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Highlights

What are the main findings?

¢ A mini-cluster-based optimization scheme is proposed to preserve the non-local struc-
ture of hyperspectral image (HSI) data.

* A one-stage, end-to-end deep clustering network is designed to learn subspace bases
under the joint guidance of local and non-local structures.

What is the implication of the main finding?

¢ The mini-cluster optimization scheme adaptively models non-local similarity with
higher efficiency than manifold-based methods relying on fixed neighbor settings.

* The end-to-end framework enables local and non-local structures to jointly supervise
and optimize the entire clustering process, overcoming the limitations of previous
two-stage deep subspace methods.

Abstract

Subspace clustering has become widely adopted for the unsupervised analysis of hyper-
spectral images (HSIs). Recent model-aware deep subspace clustering methods often use a
two-stage framework, involving the calculation of a self-representation matrix with complex-
ity of O(n?), followed by spectral clustering. However, these methods are computationally
intensive, generally incorporating only local or non-local structure constraints, and their
structural constraints fall short of effectively supervising the entire clustering process. We
propose a scalable, context-preserving deep clustering method based on basis representation,
which jointly captures local and non-local structures for efficient HSI clustering. To preserve
local structure—i.e., spatial continuity within subspaces—we introduce a spatial smoothness
constraint that aligns clustering predictions with their spatially filtered versions. For non-
local structure—i.e., spectral continuity—we employ a mini-cluster-based scheme that refines
predictions at the group level, encouraging spectrally similar pixels to belong to the same
subspace. These two constraints are jointly optimized to reinforce each other. Specifically, our
model is designed as a one-stage approach, in which the structural constraints are applied
to the entire clustering process. The time and space complexity of our method are O(n),
making it applicable to large-scale HSI data. Experiments on real-world datasets show that
our method outperforms state-of-the-art techniques.

Keywords: hyperspectral images; model-aware deep learning; self-representation;
basis-representation; structure preservation
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1. Introduction

Hyperspectral images (HSIs) record the precise electromagnetic spectrum of the ob-
jects in a scene in hundreds of spectral bands, thereby enabling discrimination between
objects that are indistinguishable in conventional Red—Green—Blue (RGB) images. As a
result, HSIs have been widely applied in fields such as agriculture [1], environmental
monitoring [2], and defense and security [3]. Clustering, which categorizes image pixels
into different classes without labeled data, plays a crucial role in interpreting HSI data.
However, HSI clustering remains challenging due to noise and high spectral variabil-
ity [4]. Subspace clustering [5,6], which models data as lying in a union of low-dimensional
subspaces, has shown strong performance in this context and has gained significant at-
tention in recent years. Subspace clustering assumes that high-dimensional data lie in a
few low-dimensional subspaces, where data points within the same subspace are treated
as a class. Representative subspace clustering methods can be categorized into model-
based subspace clustering [5,7-9] and model-aware deep subspace clustering [10-12]. The
model-based subspace clustering methods include sparse subspace clustering (SSC) [5],
low-rank representation (LRR) [7], and the joint-sparsity-based sparse subspace cluster-
ing (JSSC) method [13]. These approaches are designed based on the self-representation
property, which assumes that each data point in a subspace S; can be expressed as a linear
combination of other points within the same subspace, subject to sparsity or low-rank
constraints. The resulting representation matrix effectively reveals the affinities between
different data points. It is thus used to construct a similarity matrix, which is further fed to
spectral clustering to obtain the clustering result. However, these methods are limited by
the matrix-decomposition-based shallow representations, making it difficult to cluster HSIs
that are often nonlinearly separable in practice.

To solve this problem, model-aware deep subspace clustering methods leverage the
feature extraction capacity of deep neural networks to extract discriminative features
and take into account nonlinear interactions. Representative methods include a deep
subspace clustering network (DSCNet) [10], a generic deep subspace clustering model
(DSC) [11], a self-supervised variant with adaptive initialization (SDSC-AI) [14], a Laplacian-
regularized model for hyperspectral images (LRDSC) [15], and a pseudo-supervised ex-
tension (PSSC) [12]. Typically, autoencoders are used to project the input data onto a
latent feature space, and then a fully connected layer is incorporated within the latent
space, positioned between the encoder and decoder, to approximate the self-representation
model. Li et al. [14] use clustering results as pseudo labels to train the feature extraction
network, enhancing feature discriminability for clustering tasks. They also initialize the
self-representation layer with a k-nearest neighbors (KNNs) graph to reduce dictionary
redundancy, leading to significant performance improvements. In [16], features from
undercomplete and overcomplete autoencoders are fused for subspace clustering, achiev-
ing outstanding performance without pre-training. Chen et al. [17] propose leveraging
self-attention within the autoencoder to capture long-range dependencies, yielding better
results than DSCNet. Benefiting from the improved feature representation in the latent
space with the encoders, model-aware deep subspace clustering methods are more effective
in handling data of complex structures compared with the aforementioned model-based
subspace clustering methods. By optimizing the parameters of the fully connected layer,
the self-representation matrix can be obtained for the construction of the similarity matrix.
However, they still suffer from the following issues. First, these methods are computation-
ally expensive. This is because the self-representation matrix is of size n X n (where n is the
number of HSI pixels), leading to a training complexity of O(n?) that makes large-scale
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clustering impractical; in addition, the spatial constraints employed further increase the
computational burden. Second, the features extracted may not be optimal for clustering.
This is because feature extraction and spectral clustering are performed separately, which
risks degrading overall performance. Third, these methods struggle to capture the intrinsic
cluster structure of HSI. This limitation arises from their focus on either local or non-local
dependencies, rather than fully exploiting the spatial relationships present in the data.

