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Abstract: Hyperspectral images (HSIs) provide rich spectral information, facilitating many applica-
tions, including landcover classification. However, due to the high dimensionality of HSIs, landcover
mapping applications usually suffer from the curse of dimensionality, which degrades the efficiency
of supervised classifiers due to insufficient training samples. Feature extraction (FE) is a popular
dimension reduction strategy for this issue. This paper proposes an unsupervised FE algorithm
that involves extracting endmembers and clustering spectral bands. The proposed method first
extracts existing endmembers from the HSI data via a vertex component analysis method. Using
these endmembers, it subsequently constructs a prototype space (PS) in which each spectral band
is represented by a point. Similar/correlated bands in the PS remain near one another, forming
several clusters. Therefore, our method, in the next step, clusters spectral bands into multiple clusters
via K-means and fuzzy C-means algorithms. Finally, it combines all the spectral bands in the same
cluster using a weighted average operator to decrease the high dimensionality. The extracted features
were evaluated by applying an SVM classifier. The experimental results confirmed the superior
performance of the proposed method compared with five state-of-the-art dimension reduction algo-
rithms. It outperformed these algorithms in terms of classification accuracy on three widely used
hyperspectral images (Indian Pines, KSC, and Pavia Centre). The suggested technique also showed
comparable or even stronger performance (up to 9% improvement) compared with its supervised
competitor. Notably, the proposed method exhibited higher accuracy even when only a limited
number of training samples were available for supervised classification. Using only five training
samples per class for the KSC and Pavia Centre datasets, our method’s classification accuracy was
higher than that of its best-performing unsupervised competitors by about 7% and 1%, respectively,
in our experiments.

Keywords: hyperspectral remote sensing; dimension reduction; feature extraction; curse of
dimensionality; supervised classifier; landcover classification

1. Introduction

Hyperspectral sensors, which capture images using hundreds of spectral bands, pro-
vide a rich source of spectral information and pave the way for a wide range of remote
sensing applications, particularly precise landcover classification [1,2]. However, the inclu-
sion of many spectral bands poses challenges in the transmission, storage, and processing
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of hyperspectral images (HSIs) [3]. Because supplying adequate training samples could be
difficult in real-world applications, HSI classification may suffer from the curse of dimen-
sionality, which has a detrimental influence on final results by increasing the likelihood of
overfitting [4]. More significantly, the high dimensionality increases computational time
and complexity. As a solution, dimension reduction (DR) approaches are used as a critical
preprocessing step, particularly for supervised landcover classification, to decrease the
high dimensionality of HSIs while preserving discriminative information [5,6].

DR approaches are broadly divided into feature extraction (FE) and feature selection
(FS). FS approaches select a desired band subset from the original HSI while removing
redundant bands. The sequential information of the original data is kept in FS models,
which is critical for physical interpretation. These FS approaches are further classified as
supervised [7,8] and unsupervised [9,10].

The FE approaches combine spectral bands using mathematical processes, such as
principal component analysis (PCA), and map the original HSI into a new feature space with
a lower dimension [11]. FE methods have some advantages over FS ones, which contribute
to their stronger performance [12]. FE techniques can extract the most information from
the original high-dimensional spectral data by generating new features that indicate the
most significant variations. Furthermore, FE approaches can generate new features that
are not clearly present in the original spectral bands. These newly generated features are
capable of capturing complex relationships and latent patterns in the data. As a result,
they could be able to increase the representation of spectral characteristics, resulting in
improved discrimination and classification accuracy [13,14]. Similar to FS approaches, FE
is categorized into supervised and unsupervised models. Unsupervised algorithms do not
require training samples and are thus preferred, because collecting and preparing ground
truth training samples is time-consuming, expensive, and sometimes impossible [15].

According to [14], there are five types of FE methods: knowledge-based, statistical,
wavelet-based, clustering, and deep learning. Knowledge-based strategies improve certain
spectral band characteristics by performing basic mathematical operations on the original
bands to differentiate the objects of interest. This category includes spectral indices, such
as the normalized difference index (NDVI). Using hyperspectral data, researchers in [16]
examined different vegetation indices, such as NDVI and the soil adjusted vegetation index
(SAVI), and then modified these indices to forecast the green leaf area index. Although
knowledge-based features have a direct relationship with physical characteristics, the goal
of this type of FE is not to reduce dimensionality; instead, these approaches are utilized to
gather extra information to facilitate the differentiation of land cover classes.

In statistical FE, the original HSI is transformed into a lower dimensional feature
space without considerable loss of information, in which the classes of interest are more
separable [17]. Nonparametric weighted feature extraction (NWFE) is an example of sta-
tistical FE [18]. Another statistical FE approach is discriminant analysis feature extraction
(DAFE) [19]. Although this supervised technique is frequently used for dimension reduc-
tion, it can only extract a limited number of features (i.e., M − 1, where M is the total
number of classes), which may not be enough for an accurate image classification. Another
disadvantage of DAFE is that it suffers greatly from the ill-conditioning problem when just
a small number of training samples are available.

The wavelet-based FE methods are based on the fact that wavelet transform decom-
poses a signal into constituent wavelets of varying sizes and positions. The majority of
methods in this category employ the discrete wavelet transform.

Deep learning FE performs admirably when dealing with nonlinear input data. Deep
learning approaches, which are well reviewed in [13], use a hierarchical learning framework
to extract high-level features [14]. The use of autoencoders is a basic method for extracting
deep features in a hierarchical manner. Deep features were extracted from hyperspectral
images in a work by Chen et al. (2014) using a stacked autoencoder with five layers [20].
The images were then classified using logistic regression.
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Minibatch graph convolutional networks (miniGCN), a novel method for training
large-scale graph convolutional networks in a minibatch fashion, was introduced by re-
searchers in [21]. The feature extraction and classification of hyperspectral images were the
primary purposes for the creation of this technique. An advantageous feature of miniGCN
is its ability to handle out-of-sample data inference without the need for retraining the
networks, leading to improved classification performance. In addition, SpectralFormer,
a novel backbone network, was suggested in [22] for the deep feature extraction and
classification of HSIs. Leveraging image transformer models, SpectralFormer is adept at
learning spectrally local sequence information from adjacent bands within HSI images, thus
generating groupwise spectral embeddings. Additionally, researchers in [23] addressed
the need for finely classifying features in complex scenes by introducing a comprehensive
multimodal deep learning framework, which serves as a baseline solution.

Deep learning algorithms for HSI dimension reduction have the benefit of learning
hierarchical representations and capturing complex spectral-spatial features automatically.
However, for hyperspectral datasets, supervised deep learning models require a substantial
quantity of labeled training data, which might be difficult to obtain. When the training
dataset is small, they are prone to overfitting, which can lead to poor generalization
performance. Furthermore, developing deep learning models for dimension reduction can
be computationally challenging, necessitating significant computer resources and longer
training durations.

Clustering-based algorithms are the final type of FE that has shown promising re-
sults [24]. In this category, related spectral bands are first grouped into several clusters,
and then the grouped bands are merged to extract a single feature from each cluster. This
category includes unsupervised band correlation clustering (BCC) [25]. The BCC method
involves determining correlation coefficients between spectral bands, clustering the bands
using a k-means algorithm based on the correlation coefficient matrix, and extracting new
features by computing the mean value of the bands in each cluster. The results of BCC
experiments demonstrated that BCC outperformed well-known FE methods including
PCA, independent component analysis, and minimum noise fraction. While band corre-
lation is useful for understanding spectral band relationships, relying entirely on band
correlation in BCC for dimension reduction may result in limited information capture and
poor feature discrimination. By overlooking specific spectral characteristics and variations
within classes, this method may result in less discriminative and less accurate feature
representations, especially in complex hyperspectral datasets.

In [26], an iterative technique for clustering and merging neighboring bands based on
the Pearson correlation coefficient was developed. Although the suggested technique is
entirely unsupervised and has consistent behavior for different data sets, it requires time
to fine-tune its parameters. Using an expectation-maximization clustering methodology
and weighted average fusion, researchers at [27] developed a feature extraction method for
hyperspectral image analysis. One of the most significant advantages of this technique is
that it automatically identifies the optimal number of clusters based on the Bhattacharya
distance. The extracted features are also highly discriminative, which resulted in superior
classification results compared with its competitors.

Lu et al. (2014) described a feature extraction approach for spectral–spatial classifica-
tion of hyperspectral data that is based on clustering [28]. The suggested method grouped
the high-dimensional data via clustering, efficiently extracting significant information while
decreasing redundancy. The technique is able to improve the extraction of hidden relation-
ships between neighboring pixels that are not easily visible in the raw data. In [3], adjacent
bands were optimally clustered, using a particle swarm optimization (PSO) algorithm, and
merged using a mean-weighted operator. Although the method is capable of identifying
optimal clusters, it is developed based on a metaheuristic optimization algorithm that is
computationally expensive and time-consuming.

Another FE method employing a clustering-based algorithm is clustering-based fea-
ture extraction (CBFE) [29]. CBFE constructs a prototype space (PS) in a supervised manner
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where each band is represented as a point/vector. CBFE searches for similar/correlated
bands in the PS using a clustering algorithm and combines them to minimize the dimen-
sionality of the HSIs. The fact that CBFE only uses first-order statistics from training
samples (i.e., mean values) is one of its advantages. As a result, it could perform better
than other methods which employ second-order statistics in ill-posed situations, especially
when there are few training samples available for training. CBFE outperformed various
conventional methods, including PCA, NWFE, and linear discriminant analysis, according
to the experimental results [29].

CBFE can show desirable results, but it is a supervised method and requires training
samples. However, as mentioned before, acquiring accurate and sufficient training samples
is expensive, time-consuming, difficult, and sometimes impossible. To address this issue,
in this paper, we provide an unsupervised version of CBFE by introducing the concept
of endmember extraction into the dimension reduction discipline. In the first step of our
method, pure pixels, called endmembers, of the input HSI are extracted. Using these
endmembers, we construct a PS in an unsupervised manner in which each axis represents
an endmember. Second, the proposed method groups similar and correlated spectral
bands in the PS. Finally, all bands in each cluster are combined using a weighted average
operator to decrease the HSI’s high dimensionality. More details about the proposed
method are provided in the following section. The primary contribution of our research
can be summarized as follows:

• Introducing an unsupervised breakthrough: By removing the requirement for training
data, our method revolutionizes the CBFE into a genuinely unsupervised approach.

• Endmember extraction meets dimension reduction: By combining the strength of
endmember extraction with dimension reduction, we have developed a unique method
that uses pure pixels to build a new PS. Within this PS, similar/correlated spectral
bands remain near one another and form several clusters, which lets us identify and
reduce redundant spectral bands.

• Unleashing the potential of unsupervised learning: We use unsupervised learning
principles to automatically group and combine similar and correlated spectral bands,
opening the way for rapid and accurate dimension reduction.

2. Methodology

The proposed method for dimension reduction in hyperspectral imagery has five steps.
The flowchart of the proposed method is illustrated in Figure 1, and details of each step are
explained below.

Step 1: Estimate the input HSI’s virtual dimensionality (VD) using HySime, a well-
known VD estimation technique [30]. This step detects the number of existent endmembers
in the input image, denoted by n. Further details and additional information about HySime
can be found in the publication available at [31].

