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ABSTRACT

Hyperspectral imagery encompasses spectral and spatial dimensions, reflecting the material properties of objects.
Its application proves crucial in search and rescue, concealed target identification, and crop growth analysis.
Clustering is an important method of hyperspectral analysis. The vast data volume of hyperspectral imagery,
coupled with redundant information, poses significant challenges in swiftly and accurately extracting features for
subsequent analysis. The current hyperspectral feature clustering methods, which are mostly studied from space
or spectrum, do not have strong interpretability, resulting in poor comprehensibility of the algorithm. So, this
research introduces a feature clustering algorithm for hyperspectral imagery from an interpretability perspective.
It commences with a simulated perception process, proposing an interpretable band selection algorithm to reduce
data dimensions. Following this, a multi-dimensional clustering algorithm, rooted in fuzzy and kernel clustering, is
developed to highlight intra-class similarities and inter-class differences. An optimized P system is then introduced
to enhance computational efficiency. This system coordinates all cells within a mapping space to compute optimal
cluster centers, facilitating parallel computation. This approach diminishes sensitivity to initial cluster centers
and augments global search capabilities, thus preventing entrapment in local minima and enhancing clustering
performance. Experiments conducted on 300 datasets, comprising both real and simulated data. The results show
that the average accuracy (ACC) of the proposed algorithm is 0.86 and the combination measure (CM) is 0.81.
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1 Introduction

Objects possess distinct attributes. Information across various dimensions can be acquired
through different detectors. Analyzing the differences and consistencies among targets is of paramount
importance. A representative technology in information acquisition is imaging hyperspectral tech-
nology, applicable in search and rescue, target identification, and more. It encompasses imaging and
spectral detection, enabling spatial feature imaging of targets. Additionally, it allows for continuous
spectral coverage by dispersing each spatial pixel into multiple narrow bands, forming a three-
dimensional data block [1]. The contained image information reflects external quality characteristics
such as size, shape, and defects of the samples. Since different components absorb spectra differently,
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images at certain wavelengths can significantly highlight specific defects. Spectral information thor-
oughly represents the internal physical structure and chemical composition differences among samples.
These characteristics bestow unique advantages upon hyperspectral imaging technology in detection
applications [2].

Leveraging the advantages of hyperspectral imagery, target feature clustering focuses on feature
extraction and rapid computation. In feature extraction, the principal aim is to minimize intra-class
differences while maximizing inter-class distinctions. Clustering extracts features by considering intra-
class variances. Notable algorithms include spatial local similarity [3], Hyperspectral hybrid method
[4], Support Vector Machines (SVM) [5], Fuzzy C-Means (FCM) [6], spectral-spatial relations [7],
signal response correlation [8], and low rank [9] approaches. Heuristic models underpin clustering
philosophies [10]. Classification, conversely, extracts features based on inter-class differences, with
representative algorithms encompassing multi-dimensional classifiers [11], texture features [12], K-
means [13], multi-scale kernel clustering [14], and graph theory [15]. The emergence of deep learning
has introduced new paradigms in feature extraction by establishing mappings between information
and semantics, utilizing band similarities to construct networks [16], Deep spatial-spectral subspace
[17] approaches, multi-scale models [18], and structural subspaces [19]. These algorithms, rooted in the
spatial and spectral relationships of hyperspectral data, model various dimensions to achieve feature
extraction. While traditional clustering and classification algorithms are straightforward, significant
enhancements in their effectiveness are challenging to achieve. Deep learning-based algorithms, which
construct image-semantic relationships, have demonstrated effectiveness across multiple domains.
However, features are less interpretable, and substantial annotated samples are required for learning.

In terms of rapid computation, research predominantly focuses on process optimization and
network structure. Regarding process optimization, notable algorithms include the development of
computational models [20] based on multi-sensor imaging characteristics, downsampling based on
band continuity [21], and the construction of anchor graphs for swift feature extraction calcula-
tions. In the realm of network structure, advancements involve the graphics processing unit [22],
LiteDepthwiseNet [23], attention mechanisms [24], semi-supervised networks [25], and spectral-
spatial convolution [26]. These algorithms, primarily serial in nature, facilitate rapid computation of
hyperspectral imagery. However, they exhibit certain limitations when applied to diverse tasks.

