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Highlights

What are the main findings?

e A new distance density and Wasserstein generative adversarial network-driven
wrapped unsupervised band selection (DW-WUBS) is developed for hyperspectral
image dimensionality reduction.

e  The proposed distance density-based sequential search (DSS) can minimize the number
of evaluations of band combinations, decreasing computational complexity.

What are the implications of the main findings?

e  DW-WUBS recognizes powerful bands by the reconstruction error to classify a hyper-
spectral image.
e  We address underlying and higher-level structure information via a critical network.

Abstract

Wrapped unsupervised band selection (WUBS) is a powerful means of reducing the dimen-
sions of hyperspectral images (HSIs) and has drawn much focus recently. Nevertheless,
numerous WUBS approaches struggle to strike a balance between computational com-
plexity and performance and typically disregard high-level information between bands.
This paper presents a new reconstruction error-based algorithm called distance density
(DD) and Wasserstein generative adversarial network (WGAN)-driven WUBS (DW-WUBS),
which is intended to overcome these problems. Minutely, DW-WUBS employs DD to
weigh the spectral fluctuation in different band groups and thus determine the detailed
expression of the importance of each group. At the same time, it uses a sequential search
method on the important band group instead of the original HSIs, thereby reducing the
W) Check for updates computational complexity of band retrieval. Afterwards, DW-WUBS trains a WGAN and
applies its critical network to test the representativeness of the searched bands by con-
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1. Introduction

As a pivotal technique in modern geospatial observation systems, the hyperspectral
sensing platform demonstrates operational superiority via its capacity to acquire com-
prehensive spectral information. Compared to conventional multispectral modes, this
capability significantly improves the performance of hyperspectral sensors in extracting
the reflected characteristics of various surface materials [1]. During the past decade, hyper-
spectral technologies have been pervasively deployed in a variety of applications, ranging
from parameter retrieval to land cover classification [2,3].

The successful utilization of hyperspectral systems depends on advanced interpreta-
tion methods [4,5]. These approaches can accurately recognize abundant target features
in high-dimensional hyperspectral images (HSIs). Nevertheless, adjacent images exhibit
pronounced correlation, resulting in non-negligible data redundancy across contiguous
wavelength channels. This phenomenon imposes a substantial burden on data analysis and
interpretation, complicating conventional analytical approaches in remote sensing. Con-
sequently, spectral dimensionality reduction emerges as an indispensable preprocessing
procedure in the exploitation of hyperspectral information.

There are three prevalent methods for dimensionality reduction: decision fusion [6],
feature extraction (FE) [4,7], and band or feature selection (BS or FS) [8—40]. Unlike the first
two strategies, which achieve dimensionality reduction via information transformation,
BS identifies critical spectral components from entire bands while preserving the spectral-
spatial integrity of raw HSIs. BS techniques are classified as either unsupervised [8-30] or
supervised [31-39,41-43] based on the utilization efficiency of samples. Due to the high cost
of manual annotation, our investigation prioritizes unsupervised BS (UBS) frameworks,
which fall into three classes determined by the inclusion of learning models in the selection:
filtered [8,9], embedded [10-17], and wrapped methods [19-30]. Wrapped UBS (WUBS)
methods utilize a predictor to iteratively test the distinctiveness of feature groups. A variety
of studies show that WUBS methods often perform better than filtered and embedded
approaches [19-30], making it a hot spot in HSI research. Subset production and subset
scoring are two elementary processes for wrapped methods. These processes are iterated
until convergence.

1.1. Related Works on Subset Production

Subset production utilizes a search algorithm to produce alternative band groups. Cur-
rent search algorithms can be broadly classified as evolutionary, stochastic, and sequential.

(1) Evolutionary search. The first method is developed by different evolutionary calcu-
lation algorithms that emulate collective biological processes observed in natural systems.
The latest work contains alpha evolution [31], PID search [32], reptile optimization [33],
gravitational optimization [34], and genetic algorithm [35]. Evolutionary search algorithms
show impressive performance due to their exceptionally comprehensive search power,
but convergent instability and unmanageable random initialization impose restrictions on
their promotion.

(2) Stochastic search. The second search framework is a traditional strategy to form
a band group. Zhan et al. [36] designed a wrapped BS algorithm using a convolutional
neural network (CNN) and a stochastic search process. In their algorithm, bands are
selected at random to generate a subset. Afterwards, the CNN is considered as a predictor
to score performance by extracting nonlinear and hierarchical spectrum features. To
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reduce the solution space of stochastic search, a novel metric called distance density (DD)
was presented by Zhan et al. [37]. It is calculated by taking the mean of the absolute
distances between neighboring bands. This measure enhances the efficiency of [36] in BS
algorithms. Subsequently, many BS algorithms are presented using DD. Inspired by the
autoencoder-based feature selector (AEFS) [44], Tschannerl et al. [11] proposed a segmented
autoencoder algorithm for BS (S-AEBS), applying DD to account for the complicated
correlations between important bands in HSIs. By replacing the absolute distance with the
Kullback-Leibler (KL) distance, Yang et al. [45] extended DD into wrapped polarimetric
synthetic aperture radar (PolSAR) dimensionality reduction and classification. In their
study, the KL-based DD shows superior expressiveness because it pays close attention to
the discontinuous properties of decomposed PolSAR features. Although DD improves
the performance of stochastic search, a large number of iterations are still required to
generate the optimal band group. Otherwise, the output will be erratic. This is indisputably
time-consuming.

(3) Sequential search. This type of algorithm is a stabilized search peculiarity, which
utilizes a sequential mechanism to derive alternative subsets based on a loss function.
Geng et al. [19] developed a volume-gradient guided band selection (VGBS) algorithm by
estimating the gradient of volume to eliminate redundant bands. By utilizing a recursive
equation for inverse covariance matrix estimation, an accelerated VGBS was developed
in [20]. Rather than feature elimination, forward feature selection (FFS) performs FS by
putting valuable bands into a vacuous band group with iterative optimization until the
required number of bands is selected [38]. FFS has O {27:_3 (Q—j )} complexity for feature
searching, where g indicates the number of required bands and Q is the total number of
bands. Other sequential implementations include recursive feature elimination (RFE) [39],
floating variants [41], and adaptive variants [42]. Although these techniques are capable of
identifying the top band subset, the sequential manner leads to a substantial computational
load because its complexity scales with the number of bands.

1.2. Related Works on Subset Scoring

Based on the mechanism used, subset scoring approaches can be categorized
into two classes. These methods can be used to quantify the representativeness of
band combinations.