Step 2: Extract existing endmembers (E) from the image using a state-of-the-art vertex
component analysis (VCA) [32]. We utilized an open-source MATLAB Hyperspectral
Toolbox for the practical application of VCA and HySime. The toolbox can be accessed and
downloaded from [33]. The VCA algorithm can be outlined as follows:

Step 2.1. Consider the desired number of endmembers to be generated as n and the
HSI data to be Hp×d, where p is the total number of pixels and d is the total number of
spectral bands.

Step 2.2. Set the initial vector e1 = [0, 0, . . . , 1], and consider E(1) =
[

eT
1 , 0, . . . , 0

]
Step 2.3. Produce a Gaussian random vector, w(k+1), which is utilized to generate

f (k+1) :

f (k+1) = ((I − E(k)E(k)#)w(k+1))/
∣∣∣∣∣∣(I − E(k)E(k)#)w(k+1)

∣∣∣∣∣∣ (1)

where E(k)# is pseudoinverse of E(k), and f (k+1) is a vector orthonormal to the subspace
spanned by E(k).



Remote Sens. 2023, 15, 3855 5 of 27Remote Sens. 2023, 15, x FOR PEER REVIEW  5  of  31 
 

 

 Virtual dimensionality estimation

Endmember extraction

Prototype space generation

Spectral bands clustering

Feature extraction

 Input HSI

 Reduced HSI
 

Figure 1. The flowchart of the proposed method for dimension reduction of HSIs. 

Step 1: Estimate the input HSI’s virtual dimensionality (VD) using HySime, a well-

known VD estimation technique [30]. This step detects the number of existent endmem-

bers in the input image, denoted by  𝑛. Further details and additional information about 

HySime can be found in the publication available at [31]. 

Step 2: Extract existing endmembers (𝐸) from the image using a state-of-the-art vertex 

component  analysis  (VCA)  [32]. We  utilized  an  open-source MATLAB Hyperspectral 

Toolbox for the practical application of VCA and HySime. The toolbox can be accessed 

and downloaded from [33]. The VCA algorithm can be outlined as follows: 

Step 2.1. Consider the desired number of endmembers to be generated as  𝑛  and the 
HSI data to be 𝐻 , where 𝑝 is the total number of pixels and 𝑑 is the total number of 

spectral bands. 

Step 2.2. Set the initial vector  𝒆 0,0, … ,1 , and consider  𝐸  𝒆 , 𝟎, … , 𝟎  
Step 2.3. Produce a Gaussian random vector, 𝑤 , which  is utilized  to generate 

 𝑓 : 

 𝑓 𝐼 𝐸 𝐸
#

𝑤 / 𝐼 𝐸 𝐸
#

𝑤   (1)

where  𝐸
#
  is pseudoinverse of  𝐸 , and   𝑓   is a vector orthonormal to the subspace 

spanned by  𝐸 . 
Step  2.4. Determine  𝒆  , which  is  a pixel  (i.e.,  row)  in  𝐻   having  the maximum 

length after projection using   𝑓 .   In other words,  𝒆    is a pixel in 𝐻  that maximizes 

the following expression: 

𝒆 argmax 𝑓 𝐻 ,:    (2) 

where the symbol  𝐻 ,: means the i-th row of matrix H;  .   denotes the transpose op-

erator, and  ‖. ‖  is the norm operator.  argmax  represents the operation of finding the ar-
gument that maximizes the value of a given function. 

Step 2.5. Replace the k + 1-th column of  𝐸  with  𝒆 . Repeat the last three steps 

to extract  𝑛  endmembers in  𝐸 𝒆 , 𝒆 , … , 𝒆 . These endmembers are pure pixels of the 

image and are considered as representatives of existing phenomena. 

Figure 1. The flowchart of the proposed method for dimension reduction of HSIs.

Step 2.4. Determine ek+1, which is a pixel (i.e., row) in H having the maximum length
after projection using f (k+1). In other words, ek+1 is a pixel in H that maximizes the
following expression:

ek+1 = argmax
i

(|| f (k+1)T [H]i,:||) (2)

where the symbol [H]i,: means the i-th row of matrix H; (.)T denotes the transpose operator,
and ||. || is the norm operator. Argmax represents the operation of finding the argument
that maximizes the value of a given function.

Step 2.5. Replace the k + 1-th column of E(k+1) with eT
k+1. Repeat the last three steps

to extract n endmembers in E =
[
eT

1 , eT
2 , . . . , eT

n
]
. These endmembers are pure pixels of the

image and are considered as representatives of existing phenomena.
Step 3: Generate a prototype space (PS) using the spectra of the extracted endmembers

(i.e., E) in the second step. In this space, each axis is associated with an endmember.
Therefore, the dimension of the PS is equal to the total number of endmembers (i.e., VD).
Matrix E generates the PS in our method. Each row of E is a point in the PS, and it is
representative of a spectral band. For example, the j-th row of E represents the j-th spectral
band in the PS. As mentioned, each spectral band is represented by a point in PS. As a
result, similar bands in PS remain near one another, forming several clusters.

Step 4: Group the spectral bands’ representatives in the PS into k clusters by applying a
clustering algorithm. Each of these clusters contains similar and correlated spectral bands. k
equals the number of extracted features (i.e., the dimension of the reduced HSI) in our method.

Step 5: Extract a new feature for each cluster to decrease the dimensionality of the
input HSI. In order to achieve this, we present two FE versions in this study. The fourth
step of the first method, known as weighted feature extraction (WFE), uses a k-means
clustering algorithm [34]. Then, we selected the spectral bands that had a representative in
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a similar cluster. Finally, a weighted average of the selected spectral bands was calculated
as described below (Equation (3)).

B
′
l =

∑h
j=1 wjBj

∑h
j=1 wj

(3)

where B
′
l is the extracted feature for the l-th cluster; Bj is the j-th spectral band whose

representative exists in cluster l, and wj is its corresponding weight, which is the inverse of
distance to the l-th cluster’s centroid; and h denotes the total number of the spectral band’s
representatives in the l-th cluster.

In the second method, called fuzzy feature extraction (FFE), we first apply the renowned
fuzzy C-means clustering [35] in the fourth step, and then use Equation (4) to reduce the
high dimension of input HSI:

Rp×k = Hp×d ×UT
d×k (4)

in which H is the input HSI matrix with a dimension of k× d, where p is the total number
of pixels, and d is the total number of spectral bands; R is the dimensionality deduced
HSI; U =

[
ui,j

]
is the fuzzy partition matrix, with a dimension of k × d, where k is the

total number of clusters; and ui,j denotes the degree of membership of the j-th spectral
band’s representative to the i-th cluster. It should be mentioned that the columns of UT are
normalized by dividing each of its columns by their sum.

3. Experimental Results and Discussions
3.1. Datasets

Three hyperspectral datasets were used in this study to evaluate the effectiveness of
the proposed method as an unsupervised FE. The datasets are explained in detail in the
following subsections.

3.1.1. Pavia Centre

The first dataset is a hyperspectral image of Pavia Centre, captured by the ROSIS
sensor (Figure 2a). Originally, this high-resolution image (1.3 m per pixel) had 115 spectral
bands that covered a spectral range of 0.43 to 0.86 µm. After removing all noise-affected
bands, the remaining 102 bands were used in the experiments. According to the existing
ground truth data, the nine classes of interest are water, tree, meadow, brick, soil, asphalt,
bitumen, tile, and shadow (Figure 2b and Table 1).

Table 1. Pavia Centre ground truth samples.

Classes Number of Samples

Water 65,971
Trees 7598

Asphalt 3090
Self-Blocking Bricks 2685

Bitumen 6584
Tiles 9248

Shadows 7287
Meadows 42,826
Bare soil 2863

3.1.2. Indian Pines

The AVIRIS sensor obtained the second data set over a vegetated area in Indiana, USA.
The AVIRIS images contain 220 spectral bands (0.4–2.45 µm). Due to the 20 noisy water
absorption bands (i.e., 104–108, 150–163, and 220) in the original image, the experiments were
conducted using 200 spectral bands. This dataset has 16 classes, according to the published
ground truth map. In this study, four classes were ignored due to their small sample size.



Remote Sens. 2023, 15, 3855 7 of 27

Table 2 provides details about the remaining 12 classes. Figure 3 also depicts a false-color
composite representation of the second data set, along with its ground truth map.
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Table 2. Indian Pines ground truth samples.

Classes Number of Samples

Corn (no-till) 1428
Corn (min-till) 830

Corn 237
Grass (pasture) 483

Grass (trees) 730
Hay (windrowed) 478
Soybean (no-till) 972

Soybean (min-till) 2455
Soybean (clean) 593

Wheat 205
Woods 1265

Buildings–Grass–Trees–Drives 386

3.1.3. Kennedy Space Center (KSC)

The KSC dataset was collected from the Kennedy Space Center, Florida, by NASA’s
AVIRIS sensor. It contains 512 by 614 pixels, a spectral range of 0.4 to 2.5 µm, and a spatial
resolution of 18 m. This HSI contains 13 classes and 224 spectral bands. However, only
176 bands were utilized for classification, with the remaining bands being discarded due to
noise. Table 3 provides the number of training and test samples, and Figure 4 illustrates a
false-color composite image and ground truth map.
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Scrub 347
Willow swamp 243
CP hammock 256

Slash pine 252
Oak 161

Hardwood 229
Swamp 105

Graminoid marsh 390
Spartina marsh 520
Cattail marsh 404

Salt marsh 419
Mud flats 503

Water 927
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3.2. Experiment Design

To test and compare the quality of extracted features using FFE, WFE, and competing
methods, we employed support vector machines (SVMs) [36] with an RBF kernel. The
SVM was created with the LibSVM package [37]. We also employed a grid search method
and fivefold cross-validation to fine-tune SVM’s hyperparameters (i.e., C and γ, which are
“Cost” and RBF kernel parameters, respectively). For the KSC and Pavia Centre datasets,
we randomly selected 5 and 20 training samples per class from available ground truth data,
and 50 and 100 samples for the Indian Pines dataset. It should be noted that testing was
conducted using the remaining ground truth samples.
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To gain deeper insights into the capabilities of the methods in classifying the extracted
or selected attributes, we employed the T-Distribution Stochastic Neighbour Embedding
(T-SNE) [38] algorithm, effectively reducing their multidimensional nature to a mere pair.
T-SNE stands as a nonlinear method of reducing dimensionality, tailor-made for effectively
visualizing data with high dimensions. The primary strength of T-SNE lies in its ability to
preserve local structure. In essence, this ensures that points with comparable distances in
the original high-dimensional data space retain their similarity even after projection into a
lower-dimensional data space. In this experiment, we utilized 18 features obtained from
each method as input for T-SNE.

3.3. Model Comparison

Our proposed method was compared to five competing methods: hyperbolic clustering-
based band hierarchy (HCBH) [24], clustering-based feature extraction (CBFE) [29], band
correlation clustering (BCC) [25], prototype space-based feature selection (PFS) [39], and
maximum tangent discrimination (MTD) [39]. The reasoning behind selecting these meth-
ods for comparison is that they are all based on clustering algorithms for reducing the
dimensionality of HSIs.

A dimension reduction technique based on deep learning models was also added.
In this regard, an autoencoder (AE) [13] was trained using four encoder layers (with 128,
64, 32, and X neurons) and three decoder layers (with 32, 64, and 128 neurons) with leaky
ReLU activation functions. X represents the desired number of features for dimension
reduction using AE. The AE was trained to reconstruct the input data by compressing it into
a lower-dimensional representation and then expanding it back to its original dimension.
The encoder layers gradually reduce the dimensionality of the input data, while the decoder
layers aim to reconstruct the original input from the compressed representation. All the
competing methods are unsupervised except for CBFE, which benefits from a training
sample for dimension reduction. BCC and CBFE are FE algorithms, similar to our proposed
methodology, whereas the remaining methods are FS algorithms.