In this paper, we propose a scalable context-preserving deep subspace cluster-
ing (SCDSC) method, which performs feature extraction and clustering within a unified
framework. In contrast to conventional self-representation-based clustering methods that
require optimizing a large self-representation matrix, we follow the approach proposed
in [18] and instead learn compact subspace bases. Those bases are compact, class-specific
subspace dictionaries with fewer parameters in the latent feature space. We then obtain the
clustering soft assignment directly by projecting the latent representation onto the subspace
bases. The resulting model has low computational complexity, supporting scalability and
efficient processing of large HSI.

To capture both local and non-local dependencies in hyperspectral data, we introduce
two structural constraints. The local structure constraint enhances spatial homogeneity
in the clustering results and improves robustness to noise and spectral variability. We
achieve this using a spatial-wise mean filter to smooth the clustering results. The non-local
structure constraint promotes consistency among spectrally similar data points, regardless
of their spatial distance, by grouping them into mini-clusters and encouraging shared
cluster assignments within each group. In contrast to existing local spatial constraints
like total variation, which exhibit high computational complexity, our method is computa-
tionally efficient. The improved local homogeneity can be propagated to non-local data
points through the non-local constraint, and conversely, the non-local constraint can also
enhance local homogeneity, creating a mutually reinforcing relationship. To the best of
our knowledge, this is the first attempt to develop an end-to-end, scalable deep subspace
clustering method for HSIs. Experimental results on four benchmark datasets show that
our method consistently outperforms several state-of-the-art methods, both model-based
and deep learning-based. A preliminary version of this work was presented in [19], where
we applied spatial filtering to embed spatial continuity into the soft assignment optimiza-
tion and used contrastive learning in the feature space to preserve the non-local structure.
Compared with that preliminary work, we develop a novel approach to modeling non-local
similarities by means of a mini-cluster grouping. Moreover, we provide a more detailed
presentation, a deeper analysis of the overall approach, and critical discussions. We also
present a more extensive experimental study.

The remainder of the paper is as follows: Section 2 provides a comprehensive analysis
of model-based subspace clustering and deep clustering methods, including purely data-
driven and model-aware approaches. Section 3 describes our main contribution, a context-
preserving deep subspace clustering method. Section 4 evaluates it using four real-world
hyperspectral datasets. Finally, Section 5 concludes this paper.

2. Related Work

In this section, we introduce the key concepts and models that form the foundation of
our proposed method. Then, we briefly review the existing approaches for HSI clustering.

2.1. Agglomerative Hierarchical Clustering

In our work, we use agglomerative hierarchical clustering to generate mini-clusters,
as detailed in Section 3. Agglomerative hierarchical clustering is a method that groups
data points by gradually merging clusters. It starts with each data point as its own sepa-



Remote Sens. 2025, 17, 4030

4 0f 28

rate cluster, and then at each iteration, it merges clusters based on a defined rule, called
a linkage criterion. As a variation of this method, a first-integer-neighbor clustering
method (FINCH) [20] uses the first neighbor of each sample to identify long neighbor
chains and uncover groups within the data. This method shows high performance in
clustering complex data with a complexity of O(nlogn), where n is the number of data
points. In every iteration of FINCH, the first nearest neighbor adjacency matrix is created
as follows:

1 ifj:KZ.lorxlziorKl:Kl

A(i,j) = I P )

0 otherwise

where «! denotes the first nearest neighbor of point i. During the merging process, data
points connected by the same neighbor chain are grouped, and a new data point is generated
as the mean of these points. The generated data points are merged in the same way in
the next iterations. In the initial few iterations, the relationships between data points are
simpler, allowing the algorithm to merge data points accurately. Compared to methods
that require a predefined number of neighbors, FINCH is a parameter-free algorithm, and
it allows clusters of different sizes. This results in a more flexible and adaptive capture of
non-local data structures.

2.2. Model-Based Subspace Clustering

Subspace clustering has become a major approach in analyzing high-dimensional
data because it efficiently identifies meaningful low-dimensional structures within high-
dimensional data. Classical model-based subspace clustering methods such as SSC [5] and
LRR [7] optimize self-representation-based models to reveal the affinities between different
data points, as shown in Figure 1.

self-representation
data matrix data matrix matrix

Figure 1. An illustration of the self-representation model.

However, they rely solely on spectral representations to identify relationships between
HSI pixels, making the models sensitive to noise. Therefore, many extensions attempt to
incorporate local and non-local information to improve robustness against noise.