(1) Inter-relationship-based strategy. This strategy uses clustering methods to calculate
the inter-relationships between bands, which isolates the bands into groups with clustering
techniques in the first place. Then, some BS methods spontaneously employ the bands
nearest to the cluster centers to build a band subset [21,22]. Apart from the distance
measure, alternative strategies apply the maximum intra-cluster similarity [23] or the
biggest information entropy (IE) [24]. The primary methods are the fast neighborhood
grouping method for hyperspectral band selection (FNGBS) [25] and the adaptive subspace
partition strategy (ASPS) [27], whose time complexities are O(Q2 xU+2Q+ Q x U and
O(Q2 xU+Qxrx CZ), respectively, where U, r, and c are the number of samples, the
number of groups, and group size, respectively. Clustering methods place emphasis on
lowering the relevance between spectral elements but overlook the information content of
bands. This drawback can be eased by introducing a ranking strategy. As demonstrated
by Jia et al. [28], the enhanced fast density-peak-based clustering (E-FDPC) algorithm they
presented identified clusters by ranking a density-based measure instead of stochastically
selecting initial centers, and improved algorithmic performance was reported with a
time complexity of O(2Q? x U + Q?). Wang et al. [29] put forward an optimal clustering
framework (OCF) integrating two objective functions and three ranking approaches, which
explored a new relation between HSIs analysis and clustering. Changes in spectral bands
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are crucial for analyzing HSIs. The complexity of this method is O(Q? x U+ Q* + Q x q).
Nevertheless, clustering methods disregard the contextual relationships embedded in
spectral continuity.

(2) Reconstruction error-based strategy. This criterion is utilized in image reconstruc-
tion, which converts BS to a joint optimization issue. BS-Net is an iconic reconstruction-
based algorithm [46]. Its time complexity is O(Q x U x h), where h represents the number
of hidden nodes. The key to its success lies in converting BS into a sparse band reconstruc-
tion task, that is, restoring complete spectral information using just a few information-rich
bands. The importance of band groups is assessed via scoring their capacity in the recon-
struction of the primordial image. BSFormer was designed by Liu et al. [47]. It is a new
transformer-based reconstruction network that can automatically retrieve spatial features
and inter-band correlations from the HSI. classification task. Optimal neighborhood recon-
struction (ONR) was proposed by Wang et al. [12] to reduce the dimensionality of HSIs
via integrating redundant band recognition and noise elimination into a linear reconstruc-
tion process. To retain the local structure of the feature space, Zhao et al. [13] and Wen
et al. [14] implemented the BS by reconstructing data via graph regularization and linear
combination. Li et al. [15] explored a reconstruction error-based feature selector (REFS) to
adaptively adjust the reconstruction function. In [16], the £2,1-norm was introduced to the
reconstruction function and the FS matrix to choose representative features. The above
linear reconstruction-guided approaches demonstrate satisfactory capability. However,
once the reconstruction becomes a nonlinear and hierarchical problem, these methods
may not accurately excavate the relevance between the chosen features and the data set,
particularly for high-dimensional HSIs. To address this limitation, a sparse variational au-
toencoder (VAE) model was recently developed by Yang et al. [30] in PolSAR FS, capturing
the structural hierarchies of PoISAR images using nonlinear reconstruction. The selected
features are then taken as inputs for terrain classification, contributing to enhanced spatial
continuity and improved categorical coherence in classification maps. Both VAE and GAN
are representative architectures for deep generative models. VAE assumes that the data
follow a certain common distribution, such as Gaussian or uniform, but this assumption is
likely to be unrealistic for intricate HSIs [7]. On the contrary, GAN is not constrained by any
assumed conditions on the feature distribution, providing a more reasonable description
and explanation of HSIs. In this paper, a powerful scoring strategy based on WGAN is
proposed. Its RE is naturally utilized to measure the significance of the searched bands in
HSI reconstruction, thereby guaranteeing the performance of the selected subset.

Lately, unsupervised deep learning (DL) algorithms, such as generative adversarial
networks (GANSs) [48], contrastive learning [49], and reinforcement learning [50], have
demonstrated significant progress across hyperspectral interpretation tasks, including
target identification [51,52] and semantic segmentation [53]. They enable learning of
linear and nonlinear representations simultaneously. In regard to unsupervised feature
analysis, GANs show tremendous potential in computer vision [54-56]. In particular, an
improved version of the original GAN, i.e., the Wasserstein GAN (WGAN) architecture [57],
overcomes the issue of mode collapse and supports a stable training process. It has the
power to express the structure of HSIs in unsupervised patterns. Naturally, this framework
can be extended to BS. As a result, our work is focused on WUBS based on WGAN.
Although similar research that improves image classification accuracy using BS has been
extensively conducted, studies that apply GANSs to band selection are relatively rare.

1.3. Related Works on GAN-Based Band Selection

Since GANs can generate diverse samples, they were first introduced in super-
vised BS studies for data augmentation purposes. To control the false discovery rate,
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Jordon et al. [43] proposed a KnockoffGAN model that produces knockoffs without hy-
potheses for data distribution. Once sufficient samples have been generated, FS is executed
using random forests. Similarly, in [40], a WGAN with gradient penalty (WGAN-GP) model
was introduced to an intrusion detection framework to generate extra attack data, and the
representing features were chosen via variance analysis. Wang et al. [18] designed an outlier
removal auxiliary classifier GAN (OR-AC-GAN) to enhance the performance of maximum
variance principle component analysis (MVPCA) [8] in FS. As for the above-mentioned
explorations, GANs are merely applied for sample generation instead of performing FS.
Zhang et al. [17] were the first to utilize GANs for hyperspectral dimensionality reduction
and proposed a rank-aware GAN (R-GAN) framework. As an embedded BS algorithm,
spectral saliency is addressed well by the combination of centralized FE, feature refinement,
and saliency mapping. R-GAN uses O(Q x U x h+D x U2+ Q x T x U) complex-
ity via an advanced model design, where D and T are the latent feature length and the
iteration number.

Despite numerous inspiring studies, there are still two aspects to be improved. First,
WUBS methods exhibit high complexity that scales with the number of samples or features,
resulting in prohibitive computational burdens for high-dimensional HSIs. Additionally,
many wrapped BS algorithms rely on the performance of each band in a particular task
to constitute a target subset, but the underlying and higher-level characteristics of band
combination are not considered. These limitations emphasize the critical need to develop
efficient and effective WUBS algorithms using DL frameworks.

