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Abstract: Hyperspectral images are high-dimensional data containing rich spatial, spectral,
and radiometric information, widely used in geological mapping, urban remote sensing,
and other fields. However, due to the characteristics of hyperspectral remote sensing
images—such as high redundancy, strong correlation, and large data volumes—the classi-
fication and recognition of these images present significant challenges. In this paper, we
propose a band selection method (GE-AP) based on multi-feature extraction and the Affine
Propagation Clustering (AP) algorithm for dimensionality reduction of hyperspectral im-
ages, aiming to improve classification accuracy and processing efficiency. In this method,
texture features of the band images are extracted using the Gray-Level Co-occurrence
Matrix (GLCM), and the Euclidean distance between bands is calculated. A similarity
matrix is then constructed by integrating multi-feature information. The AP algorithm
clusters the bands of the hyperspectral images to achieve effective band dimensionality
reduction. Through simulation and comparison experiments evaluating the overall classifi-
cation accuracy (OA) and Kappa coefficient, it was found that the GE-AP method achieves
the highest OA and Kappa coefficient compared to three other methods, with maximum
increases of 8.89% and 13.18%, respectively. This verifies that the proposed method outper-
forms traditional single-information methods in handling spatial and spectral redundancy
between bands, demonstrating good adaptability and stability.

Keywords: hyperspectral images; dimensionality reduction; band selection method; simi-
larity matrix

1. Introduction

Hyperspectral images are a type of high-dimensional data that contain rich spatial,
spectral, and radiometric information [1-4]. They are widely utilized in various fields such
as geological mapping and exploration, atmospheric or vegetation ecological monitoring,
product quality testing, precision agriculture, and urban remote sensing. These images
typically comprise dozens to hundreds of narrowband intervals, enabling the capture of
detailed ground spectral information and effective characterization of surface features. This
fine spectral resolution offers unprecedented advantages for precise land classification.

However, the inherent characteristics of hyperspectral images, which include rich
information content, also introduce significant challenges to their processing [5-7]. Selecting
bands or features with substantial information content to reduce data redundancy is
commonly referred to as feature extraction. When the number of bands in a hyperspectral
image is large, the number of possible band combinations increases exponentially, leading to
a substantial increase in computational complexity and runtime for subsequent algorithms.
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This paper aims to reduce the number of bands while preserving the physical properties
represented by the original hyperspectral data.

Currently, many researchers have conducted in-depth studies on the feature extraction
of high-dimensional data and achieved notable results [8-10]. Common dimensionality
reduction algorithms include Principal Component Analysis (PCA) [11], Independent
Component Analysis (ICA) [12], Linear Discriminant Analysis (LDA) [13], and Minimum
Noise Fraction (MNF) [14]. In 1989, Chavez improved PCA and proposed a selective
PCA method for hyperspectral images [15], which concentrates ground object information
with significant spectral characteristics into one component. Jia and Richards introduced
block PCA based on the high-correlation block characteristics of hyperspectral image
correlation matrices [16]. W. Mika et al. extended LDA to kernel space with Kernel LDA [17].
Velasco proposed constructing manifold structures using Hausdorff distance [18]. He et al.
developed a neighborhood-preserving embedding algorithm [19]. In 2010, Ma proposed
a new manifold learning classification algorithm combining KNN and local manifold
learning [20]. Most of the aforementioned algorithms rely on mutual information and
Euclidean distance, which have notable limitations and struggle to account for various
scenarios, making it challenging to achieve optimal information selection. The main
contributions of this paper can be summarized as follows:

1. We propose a novel similarity matrix construction method that integrates band texture
features with Euclidean distance to construct the similarity matrix. This approach
addresses the limitations of traditional methods, which rely on a single source of
information for constructing similarity matrices and face challenges in selecting initial
values for clustering algorithms. Notably, it also mitigates the issue of Euclidean
distance being relatively insensitive to differences in spectral amplitude.

2. A band selection method (GE-AP) combining multi-feature extraction and Affine
Propagation Clustering is proposed. This method considers the column and row
directions, interval, distribution degree, information content, and spectral relationships
of the band images, offering better universality compared to traditional methods based
on mutual information and Euclidean distance.

3. The feasibility of the above two points is objectively and thoroughly validated. In
practical applications, the GE-AP method is compared with three other state-of-the-art
methods using the overall classification accuracy (OA) [21] and Kappa coefficient [22]
metrics. The experimental results further verify the classification performance after
band selection by the GE-AP method, demonstrating its effectiveness and consistency.

The remainder of this paper is structured as follows. Section 2 reviews related research.
Section 3 describes the proposed methodology, and Section 4 includes the comparative and
ablation experiments, results, and discussion. Finally, Section 5 concludes the study.