Although HCBH is a FS method, we compared our method with it because, similar to
our method, it was developed based on clustering algorithms. HCBH began by calculating
the hyperbolic distance between spectral bands in a hyperbolic space. Then, a bottom-up
hierarchical clustering was performed to cluster comparable bands. Finally, HCBH chose a
band as a representative from each cluster using a cluster-center ranking algorithm.

PFS and MTD were chosen because they both employed PS in their techniques. They,
however, generate the PS in a different way than we did. PFS and MTD first employ
the k-means algorithm to cluster the input HSI, which has a computational burden. The
mean value of each cluster is then determined to create the PS. Thus, each axis in their
PS represents a cluster, which is in contrast to our method, where each axis represents an
endmember in our PS. Finally, in their PS, PFS uses the orthogonal distance from the PS’s
diagonal to select informative bands, while MTD applies the tangent of the angles between
pairs of bands to choose the bands with the lowest correlations.

In this study, the quality of the extracted features from different methods was evaluated
using the kappa coefficient (κ), overall accuracy (OA) and average accuracy (AA), all of
which measure classification accuracy from different viewpoints. It should be mentioned
that each experiment was repeated ten times, and the average values of κ, OA and AA
were finally used for validation of the models in the following tables and figures.

3.4. Results and Discussion
3.4.1. Indian Pines

Table 4 shows the obtained result for the Indian Pines dataset using 50 training samples
per class. The best result for each row of this table is bolded. According to Table 4, our
proposed methods (i.e., WFE and FFE) outperformed the other models in all cases (i.e.,
with different number of features). This demonstrates the high quality of the extracted
features, using our method.
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Table 4. Classification accuracy, i.e., mean κ/OA/AA, of different dimension reduction methods
using 50 training samples per class for the Indian Pines dataset. The best results are highlighted in
bold. Values of standard deviation (STD) are given in parentheses. Hyperbolic clustering-based band
hierarchy (HCBH), clustering-based feature extraction (CBFE), band correlation clustering (BCC),
autoencoder (AE), prototype space-based feature selection (PFS), maximum tangent discrimination
(MTD), weighted feature extraction (WFE), and fuzzy feature extraction (FFE).

No.
Features

Methods

BCC AE CBFE MTD PFS HCBH WFE FFE

3
49.47(±0.00)/
55.77(±0.00)/
60.77(±0.00)

49.95(±0.75)/
55.43(±0.74)/
62.08(±1.01)

55.87(±0.00)/
60.81(±0.00)/
67.47(±0.00)

39.90(±0.52)/
46.55(±0.52)/
51.49(±0.67)

44.04(±1.83)/
50.59(±1.56)/
53.22(±2.11)

54.04(±0.33)/
59.52(±0.53)/
66.67(±0.03)

57.31(±1.95)/
62.28(±1.72)/
67.83(±2.18)

56.75(±0.66)/
61.67(±0.53)/
68.75(±0.78)

4
47.20(±0.18)/
53.25(±0.23)/
60.49(±0.12)

50.86(±1.92)/
56.31(±1.68)/
62.24(±1.84)

56.45(±0.00)/
61.32(±0.08)/
68.72(±0.00)

48.16(±1.82)/
54.16(±1.69)/
60.12(±1.00)

43.03(±0.21)/
49.63(0.05±)/
52.85(±0.45)

61.19(±0.38)/
65.91(±0.58)/
72.43(±0.38)

67.14(±0.81)/
71.08(±0.74)/
75.81(±0.46)

62.62(±3.30)/
66.95(±3.05)/
73.27(±1.70)

5
49.89(±0.63)/
55.85(±0.48)/
62.45(±0.43)

52.53(±2.07)/
57.75(±1.87)/
63.84(±1.57)

59.19(±0.10)/
63.91(±0.25)/
70.60(±0.16)

52.04(±1.77)/
57.70(±1.61)/
63.29(±1.13)

38.24(±0.00)/
45.27(±0.00)/
48.67(±0.00)

62.06(±0.88)/
66.73(±1.06)/
72.74(±0.68)

67.70(±0.25)/
71.52(±0.21)/
77.75(±0.40)

66.86(±0.77)/
70.77(±0.68)/
76.61(±0.57)

6
52.69(±0.96)/
58.59(±0.66)/
64.16(±1.14)

54.15(±1.28)/
59.23(±1.14)/
64.94(±0.96)

59.96(±0.26)/
64.66(±0.06)/
71.70(±0.28)

56.28(±0.00)/
61.52(±0.00)/
67.67(±0.00)

44.63(±0.00)/
52.01(0.00±)/
52.77(±0.00)

63.72(±0.60)/
68.02(±0.33)/
74.81(±0.10)

69.54(±1.16)/
73.14(±1.02)/
78.73(±0.69)

67.84(±1.39)/
71.63(±1.23)/
77.63(±0.98)

7
60.13(±1.00)/
64.82(±0.80)/
70.82(±1.15)

55.84(±1.32)/
60.76(±1.18)/
66.26(±1.56)

63.50(±0.07)/
67.69(±1.09)/
74.23(±0.06)

52.62(±2.55)/
58.00(±2.30)/
64.52(±2.30)

47.16(±3.89)/
53.29(±3.52)/
59.03(±3.38)

65.89(±1.09)/
69.97(±1.03)/
76.99(±0.05)

70.60(±1.52)/
74.10(±1.33)/
79.66(±1.31)

69.45(±1.58)/
73.07(±1.38)/
78.39(±1.02)

8
60.26(±1.47)/
64.88(±1.32)/
71.17(±1.21)

56.10(±1.98)/
60.94(±1.80)/
67.38(±1.44)

65.04(±1.15)/
69.07(±1.18)/
75.44(±0.61)

56.44(±0.46)/
61.47(±0.48)/
67.94(±0.13)

47.38(±0.00)/
53.41(±0.00)/
59.71(±0.00)

68.51(±0.66)/
71.95(±0.74)/
78.55(±0.42)

70.73(±1.57)/
74.22(±1.40)/
79.64(±1.43)

70.83(±1.12)/
74.29(±0.98)/
79.63(±1.01)

9
60.26(±2.27)/
64.94(±2.01)/
71.09(±1.75)

55.63(±2.31)/
60.57(±2.18)/
66.99(±1.36)

64.76(±1.29)/
68.86(±1.78)/
75.25(±0.67)

56.14(±0.66)/
61.14(±0.62)/
67.80(±0.41)

52.40(±2.42)/
57.95(±2.11)/
64.10(±2.87)

69.14(±0.37)/
72.79(±0.67)/
78.76(±0.02)

70.34(±2.87)/
73.88(±2.54)/
79.24(±2.57)

71.54(±1.47)/
74.93(±1.30)/
80.37(±0.84)

10
59.74(±1.34)/
64.47(±1.16)/
70.67(±1.25)

56.70(±2.19)/
61.55(±1.99)/
67.19(±2.03)

65.48(±1.99)/
69.47(±1.56)/
75.73(±1.43)

55.94(±1.52)/
60.95(±1.44)/
67.78(±1.02)

52.06(±1.40)/
57.76(±1.32)/
62.44(±0.99)

69.82(±0.86)/
73.36(±0.42)/
79.61(±0.21)

69.93(±3.50)/
73.52(±3.11)/
78.67(±2.88)

72.11(±1.07)/
75.45(±0.94)/
80.74(±0.78)

11
58.33(±1.99)/
63.22(±1.83)/
69.61(±1.48)

57.18(±2.55)/
61.99(±2.32)/
67.34(±2.10)

66.60(±1.75)/
70.52(±1.86)/
76.46(±1.27)

59.91(±0.81)/
64.57(±0.73)/
70.71(±0.47)

53.98(±0.94)/
59.34(±0.81)/
65.26(±1.78)

70.18(±1.15)/
73.71(±0.60)/
79.42(±0.37)

70.00(±3.18)/
73.57(±2.81)/
79.14(±2.88)

73.57(±0.44)/
76.74(±0.41)/
81.69(±0.15)

12
61.67(±1.68)/
66.27(±1.47)/
72.25(±1.80)

56.49(±2.10)/
61.32(±1.99)/
67.66(±1.34)

67.21(±2.09)/
71.04(±1.74)/
77.40(±1.52)

59.70(±0.40)/
64.38(±0.37)/
70.64(±0.29)

54.19(±0.68)/
59.49(±0.61)/
65.72(±1.60)

71.34(±0.71)/
74.76(±1.14)/
80.85(±0.43)

70.17(±2.89)/
73.73(±2.56)/
79.52(±2.25)

73.41(±1.04)/
76.61(±0.93)/
81.36(±0.60)

13
61.54(±2.16)/
66.11(±1.98)/
72.43(±1.49)

58.32(±0.95)/
63.02(±0.93)/
68.52(±0.22)

66.64(±1.97)/
70.59(±1.09)/
76.36(±1.83)

60.27(±0.80)/
64.87(±0.72)/
71.16(±0.73)

55.01(±1.34)/
60.29(±1.26)/
66.21(±1.37)

71.16(±0.36)/
74.56(±0.66)/
80.33(±0.46)

70.75(±2.54)/
74.25(±2.24)/
79.97(±2.18)

72.89(±0.91)/
76.15(±0.79)/
81.34(±0.70)

14
61.34(±1.52)/
65.97(±1.39)/
72.04(±1.31)

56.99(±1.88)/
61.78(±1.71)/
67.35(±1.58)

67.22(±1.23)/
71.11(±2.34)/
76.80(±1.06)

60.51(±0.25)/
65.13(±0.23)/
71.15(±0.43)

55.67(±1.48)/
60.88(±1.35)/
66.94(±1.93)

72.23(±1.02)/
75.50(±0.43)/
81.31(±0.15)

68.60(±2.95)/
72.34(±2.60)/
78.15(±2.68)

72.72(±0.90)/
75.99(±0.79)/
81.25(±0.67)

15
62.41(±1.40)/
66.92(±1.22)/
73.05(±1.42)

59.31(±1.37)/
63.90(±1.26)/
69.56(±0.76)

66.89(±2.34)/
70.84(±2.08)/
76.43(±1.97)

59.42(±0.81)/
64.18(±0.78)/
69.86(±0.25)

55.99(±1.87)/
61.20(±1.63)/
67.08(±2.48)

72.85(±0.80)/
76.11(±0.35)/
81.43(±0.13)

68.44(±3.25)/
72.16(±2.91)/
78.36(±2.63)

73.11(±0.97)/
76.35(±0.85)/
81.58(±0.73)

16
62.69(±1.46)/
67.14(±1.30)/
73.33(±0.89)

57.99(±0.84)/
62.75(±0.71)/
68.13(±1.20)

66.74(±1.19)/
70.69(±1.05)/
76.42(±1.18)

60.46(±1.89)/
65.11(±1.68)/
70.54(±1.55)

56.49(±0.74)/
61.60(±0.68)/
68.10(±0.85)

70.33(±0.40)/
73.91(±0.56)/
80.13(±0.28)

67.72(±1.96)/
71.51(±1.77)/
77.94(±1.53)

73.26(±0.70)/
76.46(±0.63)/
81.97(±0.59)

17
63.38(±1.80)/
67.79(±1.60)/
73.59(±1.45)