Zhang et al. [21] propose a spectral-spatial sparse subspace clustering method (54C)
that incorporates spatial information by applying a 2D mean filter to the representation ma-
trix. Huang et al. [22] impose a joint constraint on local neighborhoods obtained via super-
pixel segmentation to reduce feature variability within clusters. Other methods, including
a locally constrained collaborative representation-based Fisher’s LDA (LCR-FLDA) [23],
incorporate non-local structure by imposing Laplacian constraints. An alternative to tradi-
tional self-representation-based models is dictionary-based approaches, which are generally
more computationally efficient. Representative methods include a sketch-based subspace
clustering method with total variation (Sketch-TV) [24], a dictionary learning method with
adaptive regularization (IDLSC) [25], a total variation regularized collaborative represen-
tation clustering method with a locally adaptive dictionary (TV-CRC-LAD) [26], and a
structural prior-guided subspace clustering method (SPGSC) [27]. Although these methods
achieve notable improvements over traditional subspace clustering approaches for HSI,
their underlying assumptions still pose significant limitations. Specifically, they rely on the



Remote Sens. 2025, 17, 4030

50f28

premise that each data point can be represented as a linear combination of points from a
single linear subspace or a given dictionary. This linearity assumption does not hold when
the data lie on nonlinear manifolds whose intrinsic geometry cannot be approximated
using relatively few global linear subspaces, leading to degraded performance.

2.3. Purely Data-Driven Deep Clustering Methods

Data-driven deep clustering approaches focus on learning from the inherent structure
and distribution of data and can be broadly categorized into two types. The first type
involves feature learning followed by traditional clustering, where neural networks are
used for feature extraction, after which conventional clustering algorithms are applied. For
example, the deep embedding network for clustering DEN [28] employs an autoencoder
with local similarity and sparsity constraints, followed by K-means clustering on the ex-
tracted features. Similarly, deep subspace clustering with sparsity prior (PARTY) [29] trains
an autoencoder with structure-prior regularization and then applies subspace clustering.
The deep spectral clustering method SpectralNet [30] first trains a neural network to learn
an embedding that approximates the eigenvectors of the graph Laplacian and then applies
K-means clustering in the learned embedding space. In a similar manner, the manifold-
based deep clustering method N2D [31] begins with autoencoder-based feature learning,
then performs manifold embedding, and finally applies a traditional clustering algorithm
to obtain cluster labels. The second type is the joint optimization of feature learning and
clustering, where traditional clustering algorithms are integrated into the neural network’s
loss function, allowing for simultaneous clustering and feature learning during network
training. For instance, the unsupervised deep embedding method for clustering (DEC) [32]
learns a latent representation with an autoencoder and refines cluster assignments using a soft
assignment based on the Student’s t-distribution together with a Kullback-Leibler (KL) diver-
gence clustering objective. Building on this, Nalepa et al. [33] employ a three-dimensional (3D)
convolutional network to better capture spectral structure, further improving performance.
Another method, a deep semantic clustering method based on partition confidence maximiza-
tion (PICA) [34], maximizes the confidence level of each data point being assigned to a cluster,
thereby enhancing clustering results. While purely data-driven deep clustering methods
are flexible and can adapt to data with complex structures or noise, they often require large
datasets, lack interpretability, and are prone to overfitting.

2.4. Model-Aware Deep Subspace Clustering

Model-aware deep learning, which integrates mathematical modeling with deep
neural networks to harness the advantages of both domains, has been widely adopted in
various image inverse problems, including image denoising [35], image reconstruction [36],
and compressed sensing [37]. In remote sensing, this paradigm has been extensively
explored through deep unfolding and plug-and-play (PnP) frameworks. For example, deep
unfolding has been applied to tasks such as satellite image super-resolution [38] and pan-
sharpening [39], where iterative optimization algorithms are unrolled into deep networks,
offering both interpretability and improved performance. In contrast, PnP strategies embed
learned priors into traditional optimization pipelines, as demonstrated in hyperspectral
unmixing [40]. Similarly, model-aware deep learning techniques have shown success in
subspace clustering. A pioneering work is DSCNet [10], which employs a deep autoencoder
to map data nonlinearly into a latent space and then applies a fully connected layer on the
latent representation to mimic the self-representation model.

To improve robustness to noise, many extensions have been proposed that incorporate
non-local structure during model optimization. For example, Zeng et al. [15] employ a
Laplacian regularizer on the self-representation matrix to directly impose non-local struc-
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ture preservation. In [41], the Laplacian regularizer is applied to the self-representation
matrix within a residual network. In [42], the hypergraph-structured autoencoder (Hy-
perAE) imposes a hypergraph regularizer on the latent representation, thereby maintaining
the non-local structure in the self-representation matrix. In summary, although these meth-
ods perform well, they have several limitations. They require significant computational
resources due to the large matrices involved; their two-stage design prevents integrated
structure preservation, and they do not fully capture the spatial dependencies present in
the data.

2.5. Summary and Discussion

In Table 1, we summarize the above-described categorization of HSI clustering ap-
proaches, with representatives of model-based and deep learning-based methods, along with
their main advantages and limitations. While these methods have achieved remarkable
progress in hyperspectral image clustering, they typically incur high computational costs, rely
on either linear assumptions or large amounts of data, and often lack the structural priors
required to capture the nonlinear spectral-spatial patterns of hyperspectral images.

Table 1. Summary of representative clustering methods for hyperspectral images.

Category Sub-Category Algorithms Remarks

SSC [5], LRR [7],
Self-representation JSSC [13], S4C [21],

Model- LCR-FLDA [43]
based

Learn global or structured self-representation
coefficients; effective for capturing subspace
structure; performance degrades on nonlinear
manifolds; do not scale well.