2. Related Works

The inherent characteristics of hyperspectral images, while providing abundant in-
formation, also introduce numerous challenges in their processing. Selecting wavebands
or features with significant information content to reduce data redundancy is typically
referred to as feature extraction. When the number of wavebands in hyperspectral images
is large, the number of possible waveband combinations increases exponentially, leading to
a vast number of combinations that significantly impact the running speed and complexity
of subsequent algorithms [23].

Band selection has gained increasing attention in dimensionality reduction techniques
for hyperspectral images, as it preserves the physical characteristics of the original band
data. In 1982, Chavez et al. introduced the Optimal Index Factor (OIF) method [24] to select
bands by calculating the optimal exponential factor size of hyperspectral band images.
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In 1985, Charles proposed a covariance matrix determinant method for band combina-
tion [25]. Miguel et al. [26] developed a band selection method that approximates the
first few major components of PCA using a selected band subset. Songyot and David pro-
posed a forward floating selection algorithm, known as the quasi-optimal algorithm [27].
Marco Diani et al. [28] proposed a band selection method for target detection, maximiz-
ing suitability for target detection functions. Mojtaba and Farah introduced a weighted
independent principal component analysis band selection method using negative entropy
function for weighting [29]. Kevin and Chein-1 proposed a progressive band selection
method with forward and backward approaches [30].

Yanfeng Gu et al. [31] utilized the local correlation characteristics of hyperspectral
images, combined with PCA, to propose an automatic subspace division band selection
method. Ni Guogiang and Shen Yuan-ting et al. [32] combined wavelet decomposition
and PCA for feature extraction, proving its effectiveness. Luo Renbo et al. [33] used
PCA dimensionality reduction with Local Retention Projection (LPP) to achieve better
results than traditional methods. Ding Ling et al. [34] replaced the traditional Euclidean
distance with the spectral angular quantity index to improve the ISOMAP algorithm.
Y. Qian and F. Yao et al. [35] applied Affinity Propagation Clustering (APC) for band
selection, achieving better classification results. J. Yin and Y. Wang [36] proposed a new
inter-class separability criterion considering band information, inter-class separability, and
correlation. Sen Jia et al. [37] proposed an unsupervised band selection method using
wavelet transform for de-noising and AP clustering for selecting representative bands.
Zhenhua Guo et al. [38] proposed a feature band selection method based on palmprint
recognition. Zhao Huijie and Li Mingkang et al. [39] studied automatic subspace division
band selection methods, finding the best division location via a global search function. Guo
Tong, Hua Wenshen, and Liu Xun et al. [40] improved the OIF method by combining it
with K-means clustering to reduce operation time. Zhang Aiwu and Du Nan et al. [41]
used band adjacent correlation coefficients to express band independence, improving
adaptive band selection methods. Han Zhai and Hongyan Zhang et al. [42] proposed a
feature extraction method based on spectral clustering and sparse subspace models in 2015,
followed by a weighted low-rank subspace clustering method for band selection [43].

In summary, experts and scholars have extensively researched the dimensionality
reduction of hyperspectral data, proposing many classical algorithms such as PCA, MNF,
maximum entropy, OIF, automatic subspace division (ASP), and adaptive band selection
methods [21]. These methods address the challenges posed by large data volumes and
strong correlations in hyperspectral images. Researchers have also improved these al-
gorithms to achieve lower complexity and better performance, but further research is
still needed.

In this paper, based on the theory of clustering-based band selection, we propose a
band selection method combining multi-feature extraction and Affinity Propagation (AP)
clustering. This method extracts texture features from band images using the Gray-Level Co-
occurrence Matrix (GLCM), calculates the Euclidean distance between bands based on these
features, and constructs a similarity matrix by integrating texture features and Euclidean
distances. The AP algorithm then clusters all bands of the hyperspectral image according
to the similarity matrix, achieving band dimensionality reduction. This approach considers
comprehensive information such as column and row directions, intervals, distribution
degree, information content, and spectral relationships of the band images, offering better
universality compared to traditional methods based on mutual information and Euclidean
distance. Additionally, the adaptive AP clustering algorithm ensures more stable band
clustering results.
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3. Methods
3.1. Grayscale Symbiosis Matrix

Texture is formed by the repeated occurrence of gray-level distributions in spatial posi-
tions, reflecting comprehensive information about direction, adjacent intervals, transforma-
tion amplitude, and speed. Texture features can describe both global image characteristics
and surface features of the image or corresponding scene. Local texture information is
obtained through statistical analysis of local gray-level distributions of pixels, while global
texture information is derived from the repeatability of local texture patterns. The GLCM
is a unique method for extracting texture features and has been widely applied in image
processing. Proposed by Haralick et al. in 1973 [44], the GLCM has since been extensively
studied and is considered an effective approach for texture analysis.