The two issues are resolved in this paper by presenting a novel algorithm, named DD
and WGAN-driven wrapped unsupervised band selector (DW-WUBS). The highlights of
this article are outlined below:

(1) A DD-based sequential search method is developed to optimize the search route for
the optimal solution and lower computational complexity. Unlike previous sequential
search mechanisms, our method integrates the global search power of forward feature
selection (FFS) and the spectral interdependency description of DD, resulting in more
efficient retrieval.

(2) The informative difference between the searched subset and the HSIs is explored via
hierarchical and nonlinear reconstruction using WGAN frameworks. Reconstruc-
tion error (RE) is extended as a criterion to predict the representativeness of the
suggested bands.

(8) Two forms of DW-WUBS are designed to accommodate a variety of demands using
fully connected (FC) and convolutional (Conv) frameworks, which are called DW-
WUBS-FC and DW-WUBS-Conv, separately. The proposed DW-WUBS differs from
the above methods in three ways. First of all, our method selects bands in a wrapped
pattern, while others are based on a filtered or embedded workflow. Afterwards,
unlike the methods in [18,43], where GANSs are merely applied to increase the training
samples, DW-WUBS considers GAN as the core of BS instead of an auxiliary tool.
Ultimately, our method employs the critical module of WGAN to select bands rather
than the whole GAN framework [17].

2. DW-WUBS

The particulars of DW-WUBS are illustrated in this section. Its flow diagrams are given
in Figure 1. In the flowchart, the total number of bands Q, the number of groups r, and
the number of required bands g are set to 16, 3, and 1, respectively. In HSI, each polygon
corresponds to a band. During coarse partitioning, bands with the same background
color are grouped together. In the subset search stage, the bands in the first group are
searched because this group has been identified as the recommended one. Next, unselected
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bands are replenished using zeros, which are represented by white polygons. Finally, the
band set with the minimum RE is considered the target band. The time complexity of FFS
is first analyzed, and then a strategy to enhance its efficiency is presented. Afterwards,
an approach is proposed to measure the significance of selected band subsets via band
reconstruction using two versions of 1-D WGAN.
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Figure 1. Flowchart of the developed DW-WUBS.

2.1. Distance Density-Based Sequential Search

Several symbols utilized within the paper are explained below. Commonly, an HSI
is denoted as X = {Xj }]Q:1 € RO*S, where X; represents the jth feature tensor, which is
derived via reshaping the jth two-dimensional (2-D) spectral image into a one-dimensional
(1-D) vector, and Q and S represent band and sample quantities, respectively. The index of
bands in X is sequenced.

Generally, wrapped methods demonstrate powerful capability in retrieving a band
subset. To ensure the competence of the selected bands, a popular sequential search
algorithm, i.e., FFS, is applied here. This approach progressively builds the recommended
subsets by first identifying the 1-D feature with the minimal RE. Then, the designed
predictor is used to score combinations of the current best features with the remaining bands
at each iteration. The process terminates automatically when the predefined dimensionality
of bands is achieved. Therefore, its time complexity is accumulated with iterated processing,
which is given as

Crrs = Z?;S(Q =) @

Apparently, the computational burden of FFS increases with the number of bands. This
makes it unsuitable for HSI applications. To boost the efficiency of band subset production,
DD [37] is applied in our study because it can measure variations in bands and reduce the

solution space. DD utilizes a coarse partitioning strategy, which segments X into r groups,
with the division position P; calculated as follows:

Pi:{F({QX(j”DJrl, 1<i<r )
Q, i=r+1

where F{-} indicates the floor operator. The gap between two contiguous bands g; can be
measured by the absolute distance, calculated via

) ®)

8 = [Xj11 =X
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The DD of the ith group D; is estimated by

D; = (Z]I'lpi_l gj)

p 4
P — P @

The magnitude of DD correlates with fluctuations in band groups. A larger value
indicates more complicated changes in the group and suggests that more bands should
be chosen from it. Subsequently, the band quantity chosen from the ith group can be

formulated as
b q X DZ

9 = ZZ:l Di 4

where g indicates the band quantity chosen from the set X and qll’ + qg 44 gl =q.

)

DD is dominantly utilized in stochastic search methods, which are incorporated into
FFS to reduce the number of scores and speed up the search procedure in this paper. The
proposed DD-based sequential search (DSS) maintains a similar search process to FFS but
improves the step of determining the searched band group. It works in three steps.

Step 0: Initialization. Segment the HSI into » groups utilizing Equation (2). Assign
the recommended band quantity chosen from ith group q? and the dimensionality of the
provisional band subset 4 to zero.

Step 1: Numeration of the recommended band quantity. Aggrandize ¢4’ by 1 and
calculate qib via Equation (5). When the dimensionality of the temporary band subset
increases, the number of recommended bands in only one group changes.

Step 2: Determination of the recommended band group. Consider the band group
with the incrementally recommended quantity as the suggested group. Different from
former FFS-based studies, which select an element from the rest of (Q — ¢’ + 1) bands, FFS
is only performed on the bands of the suggested group to build the provisional subset.

Step 3: Algorithm termination decision. If ¢’ = g, terminate the algorithm. If not,
switch to Step 1.

Figure 2 illustrates the superiority of our DSS. As can be seen in the above steps and
Figure 2, the number of scores will decline substantially when DSS is employed. Moreover,
the developed method is converted to a filtered method if r = Q. DSS plays a key role in
equilibrating computational efficiency and band performance. The quality of chosen bands
and reduced processing time can be obtained in parallel via a rational setting of group
number. The time complexity of DSS is consequently described as

Lio(Q-)
Cpss = ~——, ©®)

An example to explain how DD determines the recommended band group and how
DSS reduces the number of searches is given here. Let the number of required bands
be g = 3, the number of segmented groups be r = 3, and the dimension of the band
set be Q = 90. Then, three band groups are obtained, with each group containing
30 bands. Assume that the relationship between g? and g is listed in Table 1. All ¢
values are calculated via Equation (5). As can be seen in Table 1, when g increases from
0 to 1, only the number of recommended bands chosen from the first group g% changes.
Hence, the band of the first group should be searched if 4 = 1. Once g increases from 1 to 2,
we observe that only 45 increases when we compare the results of g = 1 and g = 2. Then,
the band of the third group should be searched if g = 2. Similarly, the band of the first
group should be searched if g = 3. Although DSS has a superposition time complexity as
well, only the bands in the recommended band group should be searched when g changes.
Consequently, the number of searches in DSS has been greatly reduced. If we use FFS to
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retrieve a three-dimensional candidate subset from a 90-dimensional band set, the number
of searches should be 27;3 (Q —j) =90+ 89+ 88 = 267. Nevertheless, this can be reduced

q—l e
to w = 30 + 30 + 29 = 89 with the proposed DSS employed.