In summary, current algorithms for hyperspectral imagery are mainly divided into those based
on traditional features and deep learning (Table 1). Algorithms grounded in traditional features are
highly interpretable, predominantly extracting texture and energy-based features. Yet, they lack robust-
ness and significant performance enhancements when dealing with highly variable imagery. Deep
learning-based algorithms, which establish image-semantic relationships, exhibit strong robustness
following extensive learning but suffer from poor interpretability. The primary challenges faced by
both traditional and deep learning algorithms include: 1) High data redundancy, complicating the
extraction of representative features; 2) Indistinct intra-class similarities and inter-class differences,
making clustering challenging; 3) Prevalent use of serial processing, leading to low efficiency.

Table 1: Summary of existing methods

Algorithm Advantage Disadvantage

Traditional Interpretable and easy to understand Limited performance improvement
Deep learning Good performance Low interpretability
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Addressing the aforementioned issues, this paper introduces innovative aspects as follows:

• From a visual perception standpoint, a color-based mapping model is established, presenting
interpretable characteristic bands to reduce data dimensions

• By integrating fuzzy clustering with kernel clustering, a multi-dimensional clustering algorithm
is proposed.

• Inspired by cellular membrane conduction, a tissue-type membrane computing framework is
constructed; this facilitates the collaborative computation of optimal cluster centers by all cells
within a mapping space, achieving parallel computation.

The paper is structured into four sections. The Section 2 discusses the methodology, encompassing
the construction of an interpretable color mapping model, the multi-dimensional clustering algorithm,
and the tissue-type membrane computing framework. The Section 3 presents experimental results and
analysis, describing the data used for experiments and the computational platform, comparing the
proposed algorithm with current mainstream algorithms to validate its effectiveness. The Section 4
concludes the paper, summarizing the strengths and weaknesses of the algorithm and suggesting
directions for future research.

2 Algorithm

Hyperspectral imagery is distinguished by its spectral resolution, endowing it with the capa-
bility to detect the attributes of terrestrial targets. Compared to panchromatic and multispectral
data, hyperspectral data encompasses nearly continuous spectral information of the Earth’s surface.
Through spectral reflectance reconstruction, hyperspectral imagery can obtain nearly continuous
spectral reflectance curves of the Earth’s surface, thereby enhancing the capability to identify surface
cover. Hyperspectral data can detect substances with diagnostic spectral absorption features; it can
accurately distinguish between types of vegetation cover, road surface materials, etc. The methods
for classifying and identifying terrain features are diverse and flexible, making quantitative or semi-
quantitative classification and identification of terrain features feasible. In hyperspectral imagery, it is
possible to estimate the status parameters of various terrestrial objects, thus improving the precision
and reliability of high-quantitative remote sensing analysis.

This paper proposes a clustering algorithm for interpretable features based on hyperspectral
imagery, as illustrated in Fig. 1. Initially, leveraging the Gestalt principles of vision and simulating the
RGB imaging principle, a database of ten colors is constructed. The relationship between color and the
database is established, endowing the clustering features with interpretability. Subsequently, by ana-
lyzing the correlation between frames, a fuzzy kernel clustering algorithm is constructed to reduce the
sensitivity to initial cluster centers. An interaction mechanism between local optima and global optima
is established to avoid entrapment in local optima. Finally, to enhance computational capabilities, a
tissue P system is designed, inspired by cellular structures, to achieve parallel computation.
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Figure 1: Algorithm flow chart

2.1 Interpretable Band Selection Algorithm

The Gestalt principles posit that human perception of objects results from the combined action
of the eye and brain [27], adhering to the following principles: 1) Figure and ground: Within a
given configuration, some objects emerge as figures while others recede to serve as the background.
2) Proximity and continuity: Parts that are close or adjacent to each other tend to form a whole. 3)
Completeness and closure: Perceptual impressions tend to present themselves in the most complete
form possible, depending on the environment. 4) Similarity: If parts are equidistant but differ in color,
those of the same color naturally coalesce into a whole. 5) Invariance: According to homomorphism,
Gestalts, being isomorphic with the stimulus patterns, can undergo extensive changes without losing
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their inherent characteristics. In imaging principles, the RGB imagery mode aligns with visual
principles and is readily accepted by humans.