The GLCM represents the second-order statistical properties of an image, describing
the joint probability density of the gray values of pixel pairs separated by a specific distance.
It reflects both the brightness distribution and the positional distribution of pixels with
similar or identical brightness.

Consider an image of size N x N with N, gray levels. Select any two points (x,y) and
(x 4+ Ax,y + Ay) in the image to form a set of point pairs (Ax and Ay are not equal to zero).
Let (i, j) represent the gray values of this point pair, where the gray value of point (x,y)
is i, and the gray value of point (x + Ax,y + Ay) is j. By keeping Ax and Ay constant and
varying the position of point (x,y) within the image, a series of gray-value pairs (i, j) will
be obtained. The frequency of occurrence of these gray-value pairs under each combination
is then calculated and recorded as P(i,},d,0), forming an Ng X Ng matrix, which is the
Gray-Level Co-occurrence Matrix (GLCM) denoted as W = [P(i, ], d, 0)].

Equation (1) provides the mathematical expression for P(i,j,d,0), representing the
number of times a pixel with gray value i at position (x,y) has a neighboring pixel with
gray value j at a distance d = /(Ax)? + (Ay)? in the direction 6:

P(i,j,d,0) = {(x,y), (x + Ax,y + Ay) | f(x,y) = i, f(x + Ax,y + Dy) = j} ©)

When using the GLCM to process an image, the P(i,j,d,0) values should first be
normalized, as shown in Equation (2), where R represents the total number of occurrences
of gray-value pairs (i, f).

P(i,j,d,0) = P(i,j,d,0)/R (2)

From the meaning and mathematical expression of the GLCM, it is evident that d,
6, and N, are influencing factors of the GLCM W. Specifically, the gray level N, directly
determines the dimension of the GLCM W. As discussed earlier, different values of d and
6 result in different final W matrices. Due to the symmetry of the GLCM W, in practical
applications, the distance d and direction 6 are typically setas d = 1, 8 = 0°,45°,90°,135°.

In general, the image description does not directly use the GLCM but rather extracts
statistical indicators from the matrix. Haralick et al. defined 14 feature parameters based on
the GLCM for image texture feature analysis [44]. While more feature parameters provide a
more detailed description of texture features, they also increase computational complexity
and extraction time. Ulaby et al. [45] studied these 14 feature parameters and found that
four parameters—correlation, entropy, energy, and contrast—are non-correlated and offer
convenient and accurate calculations. The meanings and calculation formulas of these
parameters are as follows:

The Energy Angular Second Moment (ASM), as shown in Equation (3), is obtained
by summing the squared values of all elements in the W matrix. A smaller ASM value
indicates that the element values in the GLCM are more similar, suggesting a more uniform
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gray distribution and finer texture. Conversely, if some elements in the W matrix have
large values while others have small values, leading to significant differences, the ASM
value will be larger, indicating a regular and relatively stable texture pattern.

ASM =YY P(i,j,d,0) ()
i

The Contrast (Con) value, whose mathematical calculation is shown in Equation (4),
reflects the distribution of pixel gray-level differences and texture changes in the neighbor-
hood. If the gray-level difference between two pixels is larger, it indicates stronger contrast.
A higher number of pixel pairs with large gray-level differences in the W matrix results in
a greater Con value, indicating stronger pixel contrast in the image. This leads to a clearer
visual perception and deeper texture. Conversely, a lower Con value suggests a shallower
image with a blurred effect.

Con =YY (i—j)*P(i,j,d,0) (4)
i

The Correlation (Corr) value, whose mathematical calculations are shown in
Equations (5)—(9), reflects the similarity of gray-level distributions in the row and col-
umn directions of an image. If the pixel distribution in the image is more uniform, the Corr
value is higher; conversely, if the pixel distribution exhibits greater variability, the Corr
value is lower.

Corr = | LR (P(11.4.0) ~ e /00 ©)
Z ZP i,j,d,0) (6)

= ZjZP(i,j, ,6) 7)

o= Y (i PG, ,0) ®

i j
=Y () Y P(i,j,d,0) 9)

i j

The Entropy (Ent) value, as shown in Equation (10), describes the amount of infor-
mation contained in an image. The entropy calculated based on the GLCM reflects the
randomness of pixel distribution in the image. When the entropy value is 0, it indicates that
the image has no texture. Conversely, as the randomness of pixel distribution increases,
the Ent value also increases, indicating a more complex gray-level distribution and higher
entropy in the image.