58.34(±2.13)/
63.02(±1.94)/
68.91(±1.39)

66.64(±0.74)/
70.58(±0.66)/
76.59(±0.72)

60.84(±2.56)/
65.46(±2.26)/
70.97(±2.14)

57.20(±1.73)/
62.24(±1.54)/
68.44(±1.88)

73.14(±1.00)/
76.39(±0.46)/
81.48(±0.86)

67.89(±2.59)/
71.66(±2.30)/
77.94(±2.27)

73.64(±1.06)/
76.80(±0.96)/
82.19(±0.72)

18
62.19(±1.44)/
66.68(±1.32)/
73.25(±1.13)

58.95(±1.69)/
63.56(±1.55)/
69.23(±1.26)

66.35(±1.15)/
70.31(±1.04)/
76.35(±0.96)

60.03(±2.06)/
64.75(±1.82)/
70.19(±2.03)

57.33(±2.13)/
62.36(±1.90)/
68.62(±2.36)

73.11(±0.70)/
76.34(±0.57)/
81.75(±0.34)

67.72(±1.61)/
71.50(±1.47)/
77.86(±0.97)

73.63(±0.70)/
76.79(±0.63)/
82.23(±0.49)

Mean
58.32(±1.33)/
63.29(±1.17)/
69.45(±1.13)

55.96(±1.71)/
60.87(±1.56)/
66.73(±1.35)

64.03(±1.08)/
68.22(±0.97)/
74.50(±0.86)

56.17(±1.18)/
61.25(±1.08)/
67.24(±0.91)

50.92(±1.29)/
56.71(±1.15)/
61.82(±1.50)

68.04(±0.71)/
71.85(±0.63)/
77.95(±0.31)

68.41(±2.16)/
72.16(±1.92)/
77.89(±1.83)

70.26(±1.13)/
73.79(±1.01)/
79.31(±0.77)

In another experiment, the number of training samples was increased to 100 per
class for the classification task. The acquired findings are shown in Table 5. Based on the
results, this experiment did not affect the results, compared with the first experiment (i.e.,
Table 4). This is because most of the approaches in our trials are unsupervised and do not
require training data for dimension reduction. In fact, the proposed WFE and FEE models
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outperformed existing approaches in terms of accuracy, demonstrating the high quality of
their derived features.

Table 5. Classification accuracy, i.e., mean κ/OA/AA, of different dimension reduction methods
using 100 training samples per class for the Indian Pines dataset. The best results are highlighted
in bold. Values of standard deviation are given in parentheses. Hyperbolic clustering-based band
hierarchy (HCBH), clustering-based feature extraction (CBFE), band correlation clustering (BCC),
autoencoder (AE), prototype space-based feature selection (PFS), maximum tangent discrimination
(MTD), weighted feature extraction (WFE), and fuzzy feature extraction (FFE).

No.
Features

Methods

BCC AE CBFE MTD PFS HCBH WFE FFE

3
47.01(±0.00)/
52.61(±0.00)/
63.75(±0.00)

51.61(±0.80)/
56.97(±0.76)/
65.68(±0.84)

57.28(±0.00)/
62.28(±0.00)/
68.39(±0.00)

42.10(±0.42)/
48.67(±0.36)/
55.38(±0.38)

46.07(±1.57)/
52.20(±1.38)/
58.58(±1.46)

56.74(±0.31)/
61.79(±0.31)/
70.97(±0.70)

56.78(±1.68)/
61.93(±1.48)/
69.50(±0.97)

58.27(±0.33)/
63.12(±0.28)/
70.57(±0.21)

4
48.96(±0.42)/
54.64(±0.41)/
64.11(±0.24)

52.52(±2.10)/
57.89(±1.98)/
66.06(±1.74)

60.35(±0.00)/
65.14(±0.00)/
70.85(±0.00)

51.38(±0.69)/
57.05(±0.68)/
63.84(±0.23)

43.50(±1.61)/
49.85(±1.59)/
56.47(±1.35)

62.61(±0.40)/
67.04(±1.19)/
75.60(±0.20)

69.40(±1.01)/
73.13(±0.91)/
79.80(±0.58)

65.42(±4.39)/
69.55(±3.98)/
76.64(±2.45)

5
55.09(±0.27)/
60.42(±0.27)/
67.09(±0.09)

54.82(±2.53)/
60.05(±2.35)/
67.70(±1.70)

63.75(±0.00)/
68.13(±0.00)/
74.25(±0.00)

53.86(±0.18)/
59.39(±0.05)/
66.21(±0.58)

41.34(±0.52)/
48.24(±0.52)/
53.45(±0.46)

64.92(±0.48)/
69.07(±0.42)/
77.32(±0.55)

71.89(±0.65)/
75.32(±0.59)/
82.30(±0.26)

69.99(±0.21)/
73.62(±0.19)/
81.15(±0.19)

6
57.43(±0.41)/
62.50(±0.40)/
69.30(±0.19)

57.08(±0.84)/
62.16(±0.81)/
69.44(±0.76)

67.00(±0.37)/
71.04(±0.34)/
77.40(±0.23)

56.81(±1.24)/
62.09(±1.02)/
68.18(±1.61)

44.94(±0.77)/
51.52(±0.72)/
56.81(±0.74)

66.85(±0.36)/
70.84(±0.51)/
78.88(±0.21)

74.38(±2.80)/
77.54(±2.46)/
83.36(±2.25)

71.15(±0.50)/
74.67(±0.46)/
81.32(±0.40)

7
62.76(±2.05)/
67.27(±1.84)/
73.94(±1.72)

58.80(±1.10)/
63.67(±1.00)/
70.77(±0.97)

68.15(±0.17)/
71.94(±0.16)/
79.19(±0.01)

57.98(±0.64)/
63.07(±0.42)/
69.28(±1.04)

50.93(±2.09)/
56.82(±1.88)/
62.88(±2.42)

67.72(±0.29)/
71.58(±0.98)/
80.09(±0.54)

75.46(±1.07)/
78.49(±0.96)/
84.31(±0.70)

73.09(±1.38)/
76.40(±1.25)/
82.80(±0.74)

8
62.39(±1.06)/
66.91(±0.95)/
73.91(±0.84)

58.78(±3.24)/
63.60(±2.99)/
71.07(±2.34)

67.91(±0.56)/
71.75(±0.51)/
78.98(±0.49)

60.02(±2.31)/
64.85(±2.11)/
71.14(±1.78)

53.26(±1.06)/
58.80(±1.01)/
65.77(±0.55)

72.29(±0.27)/
75.73(±0.62)/
81.75(±0.97)

75.93(±2.09)/
78.90(±1.85)/
84.76(±1.79)

73.97(±1.31)/
77.19(±1.18)/
83.43(±0.54)

9
64.44(±1.42)/
68.75(±1.25)/
75.51(±1.31)

59.96(±1.76)/
64.72(±1.59)/
71.78(±1.16)

68.55(±1.31)/
72.35(±1.15)/
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74.46(±1.17)/
81.72(±0.95)
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86.91(±0.52)

73.02(±1.38)/
76.34(±1.23)/
83.32(±1.14)

78.69(±1.03)/
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Mean
62.68(±1.31)/
67.14(±1.17)/
74.28(±1.08)

59.22(±1.78)/
64.02(±1.63)/
71.33(±1.37)

68.40(±0.89)/
72.23(±0.80)/
78.82(±0.64)

60.09(±1.86)/
64.92(±1.65)/
71.17(±1.58)

53.11(±1.23)/
58.70(±1.12)/
65.44(±1.12)

72.26(±0.34)/
75.67(±0.69)/
82.30(±0.58)

72.59(±2.32)/
75.96(±2.06)/
82.43(±1.72)

74.40(±1.00)/
77.55(±0.89)/
83.82(±0.66)

To compare the overall performance of our proposed method with others, all the
obtained kappa coefficients, OA and AA were averaged, and the results were reported in
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Tables 4 and 5, as well as in Figure 5. As shown in Figure 5, the proposed FFE and WFE
models had better performance compared with the other models. In the experiments with
50 and 100 training samples per class, FFE produced the highest accuracy, with kappa
coefficient/OA/AA values of 70.26/73.79/79.31 and 74.40/77.55/83.82, respectively. This
was higher than the values for WFE (68.41/72.16/77.89 and 72.59/75.96/82.43). In this
dataset, the best competing approach was HCBH, which had kappa coefficient/OA/AA
values of 68.04/71.85/77.95 and 72.26/75.67/82.30 in the 50 and 100 training sample
experiments, respectively. When the kappa coefficients are compared, we discover that the
FFE’s results were 3.26% and 2.96% more accurate than those of HCBH, on average. More
importantly, FFE results were, on average, about 9% more accurate than its supervised
version (i.e., the CBFE method), according to Figure 5.
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Figure 5. Indian Pines dataset: classification accuracy for different methods, including the proposed
models in this study, which are fuzzy feature extraction (FFE) and weighted feature extraction (WFE),
and competing methods: hyperbolic clustering-based band hierarchy (HCBH), clustering-based
feature extraction (CBFE), autoencoder (AE), band correlation clustering (BCC), prototype space-
based feature selection (PFS), and maximum tangent discrimination (MTD); (a,b) illustrate the mean
kappa coefficient (multiplied by 100), OA and AA for the cases of 50 and 100 training samples per
class, respectively.

Based on the mean STD values in the last rows of Tables 4 and 5, it is observed that
HCBH had the highest stability and the lowest mean STD values. For example, according
to Table 5, which shows the classification accuracy using 100 training samples per class, the
HCBH’s STD values are 0.34, 0.69 and 0.58 for the κ, OA and AA values, respectively. This
suggests that HCBH is a reliable and stable algorithm for classification purposes. WFE, on
the other hand, exhibits the least stability, with STD values of 2.32, 2.06, and 1.72 (Table 5).
Other methods in this dataset have close STD values, indicating that they are almost the
same from a stability point of view. However, when it comes to accuracy, these methods
show significant variations. This suggests that while they may provide similar levels of
stability, they may not necessarily yield equally precise results. Therefore, it is important to
consider both stability and accuracy when choosing a method for any given analysis.

Overall, there are three reasons for our method’s superiority: (1) Despite our technique
being unsupervised and having no knowledge of the existing classes in the image, we were
able to discover pure pixels of the image that reflect existing phenomena in the image using
an endmember algorithm. These pure pixels provided significant information, equivalent
to training samples for building a PS. (2) The prototype space helped identify clusters of
correlated and similar spectral bands, which were then combined using a weighted-mean
operator to decrease the high dimension of the HSIs without sacrificing much spectral
information. (3) The extracted features have a greater signal-to-noise ratio since they are
the weighted average of several correlated bands in the original HSI, which should reduce
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random noise. Figure 6 shows the final results of each method, using 100 training samples
per class and 10 features.

Remote Sens. 2023, 15, x FOR PEER REVIEW  14  of  31 
 

 

Figure 5. Indian Pines dataset: classification accuracy for different methods, including the proposed 

models  in  this  study, which  are  fuzzy  feature  extraction  (FFE)  and weighted  feature  extraction 

(WFE), and competing methods: hyperbolic clustering-based band hierarchy (HCBH), clustering-

based  feature extraction  (CBFE), autoencoder  (AE), band correlation clustering  (BCC), prototype 

space-based  feature selection  (PFS), and maximum  tangent discrimination  (MTD);  (a,b)  illustrate 

the mean kappa coefficient  (multiplied by 100), OA and AA  for  the cases of 50 and 100  training 

samples per class, respectively. 