Drawing on Gestalt theory, an interpretable band selection algorithm is proposed. Hyperspectral
imagery, represented by discrete points, is considered as continuously varying based on the principles of
proximity and continuity. The band selection model is constructed using the principles of similarity and
invariance. By extracting three bands from the hyperspectral image sequence to form a pseudo-color
image, the process simulates visual perception, enhancing the consistency within the same category
and the differences between distinct categories, and presents these variations in color.

Considering the sensitivity of visual perception, RGB colors are categorized into ten types. The
differences between the three channels (C1, C2, C3 and the standard colors (Ra, Ga, Ba) are calculated
using Euclidean distance. When ξ is minimized, the three channel values are normalized to the
corresponding standard colors.

ξ = min
a

(|C1 − Ra| + |C2 − Ga| + |C3 − Ba|) (1)

This approach enables the pseudo-color mapping of different bands, as shown in Fig. 2, intuitively
displaying the differences in targets within specific spectral bands. This band selection method aligns
with the principles of visual perception and is interpretable by presenting the information in the form
of colors.

Figure 2: Color mapping model

2.2 Multi-Dimensional Clustering Algorithm

Hyperspectral imagery can be perceived as a data cube, where frames exhibit strong correlations
and similarities. To extract representative bands for image clustering, the spatial relationships within
images are considered. Direct application of kernel-based distance algorithms fails to fully exploit the
characteristics of imagery. Moreover, clustering is relatively clear in most image areas but challenging
around boundaries and transition zones. Therefore, a fuzzy clustering algorithm is adopted, focusing
on ambiguous regions. Inspired by kernel clustering, data is transformed to a higher dimension for
analysis to uncover more representative features, highlighting intra-class similarities and inter-class
differences.

Fuzzy clustering analysis clusters objective entities based on their features and similarities, estab-
lishing fuzzy similarity relations [28]. This approach is aligned with the principles of visual perception,
focusing on the transition zones between targets to extract features. Let the pixels contained in an
image form a dataset M = {x1, x2, . . . , xn}, where n is the pixel resolution.
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Assuming the clustering algorithm partitions M into k clusters C, in fuzzy clustering, each pixel
has its membership degree, denoted as uij for the membership degree of the jth pixel in the ith cluster.
Fuzzy partitioning satisfies the condition:⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

0 <
n∑

j=1

μij < n, i = 1, 2 . . . k

n∑
i=1

μij = 1 j = 1, 2 . . . n,

k∑
i=1

n∑
j=1

μij = n

uij ∈ [0, 1] (2)

The objective function for classical fuzzy C-means clustering is defined as:

JC = min
n∑

j=1

k∑
i=1

(
μij

)m ∥∥xj − zi

∥∥2
(3)

where zi represents the center of the ith cluster, and xj represents the jth data point in the dataset.

The concept of kernel clustering involves mapping data to a high-dimensional feature space,
thereby enabling the clustering of data of any shape [29]. The process is as follows: The dataset X
is mapped to a high-dimensional feature space, represented as ϕ: Rd → H, xi → ϕ(xi), where xi = [ xi,1,
xi,2, . . . xi,d]T . A kernel function is introduced to measure the distance between two points:

D
(
ϕ (xi) , ϕ

(
xj

)) = ∣∣∣∣ϕ (xi) − ϕ
(
xj

)∣∣∣∣2 = k (xi, xi) − 2k
(
xi, xj

) + k
(
xj, xj

)
(4)

where k(xi, xj) denotes the kernel function. Common kernel functions include linear, polynomial,
Gaussian, Laplacian, and Sigmoid kernels.