Ent = =Y Y P(i,j d,0)log P(i,j,d,0 (10)
) PG gP(i,]
L

The texture features of each hyperspectral band image are obtained using the GLCM
method. First, the GLCM is calculated for the directions 0°, 45°, 90°, and 135°. Subsequently,
the contrast, correlation, energy, and entropy are computed from the GLCM in these
different directions.

3.2. Affine Propagation Clustering Algorithm (AP)

The AP algorithm [46] is a clustering algorithm that was first proposed by Frey in
2007. Different from the K-means algorithm, the AP algorithm does not need to determine
the number of clusters before running the algorithm. At the beginning of its operation, all
sample points to be clustered can be regarded as potential clustering centers. Such potential
clustering centers are called exemplars. The process of the AP algorithm to find cluster
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center is carried out according to the similarity between samples. The similarity matrix S
is established by calculating the similarity between each sample point and other sample
points. Assuming that the sample space is {x1,x2,---,x,} and S(i, k) is the similarity
between sample point x; and sample point xy, S(i, k) represents the similarity degree to
which point x; can become the clustering center of point x;.

S(i,k) = —||x; — x> (11)

The core of the AP algorithm is that there are two kinds of messages describing the
sample situation between sample points, which are constantly updated iteratively. These
two kinds of messages are attraction r(i, k) and belonging a(i, k). Figure 1 illustrates the
exchange of these two messages.

k

Figure 1. AP algorithm indicates the transmission process of two kinds of messages.

In Figure 1, the dashed line represents the process of sending attractiveness, and
the solid line represents the process of sending belongingness. The same point can be
regarded as node 7 that supports node k as the cluster center in the process of attractiveness
transmission, and it can also be regarded as node k’ of the competitive candidate cluster
center in the process of belongingness transmission. Attractiveness r(i, k) describes the
degree to which sample object k is suitable to serve as the clustering center of sample object
i, and it represents the message sent by node i to k, which is updated by the attribution
degree a(i, k) and the similarity matrix S. The update rule is shown in Equation (12):

r(i, k) < s(i,k) — max{a(i,K') + (i, K)} (K % k) (12)

where s(i, k') represents the suitability of node k’ as the clustering center of node i, and
a(i, k") represents the degree of recognition of node k' by node i. If i = k, then we have
the following:

r(k, k) < s(i, k) — max{s(i, k') } (K" # k) (13)

Ascribing degree a(i, k") describes the degree of recognition that sample object i selects
sample object k as its clustering center, and it represents the message from k to i, which is
updated by attraction r(i, k'), and its updating rule is shown in Equation (14):

a(i, k) <+ min{0,r(k k) + Z max{0,7(i,k)} } (14)
i st kg ik}

If i = k, the self-attribution update rule is

a(k, k) E max{0,7(i,k)} (15)
TI
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The algorithm transmits two messages alternately between the sample points, and
the clustering centers remain unchanged after several iterations; finally, these high-quality
clustering centers can be obtained.

3.3. Band Selection Based on Multi-Feature and Affine Propagation Clustering Algorithm

In traditional hyperspectral band selection methods based on clustering, single-
information metrics such as mutual information, absolute distance, Euclidean distance,
or divergence are used to construct similarity measures for band clustering. These meth-
ods predominantly employ the K-means algorithm, whose clustering results are highly
sensitive to parameter settings. Therefore, this chapter proposes a hyperspectral band
selection method based on multi-feature extraction and the AP clustering algorithm, which
is referred to as GE-AP.

3.3.1. Similarity Matrix Construction

The AP algorithm is a process of finding cluster centers based on similarity, so con-
structing the similarity matrix is a key step in AP clustering. To address the issue of
constructing similarity using single information, this study combines band texture features
and Euclidean distance to construct the similarity matrix. The specific process is as follows:

Four texture features—contrast, correlation, energy, and entropy—can reflect compre-
hensive information about image clarity, texture thickness, and local gray-level correlation,
as well as the amount of contained information. Assuming that the hyperspectral image
has [ bands, the GLCM of each band image in four directions (0°, 45°, 90°, 135°) is ob-
tained. In this study, four 8 x 8 matrices are generated for each band. Then, according to
Equations (3)-(10), texture feature parameters such as contrast, correlation, energy, and
entropy from the GLCMs in the four different directions of each band image are calculated.
Finally, a 16 x 1 dimensional feature vector g; = (gj1,8i2,-- -, gi16)T is obtained for each
band image, where i ranges from 1 to .