Segmented bands Segmented bands

JUCECOOELANRY A0 OROELERA

Band searching H H H H H
VVVVVVVVVVVVVYVYVYVY l]l\ll
Predictor 1 ( Predictor J

The number of searches is 16 The number of searches is 6

(a) (b)

Recommended
band group

Band searching

D | E—

Figure 2. Comparison of number of searches between (a) FFS and (b) proposed DSS.

Table 1. An example showing the superiority of DSS.

q it 7 7
0 0 0 0
1 1 0 0
2 1 0 1
3 2 0 1

2.2. Reconstruction Error-Guided Subset Scoring

RE-guided subset scoring (RESS) involves treating the measurement of bands as a re-
establishment task using a small number of bands. If the searched bands are representative,
they become the core components for reliable HSI reconstruction. It needs to be noted that
the structure of the predictor should be relatively simple in the wrapped algorithm, because
the operating time is proportional to complexity. On that account, GAN is applied here
to learn the textural information of spectral bands without a predetermined hypothesis.
Traditional GANs are confronted with volatile training and mode collapse. These issues are
addressed by WGAN [57] via optimizing the Earth Mover’s (EM) distance using weight
clipping. This improved version is therefore adopted as the foundational framework in
our study due to its reliable convergence. WGAN is composed of a generative network
(G-net) and a critical network (C-net). Using competitive training, G-net and C-net can
be utilized individually once fully trained. This enables the powerful yet simple C-net to
be used as a predictor. In the model description below, P, and P; represent distributions
of authentic samples x and noise samples z, separately, and C(-) and G(-) represent the
outputs of C-net and G-net, separately.

The developed DW-WUBS serves as a generic wrapped architecture. This indicates
that various forms of predictors can be employed in a consistent BS workflow, provided
they conform to predefined structural requirements. Fully connected networks (FCNs) and
convolutional neural networks (CNNs) are two elementary forms of DL architecture. In
consequence, two kinds of WGAN are designed based on FCNs and CNN’s in our work,
which are called WGAN-FC and WGAN-Conv, respectively.
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(1) WGAN-FC. For this version, both G-net and C-net are built via FC components, as
exhibited in Figure 3a. G-net performs via a three-phase up-sampling process. Its inputs
are Gaussian-distributed latent tensors. The architecture of G-net integrates sequential
operations of linear mapping and nonlinear activation operations within each up-sampling
layer. Following the dimensional expansion of latent variables via multi-layer linear
mapping, G-net transforms random noises into high-dimensional representations. One-
dimensional batch normalization (BN) is implemented in the second linear layer to enhance
training consistency and ease initialization. Nonlinear activation modules increase model
depth while maintaining computational efficiency and lowering parameters simultaneously.
C-net has a structure similar to that of a multi-layer perceptron (MLP). It employs linear
projection coupled with activation modules. The adopted ReLU6 activation function
facilitates gradient diffusion to a limited extent, which decreases accuracy loss and promotes
the convergence speed of C-net.

Noise z

Real data x

Noise z

Real data x

v |\ \ v v v
Linear mapping Linear mapping Linear mapping Conv mapping
ReLU ReLU6 RelLU ReLU6
\L l/ Max-pooling
Linear mapping TConv mapping \L
= Linear mapping | 3 = 5
a BN ql')g:'. g BN Conv mapping g
ReLU6
© ReLU ¢ = © ReLU ReLUS |
\L \L Mazx-pooling
Linear mapping . . TConv mapping \L
Linear mapping

Sigmoid ] : : Sigmoid ‘ Linear mapping ‘ i

Synthetic Synthetic Synthetic Synthetic
data ¥ or Real data X or Real
(a) (b)

Figure 3. Framework of (a) WGAN-FC and (b) WGAN-Conv.

(2) WGAN-Conv. This variant is equipped with convolutional elements. Its framework
is illustrated in Figure 3b. Convolution (Conv) and transposed convolution (TConv) use
distinct strides in 1-D convolutional networks, enhancing training stability via selecting
an appropriate stride size and preserving the crucial visual features. Max-pooling (MP)
reduces the parameters of C-net and increases the computational speed and the robustness
of extracted convolutional features. G-net implements linear projection once and 1-D
TConv calculation twice. Nonlinear activation follows these operations. BN is employed
behind the first TConv operation to avoid the network vibration. C-net consecutively uses
a group of 1-D Conv, ReLU6 activation, and MP twice.

(3) Model training. WGAN training is made up of forward propagation and back-
propagation. In the first stage, G-net takes 1-D noise z as input and produces synthetic
data £ that closely matches real samples x, which can be formulated by the transformation
2=0G(z) = g(Wl.l 1y xﬁfl + b) , where g is the Sigmoid function, / represents the number
of layers, i indicates the ith feature tensor, and x indicates the input of the (I — 1)th layer.
The aim is to deceive C-net by synthesizing highly authentic data. C-net acts as a quality
critic, learning to point out the differences between real and generated samples through
continuous adversarial training. It introduces both synthetic data £ and real data x and
exports their respective scores C(%) = W}fl X 32571 +band C(x) = Wil*1 X xffl +b. In
the backpropagation stage, the optimized strategy of G-net is maximizing C (%), which is
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the equivalent of minimizing —C(£) = —C(G(z)). The parameter update of G-net is then
expressed as
min L = ~Y, C(G(2)), 7)

The training of C-net is performed via minimality of C(£) and maximization of C(x)
concurrently.

min Le = =), C(x)+)_; C(2), ®)

Parameter update of WGAN is performed by optimizing Equations (7) and (8) suc-
cessively using the RMSprop algorithm. As proved by Arjovsky et al. [57], Equation (8) is
applied to compute the EM distance from P; to Py during training, which is then decreased
by the optimization of Equation (7). Optimization ceases once the loss of C-net reaches a
given threshold.

(4) Band scoring. The training samples of C-net are full-spectrum, and scoring needs
the structure of input samples to match that of the training samples. To guarantee valid
scoring, a replenished strategy is applied here. It utilizes the working mechanism of
ReLU6, which only reacts to positive values. This strategy resets the positions of un-
searched bands to zero while immobilizing the searched band values. In Figure 1, reset
bands are represented by white rectangular boxes. As shown in Figure 4, if we assume
that two bands are selected from an eight-dimensional set, and the unselected bands are
reset to zero, it can be found that the results of the two-dimensional band subset and
eight-dimensional replenished set are identical, indicating that the reset components have
no effect upon scoring performance with the benefit of ReLU6. Based on this strategy, a set
that can be scored is synthesized, which prevents the model from being trained multiple
times. Consequently, the RE between the searched bands and the primordial data set is
transformed to the EM distance from the synthesized band combination to all bands, and
Equation (8) is rewritten as

RE=| LY C(x) — Clxp)|, ©

where x and x° are samples from the real and synthesized data sets, respectively; U is the
sample number utilized in subset scoring; and |-| is the absolute operator. A smaller RE
means that the searched bands are more representative and should be retained. Conversely,
bands with a larger RE will be discarded.