On this basis, the optimal clustering centers are sought. The objective function is constructed:

J = min
k∑

i=1

n∑
j=1

(
uij

)m
D

(
ϕ

(
xj

)
, ϕ (zi)

)
(5)

The integration of fuzzy clustering with kernel clustering algorithms is pursued; pixels are mapped
to a high-dimensional feature space, and an objective function is designed to find the optimal cluster
centers:

J ′ = min

{
k∑

i=1

n∑
j=1

(
μij

)m
D
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ϕ

(
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(6)
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(7)

where x̂j represents the average grayscale value in the neighborhood of the (jth) pixel. Thus, the problem
of pixel clustering in images is transformed into an optimization problem of the objective function.

2.3 Framework of Tissue P System

Given the high dimensionality and computational demands of hyperspectral imagery, scholars,
inspired by cellular transmission structures, introduced P systems [30]. A typical P system comprises
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skin membranes, basic membranes, and non-basic membranes. Based on the transmission process,
these can be classified into cellular, neural, numerical, and tissue types. The cellular system operates
with cells as independent computational units, as illustrated in Fig. 3a. It achieves optimal results
through the promotion and sharing between different cells. The neural system represents neurons
with each node, simulating the mechanism of pulse neurons through synaptic connections, with pulse
signals stored in neurons. The numerical system substitutes nested membrane structures of linguistic
characters with numerical variables. The tissue system, depicted in Fig. 3b, can be seen as a network of
processors, facilitating information exchange and sharing among basic membranes through objects.

Figure 3: Typical Psystem block diagram

Given the processor network characteristics of tissue systems, they are well-suited for image
clustering. Consequently, a tissue P system was designed as the computational framework. Within
this system structure, there are q cells, each containing m objects, with each object representing a set
of candidate cluster centers. Assuming the dataset to be clustered is X , divided into k clusters C, each
object, representing a set of candidate cluster centers, is denoted as Z = {ϕ(z1), ϕ(z2), . . . , ϕ(zk)}. This
leads to the relationship between the original space, feature space, and P system, as shown in Fig. 4.

Figure 4: P system object representation

The tissue P system, with its network membrane structure, situates each cell within a common
public environment. Through evolution and operation rules, the optimal cluster centers are stored,
defined as:

M = (O1, O2, . . . On, R, Q, i0) (8)

where On represents the nth cell, R the evolution rules, Q the operation rules, and i0 the output result
after transmission.

In the process of identifying optimal cluster centers, each object represents a set of candidate
cluster centers, denoted as Z = {z1, z2,..., zk}, where k is the number of cluster centers. The data is
mapped to a high-dimensional space through the mapping function ϕ( ), represented as O = {ϕ(z1),
ϕ(z2), . . . , ϕ(zk)}.
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Building on the P system framework and incorporating a velocity and displacement model, the
model is enhanced as follows:{

Vi = w1Oi + w2 (pi − Oi) + w2

(
OB−local − Oi

) + w3

(
OB−ground − Oi

)
O′

i = Oi + Vi
(9)

where wn represents the weight parameter. OB-local denotes the optimal object within the OB-ground cell,
and OB-ground represents the optimal object under global conditions. The rule change between the
environment and cells adopts the (i, OB-local/λ, OB-ground) rule, comparing the effects of OB-local and OB-ground

to select the optimal outcome.

Algorithm: Calculation process
Input: Image I , the number of image segmentation regions is k, the number of membranes is q, the
number of objects in each membrane is m, and the maximum number of iterations is tmax.
Output: Clustered images.
1. Parameter initialization.
2. Extract image features in pixel values, construct cell units, and perform parallel calculations.
3. Traverse each cell, initialize the jth object from the ith cell, and calculate the J′ value.
4. Traverse each cell and calculate according to the evolutionary model using Eq. (8).
5. Find the optimal object for each cell and obtain OB-ground based on operational criteria.
6. Implement image clustering based on OB-ground.