The Euclidean distance (ED) is a well-established metric in the analysis of hyperspec-
tral images, which are inherently represented as three-dimensional cubes. While texture
features can effectively characterize the attributes of two-dimensional band images, it is
essential to recognize that spectral relationship features also play a critical role in hyperspec-
tral imagery. Therefore, we integrate band texture features with the Euclidean distance to
construct a similarity matrix that encapsulates both the spectral characteristics of individual
band images and the spatial information inherent in hyperspectral image data. The formula

is as follows:
16

Y (gix — 8ix)’ (16)

x=1

where g; and g; represent the texture feature vectors of the I-band image and the J-band
image. By calculating Equation (17), the similarity matrix S of hyperspectral images can be
constructed, the size of which is [ x I, and expressed as follows:

TSl S(1,2) - S(Lj) - S(LI) T
521) =1 - 8(2j) -+ S@21)

*=156,1) s@2) - SGj) - sy | PRI 17
S0 s02) e S 1
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3.3.2. Band Selection Process of Affine Propagation Clustering Algorithm

The AP clustering algorithm is employed to cluster images in hyperspectral bands.
This method overcomes the challenges of selecting the k value in K-means clustering and
the issue that the initial cluster centers significantly influence the clustering results. In the
AP algorithm, each band is initially considered as a potential cluster center. Subsequently,
based on the proposed band similarity matrix, the algorithm calculates the attraction and
belongingness between the updated bands, ultimately completing the clustering process.
The clustering results obtained using this method are more stable and efficient.

3.3.3. Band Selection Framework Based on GE-AP Algorithm

Based on the aforementioned ideas, this paper proposes a band selection method for
hyperspectral images using multi-feature extraction and AP clustering. Firstly, texture fea-
tures of the band images are extracted, and then the Euclidean distance is used to describe
the spectral relationships between band images. The similarity matrix is constructed by
combining texture features and the Euclidean distance. Subsequently, the AP clustering
algorithm continuously updates the attraction and belonging degree of bands based on
the similarity matrix, ultimately yielding several high-quality and stable cluster center
bands. These cluster center bands serve as representative bands to achieve dimensionality
reduction, thereby facilitating subsequent classification processing and other applications.
The specific workflow of this algorithm for hyperspectral image band selection is illustrated
in Figure 2.

Hyperspectral
image cube

I

Get each band
image
[

- A4
GLCM matrix GLCM matrix GLCM matrix GLCM matrix in
in 0 degree in 45 degree in 90 degree 135 degree
direction direction direction direction
] I
\ \ B
CalculateASM . CalculateASM CalculateASM | CalculateASM .

Con. Cor. Ent Con. Cor. Ent Con. Cor. Ent Con. Cor. Ent

l ; [
Obtain band texture
features

Y

Calculated Euclidean
distance
;4
Renewal interband
attraction r(i,k)

Renewal band
attribution degree

a(i,k)

_—
__#ik)+a(ik) Maximum.__ No
< or maximum number /)%
“of iterations reached—
\\\ //////
; Yes

Output cluster center
band serial number k

Figure 2. Band selection flow chart based on multi-feature and Affine Propagation Clustering algorithm.
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4. Experiment
4.1. Experimental Setup

All algorithms were executed on an Intel Core i7 4.2GHz processor with 16 GB RAM,
without any acceleration methods. This section introduces the hyperspectral image datasets
used in the subsequent simulation experiments, namely, the internationally recognized
Pavia University and Pavia Center scenes [47].

For the Pavia University scene, the image dimensions for each spectral band are pro-
vided. The original image contains 115 spectral bands. However, due to noise interference
affecting 12 of these bands, only 103 bands were utilized in the experimental simulations.
The dataset includes nine categories of ground objects: Asphalt, Meadows, Gravel, Trees,
Metal Sheets, Bare Soil, Bitumen, Bricks, and Shadows. Figure 3a presents the ground truth
map of the Pavia University hyperspectral image.

(a) Ground truth map (b) Ground truth map
of Pavia University of Pavia Center

Figure 3. Real object distribution map.

The Pavia Center scene contains 115 spectral bands, but 13 of these bands are affected
by noise, leaving 102 bands for the experimental simulations. The dataset includes nine
categories of ground objects: Water, Trees, Asphalt, Bricks, Bitumen, Tiles, Shadows,
Meadows, and Bare Soil. Figure 3b shows the ground truth map of the Pavia Center
hyperspectral image.

4.2. Compare the Experimental Simulation Results

To verify the effectiveness of the hyperspectral image band selection method based on
multi-feature extraction and AP clustering, this study compares it with three other methods:
feature extraction based on maximized variance PCA (MVPCA) [48], band selection based
on ABS, band selection based on ASP, Genetic algorithms (GAs) [49] and spectral-spatial
GA-based unsupervised Band selection (55GA) [50]. The following section describes the
simulation process and results for feature extraction applied to hyperspectral images of
Pavia University and Pavia Center using these comparison methods.