Sketch-TV [24],
IDLSC [25], SPGSC [27],
(TV-CRC-LAD) [26]

Use compact or structured dictionaries to
improve scalability; suitable for large HSIs but
still rely on linear reconstruction assumptions.

Dictionary-based

DEC [32], DEN [28], Learn latent representations in an end-to-end
PICA [34], PARTY [29] manner; flexible and scalable, but rely heavily
SpectralNet [30], N2D [31] on network design and sufficient data.

Data-driven

Deep

learning-
based

DSCNet [10], SDSC-AT [14],

Model-aware HyperAE [42], LRDSC [15]

Incorporate model priors into deep networks to
improve accuracy; usually involve complex
architectures and higher computational cost.

PSSC [12], DSC [11]

The emerging basis-representation-based subspace clustering method [18] attempts to
learn the basis of subspaces to obtain accurate assignments of data points. This method
builds on the property that all vectors within a subspace can be expressed as linear combi-
nations of that subspace’s basis vectors, as illustrated in Figure 2. It achieves comparable
performance to self-representation-based methods in image and text-level tasks with linear
complexity. However, this method shows limited performance in HSI clustering, as image-
and text-level clustering tasks treat each data point as an entire image or document, with-
out considering spatial relationships, rendering spatial context irrelevant. In contrast, HSI
clustering involves data points corresponding to individual pixels or image patches, where
spatial continuity and non-local structure are critical for accurate clustering.

— X IR

basis-representation
matrix

data matrix basis matrix

Figure 2. An illustration of the basis-representation model.
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Our contribution is motivated by the extension of this basis-representation model to
hyperspectral data through the integration of structural constraints that explicitly preserve
both spatial continuity and non-local structure.

3. Proposed Method

In this section, we present our main contribution, that is, a scalable and context-
preserving deep subspace clustering method. To address the high computational com-
plexity of traditional self-representation-based clustering approaches, we propose a novel
strategy that avoids learning a self-representation matrix. Instead, our method directly
learns a compact subspace basis, effectively integrating both local and non-local structural
information inherent to HSI data. In this section, we first formally define the problem
tackled, then we detail the structure constraints that are central to our approach, and finally
we introduce our end-to-end training strategy. The overall framework of our proposed
method is depicted in Figure 3.

" ’ Mini-clusters fancy

—»
9 indexing *
X, Xo,..., X, ' LNL
* refine
v j

mini-cluster update

¥ projection —}@J

affinity
matrix spatial

filtering *I:: Ly

Dy|Dy| ... |Di local-structure preservation

Training optimization branches

subspace basis D " cluster |

X1, Xg,..., X, > argmax ———p> label 1

________

Feature extraction network Clustering network Prediction branch

Figure 3. Structure of the proposed method. The autoencoder maps the input data nonlinearly to a latent
representation H. This representation is then projected onto various subspace bases to form the subspace
affinity matrix S. To enhance the quality of the subspace basis, the following optimization modules are
applied: (1) the mini-cluster updating module, which generates mini-cluster assignment M and updates
it by minimizing the KL divergence loss to a refined version M; (2) the local-structure-preserving module,
which encourages the subspace affinity matrix S to be similar to its smooth version F.

3.1. Problem Formulation

Let X = {X1,Xy, ..., X, } denote a hyperspectral image under investigation, divided
into 1 overlapping patches, where each patch X; € R****? is centered on a pixel and
represents a 3D region of the hyperspectral image, extending over a small a x a spatial
neighborhood and all b spectral bands. The goal of HSI clustering is to group these patches
into k distinct classes in an unsupervised manner. In this study, k is assumed to be known
in advance, which enables consistent comparison with the ground-truth labels. Note that
in the subsequent discussion, the term “pixel” refers to the target center pixel of each patch,
and both share the same class assignment. This patch-overlap strategy is widely adopted
in hyperspectral clustering [42,44], as it enables spatial context modeling for each target
pixel. Despite the induced redundancy, it provides consistent context cues that improve
learning robustness.

Traditional methods often rely on a two-stage framework involving an n x n self-
representation matrix, which results in O(n?) computational complexity. Moreover, the
self-representation matrix calculation and spectral clustering are performed separately,
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with structure preservation applied only during the first stage, thereby limiting its impact
on the overall clustering process.

In this work, we propose a scalable context-preserving deep subspace clustering
method for HSIs. Specifically, we aim to learn the bases of different subspaces to cluster
the HSI patches. Based on the learned subspace bases, we compute the affinity matrix
S € R"™*, where each entry sij denotes the soft assignment of the ith pixel to the jth
subspace. Let H = [hy, ..., hn]T € R"*4 be the embedded representation of all pixels with
dimension d produced by the encoder of a deep autoencoder and D = {Dy, ..., Dy} be the
set of the learned subspace bases, with each D; € R¥*" representing the basis of the jth
subspace (with r basis vectors). The soft assignment between pixel i and subspace j is then
computed as

o I Dj| + 6r
7 Ei(In Dy +6r)’

(2)

where 6 is a smoothing constant set to 5 following [18]. Collecting all assignments yields
the vector s; = [s;1,...,s; ], the ith row of S. Each pixel is finally assigned to the subspace
with the largest soft assignment, i.e., argmax; s; ;.