Overall, there are three reasons for our method’s superiority: (1) Despite our tech-

nique being unsupervised and having no knowledge of the existing classes in the image, 

we were able to discover pure pixels of the image that reflect existing phenomena in the 

image  using  an  endmember  algorithm.  These  pure  pixels  provided  significant  infor-

mation, equivalent to training samples for building a PS. (2) The prototype space helped 

identify clusters of correlated and similar spectral bands, which were then combined us-

ing a weighted-mean operator to decrease the high dimension of the HSIs without sacri-

ficing much spectral information. (3) The extracted features have a greater signal-to-noise 

ratio since they are the weighted average of several correlated bands in the original HSI, 

which should reduce random noise. Figure 6 shows the final results of each method, using 

100 training samples per class and 10 features. 

     

(a)  (b)  (c) 

     

(d)  (e)  (f) 

   

(g)  (h) 

Figure 6. The classified image of Indian Pines dataset using 100 training samples per class and 10 

features: (a) BCC with  𝜅 64.95, (b) AE with  𝜅 63.18, (c) CBFE with  𝜅 69.82, (d) MTD with 
Figure 6. The classified image of Indian Pines dataset using 100 training samples per class and
10 features: (a) BCC with κ = 64.95, (b) AE with κ = 63.18, (c) CBFE with κ = 69.82, (d) MTD with
κ = 62.10, (e) PFS with κ = 54.58, (f) HCBH with κ = 73.20, (g) WFE with κ = 74.99, and (h) FFE
with κ = 76.70.

The outcomes of the T-SNE experiment are visualized in Figure 7 where distinct
colors represent the 12 classes within the Indian Pine dataset. As depicted in this figure,
FFE and HCBH exhibit superior performance compared with the other methods. No-
tably, points belonging to the same class clustered together, forming distinct groupings.
The superior performance of these two methods was further validated through image
classification, as indicated by the highest classification accuracy for the 18 features, as
presented in Tables 4 and 5.

3.4.2. Pavia Centre

The results for the Pavia Centre dataset with five training samples per class are
provided in Table 6. The best outcome for each row of this table is bolded. The classification
accuracies of all approaches were mostly similar, although the proposed WFE model had
the highest κ value in eight cases, which was greater than those of other methods. This
demonstrates the superiority of WFE’s extracted features.
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Table 6. Classification accuracy,  i.e., mean 𝜅/OA/AA, of different dimension reduction methods 
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erarchy (HCBH), clustering-based feature extraction (CBFE), band correlation clustering (BCC), au-

toencoder  (AE), prototype space-based  feature selection  (PFS), maximum  tangent discrimination 

(MTD), weighted feature extraction (WFE), and fuzzy feature extraction (FFE). 

No. 

Features 

Methods 

BCC  AE  CBFE  MTD  PFS  HCBH  WFE  FFE 

3 

87.51(±0.00)/

92.70(±0.00)/

86.10(±0.00) 

86.30(±0.84)/

91.96(±0.49)/

85.49(±0.88) 

88.41(±0.00)/

93.23(±0.00)/

86.18(±0.00) 

84.25(±3.02)/

90.82(±1.75)/

80.72(±5.10) 

88.93(±0.10)/

93.53(±0.06)/

87.00(±0.02) 

85.36(±0.41)/

91.43(±0.32)/

82.46(±0.59) 

85.90(±1.25)/

91.74(±0.73)/

84.04(±1.66) 

86.05(±0.70)/

91.85(±0.41)/

83.19(±0.87) 

4 

87.32(±0.00)/

92.58(±0.00)/

86.23(±0.00) 

84.76(±3.03)/

91.07(±1.78)/

83.32(±3.71) 

87.33(±0.00)/

92.59(±0.00)/

86.27(±0.00) 

84.20(±1.06)/

90.78(±0.61)/

81.06(±1.84) 

86.83(±0.06)/

92.31(±0.03)/

83.75(±0.19) 

83.72(±0.45)/

90.45(±0.36)/

80.78(±0.63) 

87.57(±0.82)/

92.72(±0.49)/

86.53(±0.91) 

86.32(±0.08)/

92.01(±0.04)/

84.27(±0.23) 

5 

87.38(±0.03)/

92.62(±0.01)/

85.90(±0.07) 

86.09(±1.59)/

91.84(±0.93)/

85.19(±2.15) 

88.07(±0.25)/

93.02(±0.14)/

86.76(±0.27) 

86.01(±1.68)/

91.83(±0.98)/

84.07(±1.98) 

86.09(±1.72)/

91.87(±1.02)/

82.97(±1.92) 

82.02(±0.22)/

89.47(±0.13)/

76.91(±0.40) 

88.56(±0.28)/

93.31(±0.16)/

87.80(±0.42) 

85.86(±0.22)/

91.74(±0.13)/

82.19(±0.42) 

6 

88.84(±0.46)/

93.47(±0.27)/

87.58(±0.53) 

87.05(±0.70)/

92.41(±0.42)/

86.06(±0.71) 

88.59(±0.96)/

93.33(±0.56)/

87.03(±1.51) 

85.71(±4.01)/

91.61(±2.44)/

84.21(±3.98) 

87.09(±0.52)/

92.45(±0.31)/

85.11(±0.64) 

87.89(±0.22)/

92.92(±0.13)/

85.90(±0.40) 

88.66(±0.15)/

93.36(±0.09)/

88.15(±0.20) 

86.77(±0.10)/

92.27(±0.06)/

84.40(±0.19) 

7 

86.69(±0.81)/

92.22(±0.47)/

84.80(±1.02) 

85.69(±2.65)/

91.61(±1.57)/

84.08(±4.04) 

88.97(±0.26)/

93.55(±0.15)/

87.71(±0.26) 

86.80(±1.62)/

92.30(±0.94)/

84.84(±1.92) 

87.14(±0.52)/

92.49(±0.30)/

84.74(±0.77) 

87.31(±0.21)/

92.58(±0.12)/

85.65(±0.39) 

88.72(±0.08)/

93.40(±0.05)/

88.03(±0.06) 

87.23(±0.07)/

92.54(±0.04)/

85.47(±0.29) 

8 

86.56(±0.08)/

92.14(±0.05)/

84.79(±0.17) 

86.19(±1.13)/

91.91(±0.66)/

84.43(±2.33) 

86.42(±0.87)/

92.06(±0.51)/

83.89(±1.67) 

86.74(±0.45)/

92.26(±0.26)/

84.78(±0.65) 

87.49(±0.20)/

92.69(±0.12)/

85.86(±0.73) 

87.69(±0.26)/

92.80(±0.17)/

86.17(±0.44) 

88.38(±0.14)/

93.20(±0.08)/

87.92(±0.19) 

87.46(±0.52)/

92.67(±0.31)/

86.23(±0.45) 
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Figure 7. T−SNE results of Indian Pines dataset using 18 features; each color represents a class in
this dataset; (a) BCC, (b) AE, (c) CBFE (d) MTD (e) PFS (f) HCBH (g) WFE, and (h) FFE.
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Table 6. Classification accuracy, i.e., mean κ/OA/AA, of different dimension reduction methods
using five training samples per class for the Pavia Centre dataset. The best results are highlighted
in bold. Values of standard deviation are given in parentheses. Hyperbolic clustering-based band
hierarchy (HCBH), clustering-based feature extraction (CBFE), band correlation clustering (BCC),
autoencoder (AE), prototype space-based feature selection (PFS), maximum tangent discrimination
(MTD), weighted feature extraction (WFE), and fuzzy feature extraction (FFE).

No.
Features

Methods

BCC AE CBFE MTD PFS HCBH WFE FFE

3
87.51(±0.00)/
92.70(±0.00)/
86.10(±0.00)

86.30(±0.84)/
91.96(±0.49)/
85.49(±0.88)

88.41(±0.00)/
93.23(±0.00)/
86.18(±0.00)

84.25(±3.02)/
90.82(±1.75)/
80.72(±5.10)

88.93(±0.10)/
93.53(±0.06)/
87.00(±0.02)

85.36(±0.41)/
91.43(±0.32)/
82.46(±0.59)

85.90(±1.25)/
91.74(±0.73)/
84.04(±1.66)

86.05(±0.70)/
91.85(±0.41)/
83.19(±0.87)

4
87.32(±0.00)/
92.58(±0.00)/
86.23(±0.00)

84.76(±3.03)/
91.07(±1.78)/
83.32(±3.71)

87.33(±0.00)/
92.59(±0.00)/
86.27(±0.00)

84.20(±1.06)/
90.78(±0.61)/
81.06(±1.84)

86.83(±0.06)/
92.31(±0.03)/
83.75(±0.19)

83.72(±0.45)/
90.45(±0.36)/
80.78(±0.63)

87.57(±0.82)/
92.72(±0.49)/
86.53(±0.91)

86.32(±0.08)/
92.01(±0.04)/
84.27(±0.23)

5
87.38(±0.03)/
92.62(±0.01)/
85.90(±0.07)

86.09(±1.59)/
91.84(±0.93)/
85.19(±2.15)

88.07(±0.25)/
93.02(±0.14)/
86.76(±0.27)

86.01(±1.68)/
91.83(±0.98)/
84.07(±1.98)

86.09(±1.72)/
91.87(±1.02)/
82.97(±1.92)

82.02(±0.22)/
89.47(±0.13)/
76.91(±0.40)

88.56(±0.28)/
93.31(±0.16)/
87.80(±0.42)

85.86(±0.22)/
91.74(±0.13)/
82.19(±0.42)

6
88.84(±0.46)/
93.47(±0.27)/
87.58(±0.53)

87.05(±0.70)/
92.41(±0.42)/
86.06(±0.71)

88.59(±0.96)/
93.33(±0.56)/
87.03(±1.51)

85.71(±4.01)/
91.61(±2.44)/
84.21(±3.98)

87.09(±0.52)/
92.45(±0.31)/
85.11(±0.64)

87.89(±0.22)/
92.92(±0.13)/
85.90(±0.40)

88.66(±0.15)/
93.36(±0.09)/
88.15(±0.20)

86.77(±0.10)/
92.27(±0.06)/
84.40(±0.19)

7
86.69(±0.81)/
92.22(±0.47)/
84.80(±1.02)

85.69(±2.65)/
91.61(±1.57)/
84.08(±4.04)

88.97(±0.26)/
93.55(±0.15)/
87.71(±0.26)

86.80(±1.62)/
92.30(±0.94)/
84.84(±1.92)

87.14(±0.52)/
92.49(±0.30)/
84.74(±0.77)

87.31(±0.21)/
92.58(±0.12)/
85.65(±0.39)

88.72(±0.08)/
93.40(±0.05)/
88.03(±0.06)

87.23(±0.07)/
92.54(±0.04)/
85.47(±0.29)

8
86.56(±0.08)/
92.14(±0.05)/
84.79(±0.17)

86.19(±1.13)/
91.91(±0.66)/
84.43(±2.33)

86.42(±0.87)/
92.06(±0.51)/
83.89(±1.67)

86.74(±0.45)/
92.26(±0.26)/
84.78(±0.65)

87.49(±0.20)/
92.69(±0.12)/
85.86(±0.73)

87.69(±0.26)/
92.80(±0.17)/
86.17(±0.44)

88.38(±0.14)/
93.20(±0.08)/
87.92(±0.19)

87.46(±0.52)/
92.67(±0.31)/
86.23(±0.45)