In the theory of maximum variance, it is assumed that after reducing the dimension-
ality of a sample to k dimensions, the variance on each dimension represents the optimal
k-dimensional representation. By combining the maximum variance theory with PCA, we
can extract the most informative features. This method is referred to as MVPCA. In MVPCA,
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all bands of hyperspectral images are linearly transformed. After transformation, the infor-
mation in the hyperspectral images is concentrated primarily in the first few uncorrelated
principal components, which can be inversely transformed to approximate the original
image. Therefore, when used, the first several principal components are typically selected.

In general, the Principal Component Analysis method reduces dimensionality by
selecting principal components whose eigenvalues are greater than 1. Table 1 shows the
percentage of the sum of squares extracted by principal components with eigenvalues
greater than 1 from the hyperspectral images of Pavia University after Principal Compo-
nent Analysis.

Table 1. Percentage of sum of squares extracted from hyperspectral images by Pavia University.

Extract the Percentage of the Sum of Squares

Ingredient i
& Eigenvalue Percentage Contribution of Variance% Cumulat1v0e
Percentage%

1 66.792 64.847 64.847

2 29.310 28.456 93.303

3 5.289 5.135 98.439

As shown in Table 1, after the transformation of hyperspectral images of Pavia Uni-
versity, there were three principal components with eigenvalues greater than 1. Their
eigenvalues are 66.792, 29.310, and 5.289. The contribution rates of these three principal
components came out to 64.847%, 28.456%, and 5.135%, respectively, with a cumulative
contribution rate of 98.439%. The feature map obtained after inverse transformation is
illustrated in Figure 4.

(a) First principal component  (b) Second principal componen  (¢) Third principal componen
Figure 4. Pavia University hyperspectral image of the first three principal component images.

Figure 5a shows the scree plot of each principal component and its corresponding
eigenvalue after the transformation of the hyperspectral images of Pavia University. As can
be seen from the figure, the slopes of the first three principal components are relatively steep,
while the slopes of components 4 to 103 are nearly flat, approaching zero. In conjunction
with the contribution rates listed in Table 1, it is evident that the first three principal
components capture the majority of the variance. Therefore, for the hyperspectral images
of Pavia University, the first three principal components were selected.
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Figure 5. Hyperspectral image component lithotripsy.

Table 2 shows the percentage of the sum of squares extracted from the principal
components of Pavia Center hyperspectral images whose eigenvalue is greater than 1 after
Principal Component Analysis.

Table 2. Percentage of sum of squares extracted from hyperspectral images by Pavia Center.

Extract the Percentage of the Sum of Squares

Ingredient i
& Eigenvalue Percentage Contribution of Variance% Cumulative

Percentage%
1 74.307 72.850 72.850
2 21.447 21.026 93.876
3 4.316 4232 98.108

As shown in Table 2, after the transformation of hyperspectral images of the Pavia
Center, there were three principal components with eigenvalues greater than 1. Their
eigenvalues are 74.307, 21.447, and 4.316. The contribution rates of these three principal
components are 72.850%, 21.026%, and 4.232%, respectively, with a cumulative contribution
rate of 98.108%. The feature map obtained after inverse transformation is illustrated in
Figure 6.

£ s 3 W
(a) First principal component  (b) Second principal componen  (¢) Third principal componen

Figure 6. Pavia Center hyperspectral image of the first three principal component images.
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Figure 5b shows the scree plot of each principal component and its corresponding
eigenvalue after the transformation of hyperspectral images of the Pavia Center. As
can be seen from the figure, the first three components exhibit steeper slopes and larger
eigenvalues, while the slopes of subsequent components are nearly flat, approaching zero.
Therefore, based on this analysis, the first three principal components were selected for the
hyperspectral images of the Pavia Center.

As shown in the figure, the first three components have steep slopes with large
eigenvalues, while the slopes of the remaining components approach zero, forming a gentle
tail. In conjunction with the contribution rates listed in Table 2, it is evident that the first
three principal components captured the majority of the variance. Therefore, the first
three principal components of the hyperspectral images of the Pavia Center were selected
through analysis. Consequently, both the hyperspectral images of Pavia University and
Pavia Center utilized Principal Component Analysis to project from high-dimensional space
to low-dimensional space. Specifically, the 103 bands of the Pavia University hyperspectral
images were reduced to three principal components, and the 102 bands of Pavia Center
hyperspectral images were similarly transformed into three principal components.

Figure 7a illustrates the band index line chart for the 103 bands of hyperspectral
images of Pavia University using the adaptive band selection method. Since the GE-AP
method selects 10 bands for hyperspectral images of Pavia University, the first 10 bands
selected by the ABS method were used for experimental comparison. The serial numbers
of the first 10 bands with the highest band index values are 91, 88, 90, 89, 87, 92, 93, 95, 94,
and 96. Table 3 lists the band index values corresponding to these 10 selected bands for
Pavia University and the 11 selected bands for the Pavia Center hyperspectral images.