To achieve optimal clustering performance on HSI data, the learned bases must satisfy
the following criteria: (1) each subspace should have a distinct basis; (2) the bases should
exhibit strong discriminative power to distinguish data points from different subspaces;
(3) the bases should capture the intrinsic geometry (that is, spectral properties) of the
data for the non-local structure to be preserved during clustering; and (4) the bases should
leverage the local structure (that is, spatial continuity) to enhance robustness during feature-
basis alignment. Similar to model-aware deep subspace clustering methods, basis learning
is formulated within the latent space of an autoencoder.

Based on these requirements, we formulate the optimization problem. To make the
optimization targets explicit, let © denote the trainable parameters of the deep autoencoder.
Since the latent representation matrix H and the reconstructions X = {)A(i}?zl are outputs
of the network, they are computed from the input patches X = {X;}""_; by the autoencoder
parameterized by ©. Consequently, we formulate the joint optimization problem with
respect to the subspace bases D and the network parameters © as follows:

1 -
I 5, 2o 1 = Xl + B0(D) + pu (HD) + ¥ (HD), ®

which consists of the data fidelity term and three regularization terms: ¢(D)—promoting
discriminative power of the learned bases, 77(HD)—non-local (spectral) similarities, and
¥ (HD)—local (spatial) consistency within the clusters. X; is the reconstructed version of
X;, obtained from the corresponding latent code h; by the decoder of the same autoen-
coder, which constrains the latent representation H to retain essential spatial-spectral
information, and the improved latent representation in turn leads to better estimation of
the subspace bases D during training. The basis dissimilarity term ¢ (D) ensures that the
learned subspace bases are distinct, enabling distinguishing data points from different
subspaces. The non-local structure preservation term 7 (HD) encourages data points to
have a prediction similar to those of their nearest neighbors in the spectral space. The
local structure preservation term ¥ (HD) maintains spatial dependencies, ensuring that
data points share similar affinities to the subspace basis as their spatial neighbors. These
constraints are discussed in detail in the following sections. The positive constants j, B1,
and B, balance the contributions of the different terms of the objective function, and their
values are discussed in the experimental section (see Section 4).
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In contrast to self-representation-based methods, our model does not require main-
taining a self-representation matrix of size n x n. Instead, it uses a basis-representation
matrix of size rk x n, reducing the computational complexity from O (n?) to O (krn). Here,
the number of clusters k and the number of basis vectors per cluster r are typically small
constants independent of the sample size n. Since kr < n for large-scale HSI data, the
effective complexity simplifies to O(n). Moreover, our model follows a one-stage approach,
where both local and non-local structure constraints jointly optimize the entire clustering
process end to end, thereby offering stronger guidance for model optimization.

3.2. Basis Dissimilarity Constraint

In subspace clustering, the bases of each subspace must be distinct, and orthogonality
is often employed to reinforce this distinction, which has been shown to be beneficial for
clustering performance in prior work [18]. Additionally, the bases are kept on the same
scale to ensure more consistent and effective evaluation. This reduces overlap between
subspaces, enhances the discriminative power of the bases, and ultimately leads to more
accurate and robust clustering results. To ensure these properties are maintained during
basis learning, we adopt a basis dissimilarity constraint ¢(D), similar to that in [18], as
described below:

$(D) = [D'DEOJ2 + D DOI-1|} @

where ® represents the Hadamard product, O € R¥*k" is a matrix with diagonal blocks
of size v x r are 0, others 1, and I is the identity matrix of appropriate dimensions. This
constraint effectively enforces each subspace to have orthonormal bases (unit-norm and
mutually orthogonal) and pushes bases from different subspaces apart. In other words,
¢ (D) helps D behave like a block-wise orthogonal basis set, enhancing subspace separation
and stability.

3.3. Non-Local Structure Preservation

Image pixels with similar spectral responses are likely to belong to the same land cover
class, regardless of their spatial location. Making use of these non-local spectral similarities
helps to preserve the correct non-local structure in a clustering map. Existing works often
apply a Laplacian matrix to maintain this structure in the self-representation matrix, which
is computationally expensive and limits scalability for large datasets.

To address this issue, we propose a mini-cluster updating scheme that ensures the
subspace bases align with this non-local structure of the data while efficiently preserving it
in the final clustering map. Specifically, the original data points are first grouped into mini-
clusters using the algorithm FINCH (see Section 2.1 for details). Let C = {C1,C»,C3,...,Ci}
represent the set of I mini-clusters generated by FINCH, where each mini-cluster comprises
a group of neighboring data points. Formally, each mini-cluster C, contains the indices of
the data points belonging to this mini-cluster.

