | 79.45 | 81.68 | 79.78 | 82.45 | 80.75 | 82.37 | 52.34 | 75.63 | 59.87 | 75.87 | 77.06
Kappa coefficient | 0.55 0.67 0.56 0.72 0.57 0.73 0.25 0.52 0.42 | 0.46 0.56

253

254 Table 5 represents the results of selected dimension reduction methods for University of Pavia
255  data set using ML classifier, 10 labeled samples, 1500 unlabeled samples and 8 extracted features.
256  Comparing the obtained results of all the methods in RWFS and OFS, it can be observed that the
257 results in RWEFS are better than OFS. For example, it can be observed that the SELD-LPP, SLDA,
258 SEGL and LPP methods yield 1.4%, 1.7%, 3.6% and 1.6% higher overall accuracy in RWEFS than in
259  OFS for University of Pavia data set using ML classifier.

260 The highest classification accuracies achieved by 15 training labeled samples are represented in
261  Table 6. The numbers in the parentheses show the number of features, which obtain the highest
262  average accuracies in the experiments.

263 Generally, these results confirm the conclusion that RWES is better than OFS for use in some
264  traditional dimensionality reduction and classification algorithms for HSI. Although using of RWFS
265  increases the performance of selected algorithms, the experiments showed that the use of RWFS may
266  degrade the classification accuracy of several other feature extraction methods such as GDA. We
267  ignored from these methods and only selected several algorithms that their performances increased.

268
269
270
271
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272 Table 5 The obtained classification results for University of Pavia data set by ML classifier, 40 labeled
273 samples, 1500 unlabeled samples and 8 extracted features.
CLASS SELD-LPP SDLA SEGL PCA | LDA | NWFE LPP
OFS | RWFS | OFS | RWFS | OFS | RWFS | OFS | OFS OFS OFS | RWFS
C1 65.27 | 67.04 | 66.07 | 68.34 | 6527 | 68.38 | 60.54 | 59.23 | 64.34 | 6221 | 67.56
C2 64.73 | 65.87 | 6443 | 66.83 | 64.73 | 66.03 | 59.39 | 55.43 | 64.13 | 63.32 | 67.06
C3 81.34 | 83.25 | 82.04 | 83.95 | 81.34 | 84.05 | 74.43 | 70.12 | 80.34 | 79.03 | 82.67
C4 81.99 | 83.07 | 82.64 | 83.84 | 81.99 | 8453 | 7723 | 73.48 | 81.84 | 79.11 | 84.67
C5 9434 | 96.64 | 93.74 | 9714 | 9434 | 9738 | 81.47 | 80.32 | 93.34 | 91.02 | 95.12
Coé 7011 | 69.94 | 71.09 | 71.35 | 70.11 | 70.43 | 60.83 | 54.65 | 69.51 | 69.11 | 73.34
Cc7 7693 | 7724 | 7727 | 7813 | 7693 | 7849 | 69.73 | 64.43 | 75.83 | 7423 | 75.35
C8 55.96 | 63.56 | 55.78 | 65.37 | 5596 | 64.73 | 52.04 | 50.19 | 54.94 | 53.54 | 60.38
(€] 89.37 | 90.34 | 90.09 | 91.53 | 89.37 | 91.26 | 81.52 | 79.32 | 88.45 | 86.43 | 91.94
Average Acc (%) | 75.56 | 77.43 | 7590 | 78.51 | 75.27 | 78.32 | 68.12 | 65.32 | 74.70 | 70.22 | 74.57
Overall Acc (%) | 7998 | 81.12 | 81.36 | 82.76 | 79.73 | 82.63 | 72.43 | 69.43 | 79.88 | 72.39 | 77.23
Kappa coefficient | 0.76 0.79 0.76 0.81 0.77 0.80 0.67 | 0.58 0.75 0.71 0.73
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274 Figure 1 The average classification accuracy versus the number of extracted features for Indian Pines
275 data set obtained by a) ML classifier; b) SVM classifier with 10 labeled samples, 800 unlabeled
276 samples; dashed lines belong to RWFES and solid lines belong to OFS
277 Table 6 Highest average classification accuracies obtained by SVM and ML classification and 15 training
278 samples for two data sets

Dataset Classifier | SELD-LPP SDLA SEGL LDA | PCA | NWFE LPP

OFS RWES OFS RWES OFS RWES OFS OFS OFS OFS RWES
70.67 | 75.60 | 71.04 | 78.75 | 71.11 | 78.46 | 4532 | 57.32 | 69.04 | 68.84 | 78.65
Indian SVM 1) | any | ae | a5 | ay | ay | a2 | ®) (6) ® |

Pines

72.69 | 74.86 | 7345 | 75.94 | 72.89 | 75.89 | 3354 | 58.32 | 72.04 | 69.87 | 71.37
ML an | an (¢ | o | ay | an 6 | a9 | @ G| O

7949 | 81.34 | 79.43 | 81.46 | 80.13 | 82.97 | 49.05 | 69.95 | 78.34 | 7893 | 79.96
University SVM (8) 9) (7) (7) 9) (10) (5) (8) 9) (14) (13)
of

Pavia 79.74 | 83.02 | 79.47 | 81.45 | 81.21 | 83.45 | 46.43 | 66.74 | 78.48 | 78.56 | 80.85
ML @) ) ®) @ | O ©) G | an | O (©) (6)
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Figure 2 The average classification accuracy versus the number of extracted features for Indian Pines
data set obtained by a) ML classifier; b) SVM classifier with 20 labeled samples, 800 unlabeled
samples; dashed lines belong to RWFS and solid lines belong to OFS

5. Conclusions

It is clear that all spectral bands of a hyperspectral image are not equally important and do not
have the same discrimination ability in identification of class labels. In this paper, we proposed a
method to determine a relative weighted feature space where every feature has a relative weight in
identification of class label. We proposed a method to extend the available knowledge from training
labeled samples to unlabeled samples using graph based clustering where low rank representation
as a powerful representation tool is used to define the affinity matrix for graph. Any DR method and
classification algorithm can be used in RWES. In fact, the proposed procedure can be applied as a
preprocessing phase in any feature extraction method and classification algorithm. The experimental
results indicate the ability of weighted feature space in dimension reduction methods in comparison
with original feature space. But, our experiments showed that the relative weighted feature space is

not suitable for all dimension reduction methods.
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304 Figure 3 The average classification accuracy versus the number of extracted features for University of
305 Pavia data set obtained by a) ML classifier; b) SVM classifier with 10 labeled samples, 1500 unlabeled
306 samples; dashed lines belong to RWFES and solid lines belong to OFS
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