Figure 7b shows the band index line chart for the 102 bands of hyperspectral images
of the Pavia Center using the adaptive band selection method. As the GE-AP method
proposed in this section selected 11 bands for hyperspectral images of Pavia Center, the
first 11 bands selected by the ABS method were used for experimental comparison. The
serial numbers of the first 11 bands with the highest band index values are 91, 90, 88, 89, 92,
87,93, 95, 94, 82, and 96.
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Figure 7. Band index line plots of hyperspectral images of Pavia University and Pavia Cener based
on ABS method.

The automatic subspace partitioning (ASP) method is a band selection technique that
leverages the blocking characteristics of the correlation coefficient matrix of hyperspectral
images. The gray-scale image of the band correlation coefficient matrix exhibits distinct
blocking features, which allows for the division of independent subspaces within hyper-
spectral images. Subsequently, bands are selected from these segmented subspaces, taking
into account both band correlation and information content.
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Table 3. Band index of hyperspectral images of Pavia University and Pavia Center based on
ABS method.

Pavia University Pavia Center
Band Number Band Index Band Number Band Index
91 872.9048 91 1114.185
88 871.5208 90 1111.205
90 870.9870 88 1110.937
89 870.7075 89 1110.31
87 870.1934 92 1109.339
92 869.1692 87 1107.67
93 863.9795 93 1102.059
95 863.7521 95 1101.782
94 863.5711 94 1101.5
96 857.7908 82 1095.023
96 1094.566

Figure 8a represents a Pavia University image, and Figure 8b represents a Pavia
Center image. Both images clearly exhibit blocked structures in their correlation coefficient
matrices. After obtaining the correlation matrix of the hyperspectral image, the nearest
transitive vector could be derived, and the local minimum points of this vector could be
extracted to identify the nodes for subspace partitioning.

Figure 9a illustrates the near-neighbor transitive correlation curve for hyperspectral
images from the Pavia University. It is evident that there are two local minima in the
near-neighbor transitive vectors, indicating that the image could be divided into three
independent subspaces. The band serial numbers for each subspace are as follows: bands
61 to 64, bands 82 to 84, and bands 101 to 103.

Figure 10a—c shows the line diagrams of band coefficients in each corresponding
subspace. The band coefficients in the three subspaces were calculated separately. Finally,
10 bands were selected for comparison experiments based on the band coefficients in each
subspace, with the band serial numbers being 63, 62, 61, 64, 84, 83, 82, 103, 102, and 101.

Figure 9b illustrates the near-neighbor transitive correlation curve for hyperspectral
images from Pavia Center. Similarly, there were two local minima in the near-neighbor
transitive vectors, indicating that the image could be divided into three independent
subspaces. The band serial numbers for each subspace are as follows: bands 63 to 65, bands
73 to 84, and bands 99 to 102.

Figure 10d—f shows the line diagrams of the band coefficients in each subspace of
hyperspectral images of the Pavia Center. The band coefficients in the three subspaces were
calculated separately. Finally, 11 bands were selected for comparison experiments based on
the band coefficients in each subspace, with the band serial numbers being 64, 63, 73, 65, 84,
83, 82,102, 101, 100, and 99.

(a)

Figure 8. Grayscale of correlation coefficient.
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Figure 10. Line chart of band coefficients in each subspace of hyperspectral image.

4.3. Experimental Results of Band Selection Based on GE-AP Algorithm

According to the principle of the GE-AP algorithm, the texture features of hyperspectral
band images were first extracted. Subsequently, a similarity matrix was constructed by combin-
ing Euclidean distance. Finally, the AP algorithm was employed to cluster all the band images.
Table 4 presents the clustering results and the cluster center bands for the hyperspectral images
of Pavia University after applying the GE-AP method. It can be seen that the 103 bands of the
hyperspectral image of Pavia University were classified into 10 categories, thereby selecting
10 representative bands from the original 103 bands for subsequent processing and achieving
dimensionality reduction. The cluster centers listed in Table 4 represent the selected bands,
with their respective band numbers being 5, 19, 23, 33, 42, 51, 59, 71, 85, and 93. Representative
images of each selected band are shown in Figure 11.
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(a) Band 5 (b) Band 19 (¢) Band 23 (d) Band 33 (e) Band 42

(f) Band 51 (g) Band 59 (h) Band 71 (i) Band 75 (j) Band 93

Figure 11. The Pavia University band represents the image.

Table 4. Pavia University image clustering results.