We expect data points in each mini-cluster C,, to align more strongly with a common
basis D, than with any other D,, as shown below:

Hh,;rD]'H > maxHh;De
e#j

forallg € Cp, (5)

where h; € R? represents the latent representation of the gth data point. According to
the definition of soft assignment in (2), the subspace basis affinity in (5) can be mapped
to soft assignments, resulting in similar assignments for all data points within the same
mini-cluster; that is, for a given mini-cluster C,,

s; ~ s, forallgand o € C,. (6)
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To preserve the underlying structure, we optimize the soft assignment at the mini-
cluster level to encourage data points within the same mini-cluster to share the same
assignment. During this processing, the soft assignments of data points within each mini-
cluster are extracted using their mini-cluster index through fancy indexing, a vectorized
technique that enables efficient, loop-free index-based value extraction on GPUs. The soft
assignments of mini-clusters are represented as M € Rk = [my, m,,..., m;]T. The soft
assignment for the pth mini-cluster m, € R is obtained by averaging the assignments of
the data points it contains as follows:

m,= + Y s, 7)

| 7" qeCyp

Since the soft assignment matrix S depends on the feature embedding H and the cluster
subspace bases D, this target matrix M is implicitly a function of (H, D). To further enhance
the distribution of these assignments, we adopt a refined soft assignment M € R'*¥ whose
entries are defined as )
g =
Zj(mp,]'/ Zp mp,j)

where m,, ; represents the soft assignment of the pth mini-cluster to class j and 17, ; is its

(8)

refined soft assignment. This refinement process improves cluster purity by emphasizing
high-confidence predictions and mitigating distortions caused by large clusters [32]. By
aligning the initial mini-cluster predictions with their refined versions, the quality of
soft assignments is enhanced, which in turn strengthens the discriminative power of the
subspace bases. Based on the above analysis, we define the non-local structure preservation
constraint # (HD) as follows:

7(HD) = KL(M|M) = 1Y i log - 22, 9)
poj 12
where M represents the refined soft assignment affinity matrix of the mini-clusters. During
training, the refinement calculation increasingly emphasizes class distinctions, causing
the refined mini-cluster soft assignment 1; to converge towards a state where one class
dominates, with its value approaching 1, while the values for other classes approach 0. As
7(HD) decreases over time, the mini-cluster is assigned more confidently to a single class.
In parallel, the soft assignment of data points within the mini-cluster follows the same
optimization trajectory as the mini-cluster itself as follows:

on(HD) _ Jy(HD) om,, _ 1 oy(HD)
sy om, 9ds;, [Cp| om, ’

forall g € C,. (10)

This means that as the mini-cluster moves toward being classified as a particular class,
all the data points within it also shift toward the same class assignment. As training
progresses, this optimization direction causes all the points in the mini-cluster to converge
to the same class assignment. The mini-cluster updating scheme enhances the model’s
performance in two ways. First, it optimizes the mini-cluster soft assignments, which
are more representative and robust than instance assignments, because of the assignment
averaging. Second, it promotes consistency among data points within the same mini-cluster,
ensuring they share the same prediction and preserving the non-local structure during
optimization. Unlike previous methods that relied on a Laplacian matrix with complexity
O(n?) to preserve the non-local structure, our approach is significantly more efficient. By
leveraging a mini-cluster index vector of size n and using fancy indexing with complexity
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O(n), which aligns with Graphics Processing Unit (GPU) implementation efficiency, we
achieve efficient non-local structure preservation. Moreover, our method integrates non-
local structure preservation throughout the entire clustering process, rather than limiting
it to a single stage. This provides stronger guidance and improves the overall clustering
performance.

3.4. Local Structure Preservation

In real-world scenarios, neighboring areas often belong to the same land cover class,
a property known as spatial continuity. This relationship is a common phenomenon in
many types of data, including HSI, where adjacent pixels are likely to belong to the same
class. To leverage this property, our model integrates spatial neighborhood information
into the basis learning process. This not only improves noise robustness when measuring
the alignment between feature vectors and basis vectors but also ensures that the clustering
results maintain the intrinsic spatial continuity of HSI. Specifically, as with the non-local
structure preservation constraint, we directly apply spatial filtering to the soft assignments
of pixels, as illustrated in Figure 4.

kI V task area mask If/

i
soft assignment matrix S > ;,I - hI

gi % —w spatial filtering e
~ = 3D soft assignment 3D smoothed soft
spatial location matrix tensor S dbblgnm@nlt tensor §
kI < ,éi A
TV ¢ >

smoothed soft assignment matrix F spatial location matrix

Figure 4. Calculation process of the smoothed soft assignment matrix F. First, the soft assignments of
image pixels are arranged into a 3D tensor based on their spatial locations. Next, a local window is
applied to perform mean filtering for each point. Specifically, the filtering is calculated within the
task area defined by a mask T, where labeled data are available, to facilitate effective evaluation of
the results.

As defined in the figure, S € R¥*"*¥ represents a 3D tensor derived from the 2D soft
assignment matrix, where w and & are the width and height of the HSI. Each Sy, € Rk
denotes the soft assignment vector for the pixel at spatial location (x, y). By incorporating
spatial information, this tensor facilitates a spatially aware prediction of cluster member-
ship. A spatial filtering operation is subsequently applied to each layer of S, leveraging
relationships among neighboring pixels to produce a smoothed 3D tensor S, expressed as

E(u,v)ewx,y tuo - Su

Sx,y = ’ (11)

Z(u,v)ewx,y tuo

where Sy, is the smoothed soft assignment vector at spatial location (x,y), with x and y
denoting the row and column indices, respectively, and Wy , is a fixed smoothing window
centered at (x,y). The mask T € R?*" assigns a value of 1 to pixels within the cluster
region and 0 otherwise, where ¢ ;, denotes the value at the corresponding location in T. We
then extract the final smoothed soft assignment matrix F € R"** by flattening S according
to pixel ordering.
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To incorporate this refined local structure into the original predictions, we minimize
the KL divergence loss between the original and the smoothed predictions. The local
structure preservation function ¥ (HD) is defined as follows:

¥(HD) = KL(F||S) ZZf”log f” (12)

where F € R"*K is the smoothed assignment matrix, fi,j represents the element at position
(i,7), and S € R"*k is the original soft assignment matrix computed from the embedded
features H and the subspace bases D via Equation (2).