9
86.51(±0.12)/
92.11(±0.07)/
84.82(±0.24)

87.57(±1.15)/
92.73(±0.67)/
86.29(±1.06)

86.06(±0.80)/
91.84(±0.47)/
83.91(±1.26)

86.57(±0.71)/
92.16(±0.41)/
84.63(±1.11)

87.47(±0.26)/
92.67(±0.15)/
86.25(±0.30)

87.38(±0.32)/
92.61(±0.23)/
86.05(±0.50)

88.04(±0.26)/
93.00(±0.16)/
87.51(±0.34)

88.00(±0.28)/
92.98(±0.16)/
86.20(±1.05)

10
86.78(±0.17)/
92.27(±0.10)/
85.48(±0.30)

87.40(±1.08)/
92.63(±0.63)/
85.72(±1.78)

86.68(±0.82)/
92.21(±0.48)/
84.94(±1.38)

86.90(±0.37)/
92.35(±0.22)/
84.97(±0.65)

87.39(±0.15)/
92.63(±0.09)/
85.99(±0.10)

87.55(±0.21)/
92.72(±0.12)/
86.21(±0.39)

88.39(±0.21)/
93.22(±0.12)/
86.49(±0.21)

87.38(±0.36)/
92.63(±0.21)/
84.00(±0.80)

11
86.75(±0.21)/
92.25(±0.12)/
85.49(±0.38)

86.34(±3.30)/
92.00(±1.95)/
84.24(±4.49)

87.34(±0.16)/
92.59(±0.09)/
86.06(±0.51)

86.86(±0.54)/
92.33(±0.32)/
85.32(±0.50)

87.29(±0.28)/
92.58(±0.16)/
85.70(±0.31)

89.45(±0.20)/
93.83(±0.11)/
88.24(±0.38)

88.47(±0.20)/
93.26(±0.12)/
86.67(±0.30)

87.57(±0.26)/
92.74(±0.15)/
84.24(±0.58)

12
86.79(±0.06)/
92.27(±0.03)/
85.43(±0.18)

87.29(±0.27)/
92.56(±0.16)/
86.11(±0.58)

87.30(±0.23)/
92.57(±0.13)/
86.11(±0.47)

86.76(±0.36)/
92.26(±0.21)/
85.23(±0.39)

87.25(±0.24)/
92.55(±0.14)/
85.55(±0.15)

89.82(±0.24)/
94.05(±0.15)/
88.77(±0.42)

88.52(±0.33)/
93.29(±0.19)/
86.87(±0.43)

87.43(±0.10)/
92.66(±0.06)/
83.86(±0.18)

13
86.78(±0.25)/
92.27(±0.14)/
85.32(±0.50)

86.42(±1.36)/
92.04(±0.80)/
85.26(±1.73)

87.07(±0.22)/
92.43(±0.13)/
85.85(±0.41)

86.68(±0.34)/
92.22(±0.20)/
84.82(±0.31)

86.57(±0.18)/
92.16(±0.10)/
84.87(±0.21)

89.19(±0.24)/
93.68(±0.15)/
88.37(±0.42)

88.67(±0.24)/
93.38(±0.14)/
87.05(±0.28)

87.81(±0.41)/
92.88(±0.24)/
84.81(±0.91)

14
86.87(±0.22)/
92.32(±0.13)/
85.53(±0.54)

86.20(±1.85)/
91.91(±1.09)/
85.07(±2.18)

87.14(±0.15)/
92.48(±0.09)/
85.93(±0.26)

86.48(±0.23)/
92.10(±0.13)/
84.74(±0.46)

86.50(±0.29)/
92.12(±0.17)/
84.64(±0.27)

89.27(±0.22)/
93.72(±0.13)/
88.45(±0.40)

88.27(±0.63)/
93.15(±0.36)/
86.17(±1.14)

87.65(±0.09)/
92.79(±0.05)/
84.43(±0.19)

15
86.39(±0.65)/
92.04(±0.38)/
84.29(±1.48)

86.52(±0.94)/
92.10(±0.57)/
85.30(±0.97)

87.10(±0.14)/
92.45(±0.08)/
86.07(±0.27)

86.52(±0.31)/
92.12(±0.18)/
84.70(±0.36)

86.32(±0.26)/
92.01(±0.15)/
84.28(±0.28)

87.51(±0.24)/
92.69(±0.14)/
86.40(±0.41)

88.32(±0.82)/
93.17(±0.48)/
86.43(±1.68)

87.68(±0.09)/
92.81(±0.05)/
84.43(±0.17)

16
86.24(±0.69)/
91.96(±0.40)/
83.90(±1.63)

87.16(±1.05)/
92.48(±0.62)/
85.53(±1.35)

87.17(±0.18)/
92.49(±0.11)/
85.86(±0.39)

86.85(±0.49)/
92.32(±0.28)/
85.04(±0.71)

86.30(±0.20)/
92.00(±0.11)/
84.09(±0.31)

87.64(±0.23)/
92.77(±0.13)/
86.59(±0.40)

88.04(±0.56)/
93.01(±0.32)/
85.83(±1.25)

87.81(±0.32)/
92.88(±0.19)/
85.07(±1.15)

17
86.79(±0.11)/
92.27(±0.07)/
85.28(±0.45)

87.67(±0.55)/
92.78(±0.32)/
86.46(±1.01)

87.05(±0.26)/
92.43(±0.15)/
85.68(±0.79)

87.05(±0.38)/
92.43(±0.22)/
85.46(±0.76)

86.05(±0.17)/
91.85(±0.10)/
83.80(±0.60)

87.71(±0.25)/
92.80(±0.16)/
86.66(±0.43)

88.08(±0.56)/
93.04(±0.33)/
86.11(±0.90)

88.23(±0.35)/
93.12(±0.21)/
86.59(±0.17)

18
86.92(±0.22)/
92.35(±0.13)/
85.53(±0.27)

87.02(±0.79)/
92.40(±0.46)/
85.31(±1.62)

87.10(±0.49)/
92.45(±0.29)/
85.54(±1.04)

87.04(±0.43)/
92.43(±0.25)/
85.16(±0.59)

86.11(±0.20)/
91.89(±0.11)/
83.55(±0.34)

87.63(±0.24)/
92.73(±0.14)/
86.09(±0.41)

88.30(±0.38)/
93.16(±0.22)/
86.31(±0.69)

87.96(±0.29)/
92.96(±0.17)/
86.90(±0.19)

Mean
86.94(±0.25)/
92.37(±0.15)/
85.40(±0.49)

86.60(±1.39)/
92.15(±0.82)/
85.24(±1.91)

87.36(±0.36)/
92.61(±0.21)/
85.86(±0.66)

86.34(±1.00)/
92.02(±0.59)/
84.36(±1.33)

86.93(±0.33)/
92.36(±0.20)/
84.88(±0.45)

87.32(±0.26)/
92.58(±0.17)/
85.61(±0.44)

88.18(±0.43)/
93.09(±0.25)/
86.74(±0.67)

87.33(±0.26)/
92.60(±0.15)/
84.77(±0.49)

We also increased the number of training samples for the classification task to 20 per
class, and the results are provided in Table 7. Similar to Table 6, all the methods had high
accuracies. However, the proposed WFE and FFE models outperformed the others. WFE
and FFE had the greatest kappa coefficient five and seven times, respectively, according to
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Table 7. To evaluate the overall performance of the models, the kappa coefficients, OA and
AA values obtained from each method were averaged (see Figure 8).

Table 7. Classification accuracy, i.e., mean κ/OA/AA, of different dimension reduction methods
using 20 training samples per class for the Pavia Centre dataset. The best results are highlighted
in bold. Values of standard deviation are given in parentheses. Hyperbolic clustering-based band
hierarchy (HCBH), autoencoder (AE), clustering-based feature extraction (CBFE), band correlation
clustering (BCC), prototype space-based feature selection (PFS), maximum tangent discrimination
(MTD), weighted feature extraction (WFE), and fuzzy feature extraction (FFE).

No.
Features

Methods

BCC AE CBFE MTD PFS HCBH WFE FFE

3
91.23(±0.00)/
94.88(±0.00)/
91.16(±0.00)

91.61(±0.78)/
95.10(±0.46)/
91.58(±0.68)

92.43(±0.01)/
95.58(±0.00)/
92.32(±0.00)

89.94(±3.30)/
94.14(±1.93)/
89.08(±4.08)

90.92(±0.36)/
94.70(±0.21)/
90.48(±0.30)

92.68(±0.05)/
95.72(±0.00)/
92.55(±0.04)

91.37(±0.96)/
94.96(±0.56)/
90.71(±1.00)

91.92(±0.19)/
95.28(±0.12)/
91.51(±0.02)

4
92.62(±0.00)/
95.70(±0.00)/
92.59(±0.00)

92.29(±0.71)/
95.49(±0.42)/
92.33(±0.46)

92.65(±0.07)/
95.71(±0.04)/
92.65(±0.10)

91.02(±0.56)/
94.76(±0.33)/
90.64(±0.71)

89.64(±1.34)/
93.95(±0.78)/
88.98(±1.85)

92.77(±0.15)/
95.78(±0.02)/
92.82(±0.05)

92.48(±0.54)/
95.61(±0.32)/
92.21(±0.75)

93.06(±0.02)/
95.95(±0.01)/
92.79(±0.06)

5
92.61(±0.08)/
95.66(±0.02)/
92.60(±0.02)

92.03(±0.32)/
95.35(±0.19)/
92.03(±0.29)

92.59(±0.01)/
95.68(±0.01)/
92.78(±0.02)

91.12(±1.35)/
94.82(±0.79)/
90.70(±1.74)

92.14(±0.80)/
95.41(±0.46)/
91.72(±1.39)

92.91(±0.10)/
95.86(±0.02)/
93.09(±0.06)

92.96(±0.18)/
95.89(±0.10)/
92.96(±0.11)

93.31(±0.14)/
96.10(±0.08)/
93.04(±0.04)

6
92.60(±0.09)/
95.65(±0.02)/
92.75(±0.04)

92.42(±0.30)/
95.57(±0.18)/
92.42(±0.33)

92.52(±0.02)/
95.64(±0.01)/
92.72(±0.02)

92.30(±0.47)/
95.51(±0.28)/
91.92(±0.71)

92.91(±0.18)/
95.86(±0.10)/
92.70(±0.18)

92.95(±0.06)/
95.89(±0.03)/
93.16(±0.08)

92.80(±0.15)/
95.80(±0.09)/
92.75(±0.19)

93.49(±0.10)/
96.20(±0.06)/
93.24(±0.17)

7
92.93(±0.16)/
95.83(±0.11)/
92.61(±0.27)

92.51(±0.33)/
95.62(±0.20)/
92.46(±0.25)

92.67(±0.04)/
95.75(±0.04)/
92.62(±0.11)

92.41(±0.26)/
95.58(±0.16)/
92.16(±0.26)

92.84(±0.34)/
95.82(±0.20)/
92.67(±0.20)

92.79(±0.07)/
95.79(±0.13)/
92.67(±0.16)

93.27(±0.10)/
96.07(±0.06)/
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Figure 8. Pavia Centre Data set: classification accuracy for different methods, including the proposed
models in this study, which are fuzzy feature extraction (FFE) and weighted feature extraction (WFE),
and competing methods: hyperbolic clustering-based band hierarchy (HCBH), clustering-based feature
extraction (CBFE), autoencoder (AE), band correlation clustering (BCC), prototype space-based feature
selection (PFS), and maximum tangent discrimination (MTD); (a,b) illustrate the mean kappa coefficient
(multiplied by 100), OA and AA for the cases of 5 and 20 training samples per class, respectively.