Cluster Center Number of Bands Band Number of
Band Number per Class Each Class
5 7 3~9
19 9 13~21
23 7 10~12, 22~25
33 15 26~37, 67~69
42 10 38~46, 66
51 11 47~56, 65
59 8 57~64
71 5 2,70~73
75 5 1,74~77
93 26 78~103

Table 5 presents the clustering results and central bands of the hyperspectral images
of Pavia Center after applying the GE-AP method. It can be seen that the 102 bands
of the hyperspectral image of Pavia Center were classified into 11 categories, thereby
selecting 11 representative bands from the original 102 bands for subsequent processing
and achieving dimensionality reduction. The cluster centers listed in Table 5 represent the
selected bands, with their respective band numbers being 7, 14, 23, 30, 40, 46, 51, 55, 64, 75,
and 86. Representative images of each selected band are shown in Figure 12.

By combining the multi-feature and Affine Propagation Clustering algorithm, the band
selection of two hyperspectral images was carried out to achieve a significant reduction in
the number of bands. The representative bands selected by the method in this section were
classified and compared with the bands selected by the three methods introduced in the
previous section. In each hyperspectral image in the classification experiment, 10% of each
type of ground object was randomly selected as the training sample, and the remaining
90% was used as the test sample.
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Table 5. Pavia Center image clustering results.

Cluster Center Number of Bands Band Number of
Band Number per Class Each Class

7 10 3~12

14 9 13~21

23 4 2,22,23,24

30 12 1,25~35

40 9 36~44

46 3 45, 46, 47

51 9 48~-53, 68, 69, 70

55 5 54~-56, 66, 67

64 9 57~65

75 8 71~78

86 24 79~102

(a) Band 7 (b) Band 14 (c¢) Band 23 (d) Band 30

(e) Band 40 (f) Band 46 (g) Band 51 (h) Band 55

(i) Band 64 (j) Band 75 (k) Band 86

Figure 12. The Pavia Center band represents the image.
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Table 6 presents the classification results of hyperspectral images from the Pavia
University scenes following feature extraction conducted through six distinct methods:
MVPCA, ABS, ASP, GA, SSGA, and GE-AP. The overall OA and Kappa coefficient metrics
were used to evaluate the performance of these methods. As shown in the table, the GE-AP
method achieved the highest classification accuracy at 88.21%, representing a maximum
increase of 7.34% compared to other methods. Additionally, the Kappa coefficient for the
GE-AP method was the highest at 0.838, indicating a maximum improvement of 9.97%
over other methods. The Pavia Center hyperspectral images after feature extraction using
MVPCA, ABS, ASP, GA, SSGA, and GE-AP are shown. As shown in the table, the OA of the
GE-AP method was the highest among the four methods, reaching 98.63%, which represents
a maximum increase of 8.89% compared to the other methods. Additionally, the Kappa
coefficient for the GE-AP method reached 0.979, indicating a maximum improvement of
13.18% over the other methods.

Table 6. Hyperspectral image classification results from Pavia University and Pavia Center. The top
two scores are represented in red and blue, respectively.

Dataset Methods OA% Kappa
MVPCA 82.18 0.762
ABS 85.95 0.811
Pavia ASP 87.95 0.836
University GA 84.12 0.784
SSGA 88.45 0.846
GE-AP 88.21 0.838
MVPCA 97.65 0.967
ABS 90.58 0.865
Pavia ASP 97.12 0.959
Center GA 84.12 0.784
SSGA 97.28 0.962
GE-AP 98.63 0.979

The image size of the Pavia Center images is 1096 x 1096, and that of Pavia University
is 610 x 610. As a heuristic search algorithm, SSGA can efficiently obtain the global optimal
solution in smaller remote sensing images, but it faces challenges in achieving the global
optimal solution when the search space is large. From the experimental results of the
two hyperspectral images, it can be seen that the band selection method based on GE-AP
proposed in this paper can effectively select representative band subsets, and it is more in
line with the current trend of increasing resolution of remote sensing images.

5. Conclusions

To address the challenge of band selection based on clustering, this paper proposed a
band selection method for hyperspectral images that integrates multi-feature extraction
and the AP clustering algorithm. Firstly, the texture features of the band images were
extracted using the GLCM, which captures the two-dimensional spatial characteristics of
hyperspectral data. Next, the Euclidean distance between bands was calculated based on
these texture features, reflecting the spectral relationships within the hyperspectral image
while being insensitive to variations in spectral amplitude. Subsequently, a similarity matrix
was constructed based on the comprehensive features of the bands. The AP clustering
algorithm was then applied to cluster the bands according to the similarity matrix, with the
cluster centers selected as representative bands. Finally, the results demonstrate that this
method achieved a maximum increase of 8.89% in overall classification accuracy OA and
13.18% in its Kappa coefficient value, thereby highlighting its superiority.
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