3 Experiment Result and Analysis

This research selected a database composed of 300 sets of 16-bit hyperspectral data. Half of these
datasets were generated using hyperspectral simulation software based on extensive data collected
by various devices in earlier phases, while the other half consisted of actual data collected by
developed hyperspectral equipment, spanning the visible to near-infrared spectral range. The software
environment was Win7. Professionals conducted pixel-level calibration of ground objects within the
data, serving as the gold standard, with a training-to-testing data ratio of 1:1.

3.1 Experimental Data

A spectral image dataset was constructed, with representative images displayed in Fig. 5. DATA 1
and 2, the simulated data, have a spatial resolution of 1024 × 768 and 200 spectral bands. DATA 3 and
4, actual shot data, have a spatial resolution of 1392 × 1395 and 256 spectral bands. The spectral curves
of typical ground objects are shown in Fig. 6. The spectral curve of the sky differs significantly from
those of other ground objects, while the difference between the spectral curves of sand and grassland
is less pronounced. Analyzing the full spectral range does not highlight the differences between them.
Thus, a clustering algorithm for interpretable features based on hyperspectral imagery was proposed
to emphasize the distinctions between different ground objects.
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Figure 5: Data display
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(a) Grass (b) Sky

(c) Sandy land (d) Building

Figure 6: Spectral curve of a typical feature

3.2 Evaluation Metrics and Parameter Selection

Accuracy (ACC), Compactness (CP), Adjusted Rand Index (ARI) and Kappa coefficient were
introduced as metrics to evaluate the outcomes from various dimensions. ACC calculates the propor-
tion of pixels correctly clustered within the image:

ACC =

k∑
i=1

ni

N
(10)

where N denotes the total number of pixels in the image and ni represents the number of correctly
classified pixels. ACC is directly proportional to performance.

CP measures the compactness of cluster centers:

CP = 1
K

K∑
k=1

∑
xi∈Ωi

‖xi − wi‖
|Ωi| (11)

where wi denotes the center of the ith cluster. CP is directly proportional to performance.

ARI assesses the degree of agreement in data classification:

ARI = RI − E [RI ]
max (RI) − EI

, RI = a + b
Cn

2

(12)

where C represents the labeled class information, K the clustering information, a represents the
number of elements in the same category in both C and K, and B represents the number of elements
in different categories of K in month C. Cn

2 indicates the total number of elements in the dataset.

The Kappa coefficient is used as a consistency check metric, where N represents the total number
of samples, r the number of rows in the confusion matrix, xij and the value of the element in the ith row
and jth column of the confusion matrix. xi+ denotes the sum of the ith row, and x+i the sum of the ith

column of the confusion matrix.
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Kappa =
N

r∑
i=1

xii −
r∑

i=1

(xi+ × x+i)

N2 −
r∑

i=1

(xi+ × x+i)

(13)

AOM, AVM, AUM, and CM measure segmentation outcomes from different dimensions.

AOM = S ∩ G
S ∪ G

, AVM = S − G
S

, AUM = G − S
G

, CM = 1
3

{AOM + (1 − AVM) + (1 − AUM)} (14)

where S represents the manually annotated results and G the algorithm-annotated results. AOM and
CM are directly proportional to segmentation performance, whereas AVM and AUM are inversely
proportional to segmentation performance.

The kernel function serves as a parameter in this algorithm. Representative linear, polynomial, and
Gaussian kernels were selected for statistical analysis. The linear kernel function (Linear) is denoted
as:

k
(
xi, xj

) = xi · xj (15)

The polynomial kernel function (Poly) is expressed as:

k
(
xi, xj

) = (
xi · xj + 1

)a
(16)

The Gaussian kernel function (Gauss) is represented as:

k
(
xi, xj

) = exp

(
−

∥∥xi − xj

∥∥2

2σ 2

)
(17)

The effect of different kernel clustering is shown in Table 2, where V represents the corresponding
index value and E represents the index improvement rate:

Exy = Vx − Vy

Vy

× 100% (18)

where we take the index result of Linear kernel as the benchmark, then x takes the index of Linear
kernel, and y is the index of Poly and Gauss, respectively. It can be seen the Gaussian kernel achieves
the best results. EGauss, Linear is 10.4. For a visual demonstration, a hyperspectral image was selected, with
its pseudo-color image displayed in Fig. 7a. The result using the linear kernel is shown in Fig. 7b. The
simplicity of the kernel function does not effectively suppress noise, leading to suboptimal results. The
polynomial kernel result, illustrated in Fig. 7c, employs a curve to filter the image, somewhat mitigating
noise. It improves efficiency by first calculating polynomial terms in higher dimensions before inner
product. The Gaussian kernel result is depicted in Fig. 7d. The Gaussian kernel, with its stronger
mapping capability, yields the best outcome. Additionally, with the Gaussian kernel function, k(xi, xi)
= 1, leading to a simplified objective function:

J ′ = min

{
k∑

i=1

n∑
j=1

(
μij

)m (
1 − K

(
xj − zi

)) +
k∑

i=1

n∑
j=1

(
μij

)m (
1 − K

(
x̂j − zi

))}
(19)

Thereby it significantly enhances computational efficiency.
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Table 2: Clustering results with different kernel functions

Kernel ACC CP ARI Kappa

V E (%) V E (%) V E (%) V E (%)

Linear 0.77 – 0.64 – 0.71 – 0.77 –
Poly 0.83 7.8 0.69 7.8 0.78 9.8 0.83 7.8
Gauss 0.86 10.4 0.74 13.5 0.83 14.5 0.87 11.5

Figure 7: Images of clustering results with different kernel functions. (a) Pseudo-color image corre-
sponding to hyperspectral imagery; (b) clustering result using linear kernel; (c) clustering result using
polynomial kernel; (d) clustering result using Gaussian kernel

Hyperspectral images from different bands were selected to form simulated RGB images, as shown
in Fig. 8. Analysis leads to the following conclusions: 1) The real RGB images appear dark due to
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the evening shooting scene, making it challenging to accurately distinguish ground objects. 2) The
representational capacity of a single spectral band is limited. 3) Combinations of different bands
reveal variations, thereby highlighting the characteristics of various ground objects. In summary, the
construction of image combinations from different bands, based on Gestalt theory and mapping colors
to ten categories, uses representative bands to emphasize the features of different ground objects,
achieving a display that aligns with human visual perception.

Figure 8: Combined mapping images of different spectral bands

3.3 Comparison of Clustering Algorithms

To validate the effectiveness of the proposed hyperspectral clustering algorithm, traditional
Texture Clustering (TC) [12], K-Means Clustering (KMC) [13], Multi-scale Kernel Clustering (MSKC)
[14], and deep learning-based approaches such as Band Similarity Network Clustering (BSNC)
[16], Multi-Scale Network Clustering (BSNC) [18] and Structural Subspace Network Clustering
(BSNC) [19] were selected for comparison with this research’s algorithm. The evaluation focused on
clustering and segmentation performance. Quantitative metrics, as presented in Table 3, indicate that
all algorithms achieved clustering. Methods based on traditional features showed lower performance.
Deep learning-based algorithms exhibited higher effectiveness, with the algorithm proposed in this
research outperforming the others. The TC algorithm clusters based on texture features formed by
boundaries between substances, achieving certain effectiveness when the boundaries in the captured
scenes are distinct. However, variability in material responses across different spectral bands may
lead to inaccurate boundary extraction. The KMC algorithm constructs clustering models based
on the similarity of spectral curves of similar materials. The method demonstrates effectiveness for
hyperspectral images with simple scenes. However, as scene complexity increases, clustering becomes
disordered. The MSKC algorithm constructs kernel functions at multiple scales to capture information
from different dimensions, enhancing clustering performance beyond the first two algorithms. The
BSNC algorithm, by learning from a large amount of statistical hyperspectral data, establishes
a mapping between bands and semantics, achieving clustering. The MSNC algorithm integrates
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multi-scale information into a deep network, offering stronger representational capabilities and
robustness compared to MSKC. The SSNC algorithm models from a spatial perspective to analyze
intra-class similarities and inter-class differences, yielding favorable results. The algorithm proposed
in this research, by constructing a model from the perspectives of fuzzy and kernel clustering, builds
a membrane computing framework on the premise of ensuring clustering accuracy, achieving rapid
clustering with optimal results.