Figure 8a shows that WFE outperformed the other methods, with an average kappa
coefficient/OA/AA of 88.18/93.09/86.74. FFE, HCBH, and CBFE produced similar results.
However, it should be noted that CBFE is a supervised method, in contrast to the other
two models. According to Figure 8a, when the number of training samples is limited for a
supervised classifier, the feature quality of WFE outperforms both CBFE and HCBH, which
are the two competing methods with the best performance in this experiment, by 0.94%
and 0.98%, respectively.

FFE, WFE, and CBFE all achieved about the same classification accuracy for the case
of 20 training samples per class (Figure 8b). However, FFE and WFE outperformed HCBH,
yielding kappa coefficients of 93.01 and 92.96, respectively. Figure 8a further demonstrates
that our suggested methodology worked more effectively for HSI dimension reduction
prior to a classification task in the case of small training samples.

Given the mean STD values in the last rows of Tables 6 and 7, we can conclude that,
while HCBH and WFE have the highest and lowest stability in the Indian Pines dataset, all
the methods tested with Pavia Centre dataset have nearly the same stability because their
STD values are close to each other. The classified image of each method with 20 training
samples per class and 10 features is illustrated in Figure 9.

In a manner similar to the Indian Pine dataset, T−SNE was employed to visually
evaluate the quality of the resultant features (Figure 10). As depicted in Figure 10, there
is an absence of noticeable superiority in the T−SNE results across the methods. This is
because points were visually well-clustered for all methods. These well-clustered points in
Figure 10 justify the high accuracy values of the methods for this dataset. Although certain
points may overlap, it is evident that points belonging to the same class maintain proximity,
forming distinctive clusters in all methods. Consequently, T−SNE did not offer a visual
basis for comparing the methods effectively. However, it is important to note that T−SNE
is only a visual evaluation tool and does not provide quantitative measures of the quality
of the resultant features. Therefore, it may not be sufficient to solely rely on T−SNE for
comparing the methods. Additional analysis methods such as classification accuracy or
clustering performance should be utilized to further assess the effectiveness of each method.
These quantitative measures would provide a more comprehensive understanding of the
differences between the methods and aid in making a well-informed comparison.
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3.4.3. Kennedy Space Center (KSC)

Tables 8 and 9 provide the results of the experiments for the KSC dataset using 5
and 20 training samples per class, respectively. The best outcome is marked in bold in
each table.

According to Table 8, our proposed methods (i.e., WFE and FFE) had the highest kappa
coefficient values in eight cases, outperforming other methods. However, while employing
20 training samples per class, CBFE significantly surpassed our WFE in terms of the number
of maximum kappa coefficient values (Table 9). According to Table 9, CBFE achieved the
highest kappa coefficient values in nine cases, which was greater than WFE (i.e., five cases).
Considering Figure 11, which provides the mean kappa coefficient/OA/AA values of all
cases, it is clear that although CBFE and WFE competed closely, CBFE outperformed the
other approaches.

CBFE, WFE, and FFE show comparable classification accuracy, according to Figure 11a,
which demonstrates the overall performance of extracted/selected features in the case of
five training samples. CBFE, on the other hand, had a slightly higher accuracy. In the
case of 20 training samples, CBFE (with a κ/OA/AA of 80.36/82.37/78.29) outperformed
WFE (79.01/81.13/76.11) and FFE (78.40/80.59/75.41), as shown in Figure 11b. This
superiority can be explained by the fact that CBFE is a supervised approach that employs
training samples to reduce dimensions. However, the proposed WFE and FFE models
are unsupervised approaches, which is preferred since providing training samples is
expensive and time-consuming. As a result, if we ignore the supervised CBFE, our proposed
models considerably outperformed other unsupervised methods. For example, in the
case of limited training samples (i.e., five samples per class), WFE and FFE had the kappa
coefficient/OA/AA values of 71.17/74.08/66.07 and 70.90/73.85/65.82, respectively, which
were greater than those of HCBH (65.74/69.22/62.11), PFS (65.74/69.14/62.24), MTD
(61.32/65.18/56.22), and BCC (66.50/69.88/60.89). In other words, considering kappa
coefficient, WFE’s performance was 7.02% higher than the best unsupervised technique
(i.e., BCC) in this experiment. This demonstrates that adopting our dimension reduction
method is a good choice when few training samples are available for classifying HSIs.
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Figure 9. The classified image of the Pavia Centre dataset using 20 training samples per class and
10 features; (a) BCC with κ = 92.29, (b) AE with κ = 92.36, (c) CBFE with κ = 92.59, (d) MTD with
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with κ = 92.97.
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62.06(±0.01)/6
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.91(±0.20) 

56.45(±2.77)/6
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4.46(±0.93)/52
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4.14(±1.67)/64.

70(±3.46) 

66.79(±3.66)/

70.14(±3.30)/

59.91(±4.53) 

6 

62.07(±0.00)/6

5.86(±0.00)/54
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.28(±0.12) 
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4.54(±0.85)/52

.68(±0.89) 
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3.37(±1.07)/63.

98(±2.11) 
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7 

65.23(±3.66)/6
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Figure 10. T−SNE results of Pavia Centre dataset using 18 features; each color represents a class in
this dataset; (a) BCC, (b) AE, (c) CBFE (d) MTD (e) PFS (f) HCBH (g) WFE, and (h) FFE.
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Table 8. Classification accuracy, i.e., mean κ/OA/AA, of different dimension reduction methods using
five training samples per class for the KSC dataset. The best results are highlighted in bold. Values of
standard deviation are given in parentheses. Hyperbolic clustering-based band hierarchy (HCBH),
clustering-based feature extraction (CBFE), band correlation clustering (BCC), autoencoder (AE),
prototype space-based feature selection (PFS), maximum tangent discrimination (MTD), weighted
feature extraction (WFE), and fuzzy feature extraction (FFE).

No.
Features

Methods

BCC AE CBFE MTD PFS HCBH WFE FFE

3
64.49(±0.00)/
68.07(±0.00)/
56.83(±0.00)

61.27(±2.29)/
65.03(±2.11)/
58.15(±3.79)

59.50(±0.00)/
63.56(±0.00)/
51.26(±0.00)

39.65(±3.41)/
45.64(±3.17)/
36.51(±4.70)

42.88(±9.97)/
48.31(±9.84)/
39.05(±8.68)

27.87(±0.32)/
35.21(±0.01)/
27.94(±0.49)

61.17(±1.41)/
65.05(±1.30)/
53.95(±0.99)

62.52(±0.32)/
66.30(±0.29)/
54.66(±0.25)

4
62.05(±0.00)/
65.84(±0.00)/
54.32(±0.00)

61.59(±1.40)/
65.32(±1.29)/
58.22(±2.05)

71.71(±0.00)/
74.60(±0.00)/
67.57(±0.00)

46.64(±0.80)/
52.01(±0.66)/
42.92(±1.39)

56.39(±2.89)/
60.64(±2.68)/
50.74(±3.48)

27.80(±0.32)/
35.15(±0.92)/
27.88(±0.63)

61.51(±1.17)/
65.36(±1.07)/
54.29(±0.78)

61.13(±1.72)/
65.03(±1.55)/
53.40(±1.96)

5
62.06(±0.01)/
65.85(±0.01)/
54.33(±0.01)

62.05(±2.14)/
65.78(±1.93)/
58.89(±2.80)

69.83(±0.35)/
72.90(±0.31)/
65.22(±0.22)

44.67(±1.12)/
49.78(±1.10)/
39.91(±0.20)

56.45(±2.77)/
60.69(±2.58)/
50.82(±3.30)

60.35(±0.49)/
64.46(±0.93)/
52.62(±1.00)

71.22(±1.86)/
74.14(±1.67)/
64.70(±3.46)

66.79(±3.66)/
70.14(±3.30)/
59.91(±4.53)

6
62.07(±0.00)/
65.86(±0.00)/
54.35(±0.00)

62.37(±2.05)/
66.04(±1.87)/
60.00(±2.68)

71.37(±0.03)/
74.28(±0.03)/
67.28(±0.12)

62.80(±0.36)/
66.54(±0.32)/
55.12(±1.15)

61.23(±4.67)/
65.04(±4.22)/
56.67(±5.85)

60.43(±0.46)/
64.54(±0.85)/
52.68(±0.89)

70.38(±1.18)/
73.37(±1.07)/
63.98(±2.11)

70.74(±2.09)/
73.70(±1.88)/
65.39(±3.10)

7
65.23(±3.66)/
68.73(±3.32)/
59.00(±5.48)

57.31(±9.34)/
61.47(±9.37)/
54.49(±9.01)

71.40(±0.17)/
74.30(±0.15)/
67.58(±0.51)

63.34(±1.11)/
67.03(±0.99)/
56.19(±2.46)

58.61(±4.05)/
62.65(±3.73)/
53.28(±5.16)

71.25(±0.46)/
74.15(±0.59)/
68.30(±0.50)

71.51(±0.28)/
74.39(±0.25)/
65.98(±0.38)

71.92(±0.80)/
74.77(±0.71)/
67.11(±0.99)

8
65.78(±3.10)/
69.23(±2.82)/
59.66(±4.63)

62.04(±3.94)/
65.76(±3.54)/
59.95(±4.35)

71.49(±0.14)/
74.38(±0.12)/
67.71(±0.34)

63.46(±1.54)/
67.14(±1.38)/
55.92(±3.47)

65.29(±1.29)/
68.79(±1.20)/
62.24(±0.58)

71.18(±0.34)/
74.10(±0.38)/
68.21(±0.94)

71.64(±0.28)/
74.51(±0.25)/
66.25(±0.49)

71.37(±0.44)/
74.28(±0.39)/
66.60(±0.37)

9
65.67(±2.11)/
69.13(±1.93)/
59.92(±3.63)

60.03(±7.86)/
64.01(±6.98)/
56.66(±9.61)

72.15(±0.19)/
74.96(±0.17)/
68.59(±0.33)

62.96(±0.50)/
66.69(±0.44)/
54.61(±0.73)

67.17(±0.89)/
70.49(±0.80)/
65.05(±1.28)

71.18(±0.55)/
74.10(±0.27)/
68.21(±0.73)

72.25(±1.06)/
75.07(±0.95)/
66.95(±1.61)

71.18(±0.14)/
74.11(±0.12)/
66.37(±0.23)

10
68.67(±2.42)/
71.85(±2.20)/
64.07(±3.75)

63.73(±1.79)/
67.28(±1.63)/
60.51(±2.32)

72.83(±0.43)/
75.57(±0.38)/
69.69(±0.55)

62.57(±2.74)/
66.35(±2.46)/
57.42(±3.54)

67.74(±1.93)/
70.99(±1.73)/
65.47(±1.95)

71.18(±0.43)/
74.10(±0.13)/
68.21(±0.87)

71.38(±0.33)/
74.28(±0.30)/
65.66(±0.49)

71.62(±0.41)/
74.50(±0.36)/
66.99(±0.63)

11
66.79(±2.53)/
70.15(±2.30)/
61.47(±3.99)

63.80(±1.62)/
67.36(±1.45)/
60.92(±2.88)

72.74(±0.84)/
75.49(±0.75)/
69.42(±1.32)

64.79(±2.25)/
68.35(±2.04)/
60.07(±2.53)