8-dimensional original sampl
|3|9|17|5|—4|-3|0 2

2-dimensional band subset

2 [v]

2-dimensional band subset

L[]

o
e
Output

bbb L e w w

-di i replenished pl # 8-dimensional replenished sample
G lelv]ofolo]0 [ ReLUG function [s]els]o]e]o]e ]
Input of ReLU6 T P Output of ReLU6

Figure 4. Visual illustration of the reset strategy.

2.3. Implemented Procedure

The procedure implemented for DW-WUBS is listed in Algorithm 1. It primarily
consists of data preprocessing, model training, DSS, and RESS. In the first stage, HSIs are
normalized within a range of 0 to 1, which strengthens the reflection spectrum of objects.
Subsequently, DD is computed using pixel-level samples. In the next stage, G-net and
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C-net are alternately trained using 1-D samples by optimizing the corresponding objective
functions. The completely trained C-net is saved and subsequently applied as the predictor.
In the third stage, DSS applies DD to determine the recommended band group and employs
FFES to generate the suggested subset by combining a band from the recommended group
with the optimal bands derived in the previous iteration. The RE of the suggested subset
is computed in the final stage using RESS. The presented predictor effectively addresses
the typicality of the retrieved subset. After a few iterations of the third and fourth stages,
the subset with minimal RE is established, which results in the best band combination.

Algorithm 1 Procedure of DW-WUBS

Input:

- HSI: X;

- Terminated threshold for WGAN: 6;

- Parameters of G-net and C-net: Y and Y;

- Number of band groups: 7;

- Target subset dimensionality: g;

1: Stage 1

SubStepl: Normalize the HSI X and derive pixel-level samples x;
SubStep2: Group X and compute DD via Equations (2)—(4).

2: Stage 2

SubStepl: Update Y via Equation (7) for one time;

SubStep2: Update Y via Equation (8) for five times;

3: Stage 3

SubStep1: Compute q° via Equation (5);

SubStep2: Determine the recommended band group;

SubStep3: Use FFES to search a band from recommended group.
4: Stage 4

SubStepl: Embed searched band to previous candidate subset
SubStep2: Replenish the positions of unsearched bands with zero;
SubStep3: Score the replenished set via Equation (9).

5: Primary procedure

Stepl: Execute Stagel;

Step2: Repeat Stage2 until convergence and L¢ < 0;

Step3: Save Y;

Step4: Repeat Stage3 and Stage4 until candidate subset dimensionality = g;
Output: Band subset with the minimal RE

2.4. Complexity Analysis

The complexity of DW-WUBS is mainly contributed to by the steps of band combi-
nation search and scoring. DD calculation (i.e., Equation (4)) is the core of the first step,
providing O(Q — 1) complexity. Regarding band combination scoring, computation of RE
(i.e., Equation (9)) leads to a complexity of O(2U). Each search corresponds to a scoring,
but DD merely needs to be calculated once. In consequence, the time complexity of our

; UL (Q—j
DW-WUBS is O[Q — 1 +2UCpss] = O[Q — 1+ #].
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3. Experiments
3.1. Data Set

This paper presents the experimental validation of our DW-WUBS utilizing three
noted HSI data sets via image classification tasks. Detailed information regarding the
number of labeled samples is listed in Table 2.

(1) PaviaU data set. The first data set is composed of ROSIS images acquired at Pavia
University in Italy, with dimensions of 610 x 340 pixels. The covered area comprises
nine types of interest. Following the elimination of useless components, 103 channels
are retained.

(2) Botswana data set. The second data set comprises Hyperion images of the Oka-
vango Delta region of Botswana, taken by NASA EO-1. It has 800 x 700 pixels and
145 bands.

(3) Pavia Center data set. The third HSI is of the Pavia Center region of Italy, collected by
the ROSIS system. This HSI, with dimensions of 1096 x 715 pixels and 102 channels
after noise elimination, contains nine land cover categories.

Table 2. Number of labeled samples in different HSI band sets.

PaviaU Botswana Pavia Center

No. Number Class Number Class Number
C1 6631 Water 270 Water 65,971
c2 Meadows 18,649 Hippo grass 102 Forests 7598
C3 2099 Floodplain grass 1 251 Asphalt 3090
C4 3064 Floodplain grass 2 215 Bricks 2685
C5 1345 Reeds 269 Bitumen 6584
Cé Bare area 5029 Riparian 269 Tiles 9248
c7 Bitumen 1330 Firescar 259 Shadows 7287
C8 3682 Island interior 203 Meadows 42,826
C9 Shadows 947 Acacia woodlands 314 Bare area 2803
C10 Acacia shrub lands 248
C11 Acacia grasslands 305
C12 Short mopani 181
C13 Mixed mopani 268
C14 Expose soils 95

Totality 42,776 3249 148,152

3.2. Competitor

The proposed DW-WUBS is competed with ten unsupervised BS methods, including
the four reconstruction-based methods introduced in Section 1, i.e., AEFS [44], S-AEBS [11],
BS-Net [46], and REFS [15], and six state-of-the-art methods, i.e., feature dependency-based
unsupervised feature selection (DUFS) [58], spectral-spatial cross-dimensional attention
network (SSANet) [59], neighborhood grouping normalized matched filter (NGNMF) [60],
dual attention reconstruction network (DARecNet) [61], sample latent feature associated
low-rank subspace clustering (SLFLRSC) [62], and low-rank tensor based smooth repre-
sentation learning (LTSRL) [63]. AEFS, S-AEBS, and BS-Net are DL-based methods as well.
DUFS explores the pairwise dependence of features to select bands based on information
theory. In SSANet, interactions between spectral and spatial dimensions are applied to
measure the discrimination of subsets. NGNMEF selects a band group via a novel matched
filter to save spectral information. DARecNet presents a dual attention mechanism to
explore the long-range nonlinear contextual information in spatial and spectral dimensions.
SLFLRSC combines entropy rate segmentation and Laplacian eigenmaps to express sample—
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spatial consistency. LTSRL uses a self-representation matrix and a weighted low-rank
tensor restriction to learn higher-level information. Moreover, classification results from
all bands are considered as the baseline. The parameters of the aforesaid methods are
derived via the primordial theses, which are shown in Table 3. As for our method, the
RMSprop algorithm is utilized to train WGAN-GP with a 3 x 10~* -learning rate and
128-batch size. The termination 6 is 2 x 10~# for all data sets. The number of band groups
r is searched from {2, 3, ..., 10, 15}. Moreover, FCN- and CNN-based predictors lead to
two editions of the BS algorithm, which are referred to as DW-WUBS-FC and DW-WUBS-
Conv, respectively. Any arguments are gained on Pavia Center data set and applied to other
data sets. All the samples are applied to generate a band subset for various BS algorithms.