Table 3: Clustering index measurement

Algorithm Clustering index Segmentation index

ACC CP ARI Kappa AOM AVM AUM CM

TC [12] 0.68 0.47 0.63 0.65 0.59 0.27 0.30 0.67
KMC [13] 0.70 0.55 0.66 0.66 0.63 0.26 0.28 0.70
MSKC [14] 0.74 0.58 0.68 0.69 0.67 0.24 0.26 0.72
BSNC [16] 0.78 0.64 0.73 0.74 0.71 0.25 0.27 0.73
MSNC [17] 0.81 0.68 0.77 0.78 0.74 0.23 0.25 0.75
SSNC [19] 0.84 0.71 0.80 0.84 0.78 0.22 0.24 0.77
Ours 0.86 0.74 0.83 0.87 0.83 0.19 0.21 0.81

ROC curves were calculated for four datasets, with the algorithm’s performance visually displayed
in Fig. 9. Datasets 1 and 2 consist of simulated data with lower resolution, minimal noise, and strong
spectral regularity. Datasets 3 and 4 comprise real collected data with higher resolution and noise,
particularly in images captured at night. Dataset 1 primarily contains land and grassland, with its
ROC curve shown in Fig. 9a. The clear boundaries between different ground objects allowed all
algorithms to achieve favorable results. Dataset 2, containing land and grassland, presents a more
complex scene than Dataset 1. The oblique angle of hyperspectral data acquisition results in a blurred
transition zone between land and sand in the upper part of the image, as shown in Fig. 9b, slightly
reducing algorithm performance. However, the performance difference between traditional and deep
learning-based algorithms is minimal. With real collected data, a more significant performance decline
is observed. Dataset 3 includes sky, vegetation, cars, and land, with its ROC curve shown in Fig. 9c.
Adequate lighting and distinct image features contribute to better algorithm performance, despite
the complexity introduced by noise and tree branches. Dataset 4, captured in the evening within
the same environment as Dataset 3, has its ROC curve depicted in Fig. 9d. Distinguishing different
ground objects in nighttime hyperspectral imagery is visually challenging, leading to a marked decline
in traditional algorithm performance. The algorithm proposed in this research, by selecting bands
and analyzing the combination effects of different spectral bands from an interpretable and visually
intuitive perspective, still achieves favorable results, demonstrating the effectiveness of the proposed
method.
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ROC curve
Pseudo-color image 

corresponding to 
hyperspectral imagery

Algorithm effect

(a)

(b)

(c)

(d)

Figure 9: Algorithm clustering effect display

4 Conclusions

Hyperspectral imagery, encompassing spatial and spectral information, can intuitively display the
spatial and material information of ground objects, holding vast potential for theoretical research
and practical applications. Addressing the challenges of large data volumes and redundancy in
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hyperspectral data, which complicate clustering, an interpretable feature clustering algorithm for
hyperspectral imagery was proposed. The innovations of this research include: 1) Building a color
mapping model based on visual principles and introducing an interpretable band selection model
to reduce data dimensions. 2) Integrating fuzzy and kernel clustering to thoroughly explore image
features, achieving minimal intra-class differences and significant inter-class variations. 3) Proposing
a tissue P computing framework to facilitate rapid computation.

However, the research encountered some issues requiring further investigation: 1) The real data
collected for experiments originated from a single model of spectrometer, without considering the
variability in data obtained by different spectrometer models. 2) The current research’s data was limited
to the infrared and near-infrared spectral ranges; further validation is needed to determine whether
the algorithm can be extended to other spectral ranges such as long-wave and ultraviolet.
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