70.61(±3.78)/
73.59(±3.41)/
67.81(±2.95)

70.89(±0.48)/
73.77(±0.18)/
68.92(±0.23)

73.96(±0.91)/
76.61(±0.82)/
69.59(±1.16)

72.18(±0.31)/
75.01(±0.28)/
67.75(±0.44)

12
67.93(±2.28)/
71.19(±2.07)/
63.17(±3.47)

59.42(±7.92)/
63.47(±7.01)/
55.12(±8.67)

73.35(±1.05)/
76.03(±0.94)/
70.26(±1.47)

66.52(±1.56)/
69.90(±1.39)/
61.93(±2.08)

70.57(±3.85)/
73.56(±3.47)/
67.88(±2.85)

75.39(±0.46)/
77.89(±0.20)/
71.33(±0.20)

72.93(±1.45)/
75.69(±1.31)/
68.15(±1.83)

72.30(±0.24)/
75.11(±0.23)/
67.92(±0.26)

13
68.09(±2.63)/
71.32(±2.38)/
63.41(±3.78)

54.75(±9.54)/
59.31(±8.53)/
50.80(±9.77)

71.58(±0.92)/
74.46(±0.82)/
67.72(±1.11)

65.56(±0.14)/
69.04(±0.13)/
60.61(±0.20)

72.87(±2.86)/
75.65(±2.56)/
69.70(±2.91)

75.39(±0.54)/
77.89(±0.05)/
71.33(±0.80)

73.56(±1.38)/
76.25(±1.24)/
69.28(±1.77)

72.63(±0.07)/
75.41(±0.07)/
68.30(±0.09)

14
69.28(±2.59)/
72.40(±2.35)/
64.94(±3.44)

61.60(±6.39)/
65.45(±5.57)/
58.39(±7.85)

72.32(±1.58)/
75.12(±1.42)/
68.67(±1.95)

66.16(±2.24)/
69.58(±2.02)/
61.83(±2.83)

73.96(±3.22)/
76.60(±2.90)/
70.45(±3.04)

75.39(±0.69)/
77.89(±0.55)/
71.33(±0.72)

74.03(±1.83)/
76.67(±1.65)/
70.49(±1.90)

72.70(±0.46)/
75.48(±0.41)/
68.28(±0.49)

15
68.59(±1.62)/
71.78(±1.46)/
64.33(±1.65)

59.07(±9.16)/
63.10(±9.13)/
56.70(±9.67)

72.21(±1.14)/
75.03(±1.02)/
68.53(±1.50)

66.01(±1.81)/
69.43(±1.61)/
61.64(±2.53)

73.15(±2.97)/
75.89(±2.68)/
69.72(±2.38)

75.39(±0.46)/
77.89(±0.74)/
71.33(±0.90)

74.12(±0.43)/
76.75(±0.40)/
70.19(±0.35)

73.60(±1.06)/
76.29(±0.95)/
69.32(±1.29)

16
68.88(±2.56)/
72.04(±2.32)/
64.36(±3.30)

60.01(±7.31)/
63.97(±6.54)/
56.24(±8.10)

72.35(±1.23)/
75.14(±1.12)/
68.91(±1.32)

67.38(±2.97)/
70.66(±2.66)/
63.20(±3.61)

71.59(±3.26)/
74.49(±2.94)/
69.04(±2.81)

72.69(±0.47)/
75.46(±0.90)/
68.50(±0.28)

73.22(±0.92)/
75.93(±0.84)/
69.20(±1.27)

73.86(±0.95)/
76.52(±0.85)/
69.62(±1.30)

17
68.94(±1.97)/
72.10(±1.78)/
64.79(±2.08)

58.37(±8.83)/
62.53(±7.89)/
55.09(±9.41)

72.34(±0.47)/
75.13(±0.41)/
69.05(±0.88)

69.71(±2.65)/
72.75(±2.41)/
66.06(±2.36)

71.48(±3.63)/
74.18(±3.27)/
69.02(±3.22)

72.69(±0.41)/
75.46(±0.17)/
68.50(±0.53)

72.41(±1.02)/
75.19(±0.92)/
68.89(±0.96)

75.12(±0.40)/
77.66(±0.36)/
70.86(±0.59)

18
69.43(±2.20)/
72.54(±1.99)/
65.33(±2.35)

58.67(±7.71)/
62.62(±7.08)/
57.59(±6.74)

73.02(±1.14)/
75.74(±1.03)/
69.80(±1.22)

68.90(±1.86)/
72.01(±1.67)/
65.56(±2.19)

71.79(±3.05)/
74.66(±2.76)/
68.92(±2.35)

72.69(±0.38)/
75.46(±0.75)/
68.50(±0.57)

73.37(±1.99)/
76.06(±1.80)/
69.52(±2.17)

74.70(±0.86)/
77.27(±0.78)/
70.68(±1.20)

Mean
66.50(±1.85)/
69.88(±1.68)/
60.89(±2.60)

60.38(±5.71)/
64.28(±5.12)/
57.36(±6.54)

71.26(±0.61)/
74.17(±0.54)/
67.33(±0.80)

61.32(±1.69)/
65.18(±1.53)/
56.22(±2.25)

65.74(±3.57)/
69.14(±3.24)/
62.24(±3.30)

65.74(±0.45)/
69.22(±0.48)/
62.11(±0.64)

71.17(±1.09)/
74.08(±0.99)/
66.07(±1.36)

70.90(±0.87)/
73.85(±0.78)/
65.82(±1.11)
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Table 9. Classification accuracy, i.e., mean κ/OA/AA, of different dimension reduction methods
using 20 training samples per class for the KSC dataset. The best results are highlighted in bold. Values
of standard deviation are given in parentheses. Hyperbolic clustering-based band hierarchy (HCBH),
clustering-based feature extraction (CBFE), band correlation clustering (BCC), autoencoder (AE),
prototype space-based feature selection (PFS), maximum tangent discrimination (MTD), weighted
feature extraction (WFE), and fuzzy feature extraction (FFE).

No.
Features

Methods

BCC AE CBFE MTD PFS HCBH WFE FFE

3
65.72(±0.00)/
69.16(±0.00)/
59.86(±0.00)

72.53(±2.64)/
75.29(±2.35)/
68.31(±4.54)

66.92(±0.00)/
70.27(±0.00)/
60.81(±0.00)

42.08(±0.02)/
47.33(±0.02)/
39.20(±0.04)

65.13(±0.03)/
68.71(±0.03)/
59.24(±0.04)

48.14(±0.98)/
53.30(±0.26)/
42.21(±0.10)

63.66(±0.29)/
67.29(±0.27)/
58.52(±0.27)

66.59(±0.61)/
69.96(±0.55)/
61.00(±0.58)

4
66.94(±0.01)/
70.29(±0.01)/
60.72(±0.01)

73.61(±1.41)/
76.26(±1.28)/
70.50(±2.18)

74.39(±0.35)/
76.91(±0.00)/
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Figure 11. KSC dataset: classification accuracy for different methods, including the proposed models
in this study, which are fuzzy feature extraction (FFE) and weighted feature extraction (WFE), and
competing methods: hyperbolic clustering-based band hierarchy (HCBH), clustering-based feature
extraction (CBFE), band correlation clustering (BCC), autoencoder (AE), prototype space-based feature
selection (PFS), and maximum tangent discrimination (MTD); (a,b) illustrate the mean Kappa coefficient
(multiplied by 100), OA and AA for the case of 5 and 20 training samples per class, respectively.

The mean STD values In the last row in Tables 8 and 9 reveal that while other methods
have nearly identical stability, HCBH and CBFE exhibit higher stability with lower mean
STD values. For example, according to Table 9, which shows the classification accuracy
using 20 training samples per class, the HCBH STD values are 0.80, 0.58 and 0.56 for κ, OA
and AA, respectively. The classified images for each method with 20 training samples per
class and 10 features are depicted in Figure 12.

Remote Sens. 2023, 15, x FOR PEER REVIEW  27  of  31 
 

 

   

(a)  (b) 

   

(c)  (d) 

   

(e)  (f) 

   

(g)  (h) 

Figure 12. The classified images for the KSC dataset using 20 training samples per class and 10 

features: (a) BCC with  𝜅 70.98, (b) AE with  𝜅 74.75, (c) CBFE with  𝜅 81.93, (d) MTD with 

Figure 12. Cont.



Remote Sens. 2023, 15, 3855 24 of 27

Remote Sens. 2023, 15, x FOR PEER REVIEW  27  of  31 
 

 

   

(a)  (b) 

   

(c)  (d) 

   

(e)  (f) 

   

(g)  (h) 

Figure 12. The classified images for the KSC dataset using 20 training samples per class and 10 

features: (a) BCC with  𝜅 70.98, (b) AE with  𝜅 74.75, (c) CBFE with  𝜅 81.93, (d) MTD with 
Figure 12. The classified images for the KSC dataset using 20 training samples per class and 10 fea-
tures: (a) BCC with κ = 70.98, (b) AE with κ = 74.75, (c) CBFE with κ = 81.93, (d) MTD with
κ = 80.81, (e) PFS with κ = 78.42, (f) HCBH with κ = 77.80, (g) WFE with κ = 81.73, and (h) FFE
with κ = 81.27.

Furthermore, T−SNE served as a tool to visually assess the quality of the extracted or
selected features (Figure 13). As illustrated in Figure 13, similar to the Pavia Centre dataset,
it proves rather challenging to visually compare the T−SNE results due to the subtle
differences. However, one noteworthy observation is that the sample points belonging to
classes in CBFE, FFE, and WFE exhibit greater compactness than those in other methods.
Consequently, this compactness facilitates the classifier to achieve higher accuracy during
the image classification process (refer to Tables 8 and 9).
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Figure 13. T−SNE results of KSC dataset using 18 features; each color represents a class in this
dataset; (a) BCC, (b) AE, (c) CBFE (d) MTD (e) PFS (f) HCBH (g) WFE, and (h) FFE.

4. Conclusions

An HSI has numerous spectral bands, many of which are highly correlated and
include high redundancy. As a result, a deterioration phenomenon known as the curse of
dimensionality impacts the accuracy of supervised classifiers. In this study, we show that
FE approaches could effectively be employed to mitigate this issue. We propose employing
a simple but effective FE to decrease the high dimensionality of HSIs. Our unsupervised
technique first estimates the number of existing endmembers in the input HSI. It then
extracts endmembers using VCA. Using the extracted endmembers, the proposed method
constructs a PS to cluster the comparable and correlated spectral bands’ representatives
in the PS. We finally use a weighted mean of existing bands in each cluster and extract a
new feature. Our experiments demonstrate that our proposed technique outperforms five
similar band clustering approaches for dimension reduction. Specifically, our technique
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outperforms others when only a limited number of training samples are available to train
the HSI classifier.

The proposed method only considers spectral information to reduce the high dimen-
sionality of HSIs. Incorporating spatial information into the proposed methodology can
be a topic for future research that will improve the quality of the extracted features. This
could involve exploring spatial–spectral fusion techniques or integrating spatial context
through the use of spatial filters. In addition, the robustness of the suggested FE approach
against noise and outliers in hyperspectral data is another topic for future work. This may
entail investigating strategies for improving its performance in the presence of sensor noise
or atmospheric effects. Furthermore, integrating methodologies such as robust statistics or
outlier identification might improve the method’s robustness, eventually leading to more
reliable dimension reduction results in challenging circumstances.
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