Table 3. Parameters used in different UBS methods.

Method Parameter Value
AEFS Size of hidden layer ¢, and regularization factors « and p 128,107, 10
S-AEBS Size of hidden layer ¢, regularization factors « and 8, and Half the size of the input layer, 1074,
the number of groups r 10714
BS-Net Regularization factor , learning rate #, and iteration 10-2,2 x 10-3, 102
number 1
REFS Feature coeficient s and graph coeficient p 1074,0.5
DUFS Regularization factors &, 8, and A 1,10, 10
SSANet Regularization parameter A 1071
NGNMF - -
DARecNet - -
SLFLRSC Regularization factors «, 8, A, and T 102, 1, 102, 10?
LTSRL Regularization factors &, B, and A 1073,1071,20
DW-WUBS-FC The number of groups r 2
DW-WUBS-Conv The number of groups r 3

3.3. Setting

The use of retrieved bands for classification serves as the principal pattern to assess
the performance of BS. In the experiments, we apply support vector machine (SVM) and k-
nearest neighbors (KNN) classifiers on three distinguishing data sets, with their parameters
derived via four-fold cross-validation. We randomly choose 15% of the samples for training
and use the remainder for testing. Each method experiences twelve repeated assessments
to guarantee reliability, with the ultimate results calculated as the average. We employ
three classical assessment indicators to analyze the algorithmic performance, i.e., overall
accuracy (OA), kappa coefficient (KC), and mean accuracy (MA). The number of chosen
bands is set according to {3, 6, . . ., 30} to investigate the effects of varied spectral quantities.
Algorithm assessment is implemented in MATLAB R2022b operating on an AMD Ryzen-7-
7840H processor running at 3.80 GHz with 16 GB of RAM. The parameters of WGAN-FC
and WGAN-Conv designed in this paper are listed in Table 4. DW-WUBS is carried out
on PyTorch 2.1.2, and an NVIDIA GeForce 4060 GPU with 8 GB of memory is adopted
for acceleration.

3.4. Analysis of Classification Results

Using SVM and CART classifiers and ten advanced UBS algorithms, the proposed DW-
WUBS is examined in two ways: OA, MA, and KC curves in opposition to diverse band
amounts and the average of OA, MA, and KC values within the scope of 3 to 30 bands.

(1) Accuracy curves for the Pavia University region. The accuracy curves of Pavia
University employing two classifiers are demonstrated in Figure 5. These curves show that
the classification accuracy of all methods gradually becomes steady as the dimensionality
of chosen subsets is augmented, testifying to the redundancy of HSIs and the necessity of
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BS. Moreover, the proposed DW-WUBS obtains preferable classification results with both
classifiers. When the CART classifier is applied, only the accuracies of DW-WUBS-Conv
and AEFS surpass those of the baseline. For DW-WUBS-FC, its performance is weaker
than that of DW-WUBS-Conv, but it outperforms the remaining algorithms. For the OAs of
the CART classifier, if nine-dimensional band subsets are selected, our DW-WUBS-Conv
exceeds REFS, LTSRL, and DUFS by 3.02%, 0.34%, and 4.83%, respectively. This is due to
the proposed method taking advantage of nonlinear spectral characteristics. Moreover,
despite both S-AEBS and DW-WUBS-Conv using DD to optimize subset retrieval, their
classification performance differs significantly, which may be attributed to two factors.
One is the powerful scoring ability of the designed C-net, and the other is the robustness
of DW-WUBS to hyperparameters. Another phenomenon is that DW-WUBS attains the
optimal OA, MA, and KC on both SVM and CART—for instance, 92.98% OA on SVM and
82.87% OA on CART. Whole BS algorithms are inferior to the baseline on SVM, but our
method takes a leadership role in almost all cases. All situations show that DW-WUBS is
effective in choosing a reliable subset.

Table 4. Parameters of WGAN-FC and WGAN-Conv for PaviaU data set.

Model WGAN-FC WGAN-Conv
Module Layer Hidden Size Activation Layer Kernel Activation
Input 25 - Input 51 ReLU
FC1 64 ReLU FC1 800 ReLU
G-net FC2 128 ReLU (BN) Viewl 25 x1x32 -
FC3 103 Sigmoid TConvl 3x1x32 ReLU (BN)
- - - TConv2 3x1x1 Sigmoid
Input 103 - Input 103
FC1 256 ReLU6 Convl 3x1x32 ReLU6
C FC2 128 ReLU6 MP1 2x1 -
“net FC3 1 - Conv2 3x1x16 ReL.U6
MP2 2x1 -
- - - FC1 1 -

(2) Accuracy curves for Botswana Region. The accuracy tendencies of all BS algorithms
on this scene with varied amounts of chosen bands are displayed in Figure 6. As we can
conclude from Figure 6d—f, when CART is used, DW-WUBS-FC gains preferable results
to the baseline via choosing fewer bands, i.e., 81.88% OA, 83.09% MA, and 80.87% KC
with 15, 9, and 15 chosen bands, respectively. As shown in Figure 6a—c, S-AEBS ranks
first on SVM when the dimensionality of the chosen subsets surpasses 24. But its results
gradually decrease as the number of recommended bands decreases, whereas our DW-
WUBS-FC achieves better performance. This testifies to the fact that the proposed method
chooses bands without losing key information, even when only a small number of bands
are required, which demonstrates the potential of the proposed algorithm to significantly
reduce storage requirements. When the CART classifier is applied, it is found that the
designed algorithms generally achieve higher classification performance when more bands
are selected. Because DW-WUBS is a search-based framework, a larger solution space
with more features tends to yield superior performance. In consequence, our method is
apt to retrieve the top bands from the incremental dimensionality of band subsets. This
demonstrates the retrieval capability of the presented DSS.
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Figure 5. Classification results on PaviaU scene with various numbers of bands. (a) OA gained by
SVM. (b) MA gained by SVM. (c¢) KC gained by SVM. (d) OA gained by CART. (e) MA gained by

CART. (f) KC gained by CART.
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Figure 6. Classification results on Botswana scene with various numbers of bands. (a) OA gained by
SVM. (b) MA gained by SVM. (c) KC gained by SVM. (d) OA gained by CART. (e) MA gained by

CART. (f) KC gained by CART.