Existing methods typically apply spatial constraints, such as spatial smoothing, on a
self-representation 3D tensor M € RwW*Ixn where w and h denote the width and height of
the image, resulting in a computational complexity of O(n?) [21]. Other approaches apply
total variation regularization on a dictionary representation tensor 7~ € R¥*/* " where
n' > k is the dictionary dimension, leading to a complexity of O(nn'logn) [24].

In contrast, our method directly applies spatial filtering to the clustering soft assign-
ment S € R¥*/*kK_ Denoting the size of the smoothing window as |W|, the computational
complexity is O(|W| x n x k), which simplifies to O(n), making it much more efficient.
More importantly, our spatial constraint optimizes the entire clustering process, providing
stronger guidance for network optimization.

3.5. Objective Function and Training Strategy

The overall objective function consists of multiple loss terms that jointly optimize the
reconstruction of the autoencoder, basis dissimilarity, and both local and non-local structure
preservation. Specifically, the reconstruction loss is defined as

1 & o
= 3 1 X =Xl (13)
=1

which measures the reconstruction error between the input X; and its reconstruction X;.
This term encourages the network to preserve the essential spectral information of each
pixel during feature learning, ensuring that the latent representation retains sufficient
fidelity for downstream clustering. Based on the definition of ¢(D) in Equation (4), the
basis dissimilarity loss is formulated as

Lp = ¢(D), (14)

which enforces diversity among the learned basis vectors to avoid redundancy in repre-
sentation. To preserve both spatial and spectral consistency, we further introduce two
structure-preserving constraints. The non-local preservation loss is defined as

L1 =1(HD), (15)

where #7(HD) (introduced in Equation (9)) enforces non-local spectral consistency between
spectrally similar but spatially distant pixels. Similarly, the local preservation loss is given by

£; = ¥(HD), (16)

where ¥(HD) (defined in Equation (12)) preserves spatial smoothness by encouraging
neighboring pixels to exhibit consistent affinities. Finally, the total objective function is
given by

Liotal = LR + BLD + B1LNL + B2LL, (17)
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where B, B1, and B, are trade-off parameters controlling the relative importance of each
loss term. By minimizing this objective function, both the autoencoder parameters ©
and the learnable subspace bases D are jointly updated through back-propagation. This
optimization forms a coordinated dual mechanism: the gradients arising from the soft
assignments S update the subspace bases D and further propagate through H to the
encoder, guiding the latent features to align with the underlying subspace structures.
Meanwhile, the reconstruction loss between the input X and the output X’ anchors this
evolution, ensuring that the evolving representation H remains grounded in the intrinsic
spectral-spatial information needed for faithful data reconstruction.

As shown in Algorithm 1, the network training involves four main steps (Steps 1-4),
followed by a final assignment step (Step 5). First, the mini-clusters are generated by
FINCH. Next, the autoencoder is pre-trained to obtain initial latent representations of the
input data. Then, the K-means algorithm is applied to generate the initial clustering results,
which are subsequently processed using SVD to obtain the initial subspace basis for each
cluster. Following work [18], we select five main basis vectors, i.e., the top 5 singular vectors
with the largest singular values, to capture the subspace structure within each cluster. In
the joint optimization step (Step 4), the autoencoder and the subspace bases are jointly
optimized, where their parameters are updated under the supervision of all constraints.

Algorithm 1 Training Process for Hyperspectral Image Clustering.

: Input: Hyperspectral image patches: X = {X1,Xp,..., X, }

: Output: Cluster labels

: Step 1: Mini-cluster generation (FINCH)

Generate mini-clusters: C = {C1,C,,Cs,...,C;}

Step 2: Pre-training

: Perform data preprocessing and pre-train the deep autoencoder; obtain initial H.
: Minimize the reconstruction loss:

L=Lg

: Step 3: Initial subspace basis construction
9: Apply K-means clustering on H to generate initial clusters.
10: Initialize the subspace basis D for the initial clusters using Singular Value Decomposi-
tion (SVD).
11: Step 4: Joint Optimization (End-to-End)
12: for epoch = 1 to MaxEpochs do
13: Forward Pass (Compute Variables):

[

14: Compute latent features: H <— Encoder(X').

15: Compute reconstruction: X' < Decoder(H).

16: Compute soft assignments S via Equation (2) with H and D.

17: Update target distributions M, M, and F based on current S.

18: Compute total loss Ly, via Equation (17).

19: Backward Pass (Update Model Parameters):

20: Update subspace bases D using gradients of L.