(3) Accuracy curves for the Pavia Center region. The classification performance
evaluated via SVM and CART using different bands is exhibited in Figure 7. By observing
the figures, two phenomena can be summarized. Firstly, the majority of BS methods
obtain almost identical OA, MA, and KC values. One possible interpretation for this
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matter is that the hyperparameters of BS methods are determined using this data set,
and all methods show their best performance when valuable bands are selected with
optimal parameterization. Even so, our DW-WUBS achieves the preferred classification
results, although the discrepancy is not very evident. Secondly, the classification accuracies
produced by our approach are relatively stable across varying numbers of bands on both
classifiers, which should be attributed to its ability to recognize underlying band-combining
information. As for the results of the CART classifier, the peak mean accuracy using the
12 bands chosen via DW-WUBS-Conv exceeds the baseline (i.e., all bands) by 0.92% in the
classification task. Under the same subset dimension, DW-WUBS-Conv, BS-net, and SSANet
also overmatch the baseline because they identify effective spectral information from
complex HSI via a specific deep network architecture. To sum up, the findings presented
herein indicate that DW-WUBS is consistent in achieving stabilized and outstanding results
across various HSIs. This shows the robustness of our approach to BS.

W'
0.95 =

o
©
@

OA by SVM
o
©
MA by SVM
o o
N ®
Kappa by SVM
o
&

o
o
@
o4
=)
%

0.8 0.5 0.7

0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
Number of Bands Number of Bands Number of Bands
(a) (® (©)
1 1 1
0.95 = P
e 0.95 s ¥
0.95 & 09 #
=
0.9
& 085 x
g 5 9
2 09 2 08 2085
el o g
< <
S S 075 o
S o8
0.85 0.7
0.75[
i 0.65
* *
0.8 0.6 0.7
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
Number of Bands Number of Bands Number of Bands
(@ (e ®
All Bands REFS SSANet SLFLRSC —— DW-WUBS-Conv
- AEFS %--- BS-Net NGNMF #--- LTSRL
S-AEBS DUFS DARecNet —&— DW-WUBS-FC

Figure 7. Classification results on Pavia Center scene with various numbers of bands. (a) OA gained
by SVM. (b) MA gained by SVM. (c¢) KC gained by SVM. (d) OA gained by CART. (e) MA gained by
CART. (f) KC gained by CART.

(4) Averaged classification indicators. Table 5 lists the averaged OA, MA, and KC of
various UBS approaches on the three HSIs. The classification indicators, which are marked
in bold font, represent the top performance. As shown in the table, DW-WUBS outperforms
other advanced BS algorithms in OA, MA, and KC. As DW-WUBS incorporates RE into
band importance analysis to reject redundancy, it is superior to DUFS, NGNMF, SSANet,
SLFLRSC, and LTSRL via retrieving a greater number of typical bands from the original
HSIs in classification. Unlike REFS, which uses a linear RE criterion, the proposed method
considers both linear and nonlinear characteristics in data reconstruction. This leads to a
preferable classification performance for our method. For S-AEBS, it individually applies
DD to perform a deep examination of changes in the spectrum. But our method combines
DD and a sequential search to accomplish more detailed retrieval, which is more valid when
handling noisy bands and choosing the most promising bands. AEFS, DARecNet, and BS-
net explore the best weight factors for diverse band combinations by applying an embedded
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data reconstruction module. In contrast, our DW-WUBS unifies data reconstruction, DD,
and band search in a wrapped architecture whose performance outperforms the two above
DL algorithms. Furthermore, Table 5 shows that DW-WUBS-Conv performs slightly worse
than DW-WUBS-EC on the Botswana data set. The differences between DW-WUBS-Conv
and DW-WUBS-FC are reflected in two aspects: the architecture of the evaluators and the
number of segmented groups r. In our study, all arguments are achieved based on the
Pavia Center data set and are applied to other data sets for a fair comparison of the various
methods. The number of segmented groups is set to 2 and 3 for DW-WUBS-FC and DW-
WUBS-Convy, respectively. We hypothesize that the discrepancy between DW-WUBS-Conv
and DW-WUBS-FC on the Botswana data set is possibly due to the number of segmented
groups 7, as the ability of the DSS and WGAN-FC or WGAN-Conv to cooperate is slightly
influenced by the number of segmented groups.

Table 5. Averaged classification indicators within the scope of 3 to 30 bands.

DW- DW-

Scene Indicator AEFS S-AEBS REFS BS-Net DUFS SSANet NGNMF DARecNet SLFLRSC LTSRL WUBS-FC WUBS-Conv
SVM classifier
OA 88.40 86.45 87.62 86.74 87.42 88.00 87.55 87.17 87.21 85.00 88.30 89.441
PaviaU MA 83.12 79.78 80.95 81.35 79.77 82.94 82.42 80.79 81.15 78.87 80.64 84.24
KC 85.13 82.66 84.12 83.02 83.89 84.70 84.07 83.55 83.59 80.95 84.98 86.43
OA 84.20 89.88 50.45 87.86 61.99 78.61 88.78 88.83 86.84 75.85 90.62 88.17
Botswana ~ MA 85.28 90.95 49.08 88.56 61.75 79.61 89.75 89.57 87.91 76.43 91.54 89.28
KC 83.28 89.24 48.88 87.12 60.48 77.48 88.09 88.14 86.09 74.72 90.00 87.43
Pavi OA 98.09 97.35 98.20 98.13 98.27 98.16 98.00 97.56 98.31 97.12 98.18 98.36
avia MA 94.00 92.12 94.03 94.01 94.25 94.08 93.63 92.22 94.47 91.47 94.21 94.50
center KC 97.31 96.21 97.46 97.36 97.55 97.41 97.18 96.56 97.62 95.98 97.43 97.68
CART classifier

OA 81.14 78.33 79.97 79.15 79.38 79.81 79.70 80.13 80.18 77.37 80.46 81.77
PaviaU MA 78.34 75.05 76.42 76.29 75.19 77.02 77.09 77.40 77.14 74.53 76.15 78.91
KC 76.84 73.61 75.44 74.56 74.77 75.36 75.19 75.33 75.73 72.69 75.98 77.54
OA 77.79 80.00 54.00 79.38 60.93 71.20 79.41 79.76 78.88 70.87 80.60 79.07
Botswana ~ MA 78.93 81.35 55.14 80.40 61.90 73.15 80.80 81.07 80.00 72.11 81.93 80.22
KC 76.64 78.94 52.61 78.29 59.49 69.93 78.33 78.69 77.79 69.59 79.55 77.98
Pavi OA 95.94 95.16 96.32 96.07 96.51 96.31 96.04 95.75 96.41 94.97 96.24 96.57
c avia MA 88.68 87.28 89.46 89.03 89.77 89.28 88.89 88.26 89.64 87.04 89.29 89.87
enter KC 94.31 93.24 94.83 94.48 95.09 94.82 94.45 94.05 94.96 93.09 94.72 95.18

! The classification indicators marked in bold font represent the top performance.

Overall, DW-WUBS performs best on all data sets. The classification indicators demon-
strate that DW-WUBS is able to access a group of representative and informative bands.
This is in conformity with the objective of BS.

3.5. Ablation Study

DW-WUBS integrates DSS with RESS to retrieve the top subset. DSS is implemented
via the collaborative employment of DD and FFS. In RESS, RE is computed via C-net.
Ablation studies were conducted to evaluate the contributions of the distinct components
in the proposed architecture. The valid configurations of module interactions in DW-WUBS
are expressed as follows:

(1) Basic algorithm (B). The variant without DD and C-net is considered the basic algo-
rithm. This version employs FFS to search bands, which are subsequently scored via
a fundamental mean bias error (MBE) loss function. In this case, the scoring criteria,
i.e., Equation (9), is converted to

RE = %Zizl(xf —x)|, (10)
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(2) B+FCCand B + ConvC. The variants consist of a basic algorithm and FC C-net (FCC)
and Conv C-net (ConvC), respectively.

(3 B+ D. The variant consists of a basic algorithm and DD.

(4) DW-WUBS. The developed algorithm.

Table 6 exhibits the classification performance of variants of DW-WUBS-FC and DW-
WUBS-Conv provided by the SVM. The dimensionalities of the band subsets g are set to
{3, 9, 18, 30}. The parametric settings are identical to those of the preceding experiment. The
classified difference of B + D between DW-WUBS-FC-related and DW-WUBS-Conv-related
methods is caused by the different numbers of groups. As we can see in the results, the
OAs of the basic algorithm across all data sets are absolutely mediocre. Nevertheless,
B + FCC, B + ConvC, and B + D show enhanced classification performance across three
HSIs when DD and C-net are applied, compared with the basic algorithm. For example,
B + ConvC performs best on the Botswana scene if 18 bands are chosen. B + D outperforms
the other algorithms on the PaviaU scene with three chosen bands. This demonstrates the
importance of recognizing the recommended band group and capturing the underlying and
higher-level structure. For our DW-WUBS, it obtains the best performance in most cases,
which illustrates that the proposed algorithm strikes the best balance between the different
modules via combining them to achieve optimal results in various scenes. Depending on
the aforesaid findings, the diverse constituents work best with each other in the designed
DW-WUBS architecture.

Table 6. OAs of ablation study for DW-WUBS on different HSI cubes.

DW-WUBS-FC-Related Method DW-WUBS-Conv-Related Method

Scene q DW- B+ DW-
B B+FCC  B+D  wypskc B ConvC B*DP wWUBS-Conv

3 6632 7596 77.55 2 77.11 66.32 67.11 79.30 78.99

Paviall 9 7564 87.29 79.68 87.55 75.64 85.20 83.00 89.59

avia 18 79.65  90.64 84.70 92.22 79.65 89.61 87.22 92.56

30 88.09 93.00 90.31 93.28 88.09 93.54 90.28 93.57

3 4383 67.28 60.48 82.04 43.83 67.73 67.71 77.02

. 9 8227 8651 84.89 90.49 82.27 85.24 82.26 87.69

otswana 10 go06  86.93 88.39 92.27 86.06 90.36 87.39 88.78

30 9125  89.51 91.53 92.98 91.25 92.36 88.85 92.71

3 8550 88.18 93.84 96.97 85.50 95.59 97.09 97.31

Pavia 9 8751 97.63 96.25 97.97 87.51 97.54 98.04 98.14

Center 18 8990  98.19 97.78 98.50 89.90 97.69 98.27 98.60

30 94.05 98.44 98.19 98.59 94.05 98.24 98.38 98.70

2 The OAs marked in bold font represent the top performance.

3.6. Analysis for Hyperparameter Sensitivity

The hyperparameter r is responsible for significant band group identification in the
feature search term. Its effect on DW-WUBS is explored in this section. The values of
the hyper-parameter r and the number of chosen bands g are changed from the sets of
{2,3,...,10,15} and {3, 6, ..., 30}, respectively. Figure 8 shows the OAs processed via
SVM on the three scenes. It can be observed that the OAs of DW-WUBS remain relatively
stationary on the first and the third data sets as the parameter r is varied. Striking differences
arise in the results of the Botswana data set when a small number of bands is chosen. As
shown in Figure 8a,b, the OA values are apt to reduce with the increased parameter r. This
may be because a greater value of r makes the SFS term more susceptible to a local optimal
solution, which brings about an attenuation in classification accuracy.
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Figure 8. Over-accuracy variations of DW-WUBS versus various r values. (a) OA of DW-WUBS-FC
on PaviaU scene. (b) OA of DW-WUBS-Conv on PaviaU scene. (c¢) OA of DW-WUBS-FC on Botswana
scene. (d) OA of DW-WUBS-Conv on Botswana scene. (e) OA of DW-WUBS-FC on Pavia Center
scene. (f) OA of DW-WUBS-Conv on Pavia Center scene.

In brief, the parameter r does not significantly affect our approach for the majority
of data sets. However, because DW-WUBS-FC obtains optimal classification results on
PaviaU, Botswana, and Pavia Center data sets if r is 7, 2, and 2, respectively, and for
DW-WUBS-Conv, its top OAs are achieved on the three scenes with r values of 6, 7, and 3,
respectively, a smaller value of r is recommended when applying our method.

4. Conclusions

In this paper, a new WUBS algorithm is proposed from the standpoint of image
reconstruction. It starts by employing a coarse partitioning strategy for HSI to divide it
into several band groups. Next, a DD technique is incorporated into a sequential search
framework for local density calculation. The combination of DD and SFS minimizes the
number of evaluations of band combinations, thereby decreasing computational complexity.
Then, two versions of 1-D WGAN are designed and trained via pixel-scale samples. Finally,
the RE obtained by the well-trained critic is proposed as a scoring criterion to explore
higher-level and underlying features between bands. Experiments on three real HSIs
illustrate the effectiveness of DW-WUBS over state-of-the-art algorithms.
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