21: Update autoencoder parameters ® via back-propagation of Ly
22: end for

23: Step 5: Final Assignment
24: Assign each data point to a cluster based on the highest value in its soft assignment
vector:
label; = argmax s; ;.
]

Our model jointly optimizes these components, enabling local homogeneity to propa-
gate to non-local data points through the non-local constraint and vice versa. In contrast,
self-representation-based subspace clustering methods have a complexity of O(n?) for com-
puting the self-representation matrix, maintaining the non-local structure with Laplacian
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regularization, and preserving spatial dependency on the self-representation matrix. Our
method achieves a complexity of O(#n) for all key operations, including calculating the soft
assignment, maintaining the non-local structure, and preserving the local structure, making
it scalable for large datasets. Furthermore, the proposed structural constraints supervise
the entire clustering process, providing stronger guidance for optimization.

4. Experiments and Results

In this section, we evaluate the proposed method on four real-world hyperspectral
images. We compare it against several popular clustering algorithms. Then, we perform an
ablation study to understand the impact of the local and non-local structure preservation
constraints.

4.1. Datasets

We conducted experiments on four real-world hyperspectral image datasets. The
details of these datasets are as follows:

1.  Trento dataset: This dataset was acquired using the Compact Airborne Spectrographic
Imager (CASI) sensor and contains 63 spectral bands. It is divided into 6 classes. The
image size is 600 x 166 pixels, with 30,214 labeled samples.

2. Houston dataset: The Houston dataset was collected using the ITRES Compact Air-
borne Spectrographic Imager (ITRES-CASI) sensor, which captures high-resolution
hyperspectral imagery across 144 spectral bands. It is categorized into 7 classes. The
image size is 130 x 130 pixels, containing 6104 labeled samples.

3. PaviaU dataset: The PaviaU dataset was acquired with the Reflective Optics System
Imaging Spectrometer (ROSIS-3) sensor, providing 103 spectral bands. It is classified
into 9 classes. The image size is 610 x 340 pixels, with 42,776 labeled samples.

4. HYPSO-1 dataset: The HYPSO-1 dataset originates from the Hyperspectral Small
Satellite for Ocean Observation (HYPSO-1) CubeSat mission, which provides hy-
perspectral imagery covering sea, land, and cloud regions with approximately 120
spectral bands. For our experiments, a 150 x 150 spatial region was selected from
one labeled scene, containing three major classes (sea, land, and cloud) with 22,500
labeled samples.

These datasets feature a variety of sensor types, numbers of spectral bands, class
categories, and image dimensions, providing a diverse experimental platform to validate
the effectiveness of our proposed method.

4.2. Experimental Setting

During training, the model is trained for 400 epochs without early stopping. To balance
memory consumption and enrich the feature representation of each HSI pixel, we use a
patch size of 7 x 7 for all compared methods. When generating mini-clusters, we employ
a larger patch size of 17 x 17 to incorporate more detailed neighborhood information.
Parameter § is fixed at 10~3. To ensure statistical robustness, all experiments are repeated
10 times with different random seeds. We report the mean =+ standard deviation of all
performance metrics. Statistical significance is evaluated using the Wilcoxon signed-rank
test to compare our method against each baseline. Detailed statistical results are provided
in the Appendix A. All implementation details, including hyperparameter settings and
training schedule, are available in our released code. The code and data are publicly
available, see the “Data Availability Statement” section for details.

We compare our method with several clustering approaches, including centroid-based
methods such as K-means [45] and Fuzzy C-means (FCM) [46]; the graph-based method
spectral clustering (S5C) [47]; data-driven deep clustering methods such as improved deep
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embedded clustering (IDEC) [48], SpectralNet (SN) [30], N2D [31], and deep embedded K-
means (DEKM) clustering [49]; self-representation-based deep subspace clustering method
HyperAE [42] and the nearest neighbor-based method FINCH [20]. Additionally, we com-
pare our method with our preliminary model-aware deep learning (MADL) framework [19],
which preserves non-local structures through contrastive learning.

To assess the performance of our model, we employ three widely used metrics: Overall
Accuracy (OA), Normalized Mutual Information (NMI), and Cohen’s Kappa (K). The OA
quantifies the proportion of correctly classified samples relative to the total number of
samples, computed by

OA = — 2“81‘ =$i) (18)

where # is the total number of samples, g; is the true label of the ith sample, §; is the
predicted label of the ith sample, and I(+) is the indicator function that equals 1 if the
condition inside is true and 0 otherwise. The NMI measures the mutual information
between the clustering results and the true labels, normalized by the average of their
entropies, defined by

2 xI(G;G)

"= e a6

(19)
where I(G; G) is the mutual information between the true labels G and the clustering
labels G and H(G) and H(G) are the entropies of G and G, respectively. K assesses the
agreement between the clustering results and the true labels while accounting for the
possibility of agreement occurring by chance, calculated by

P, — P,

K:1—E

(20)

where P, is the observed agreement among raters and P, is the expected agreement by
chance. For the three evaluation metrics, a higher value indicates better performance.
Additionally, we report the computational time in seconds to compare the efficiency of
different methods.

4.3. Performance Analysis
4.3.1. Houston Dataset

The clustering results of different methods on the Houston dataset are presented in
Table 2 and Figure 5. We set 51 = 3, B2 = 8, and use a filter window size of 3 x 3. We
observe that only the deterministic method FINCH [20] produces fully consistent results
across runs and metrics. To provide a fair comparison, we further conduct a Wilcoxon
signed-rank analysis among different methods, as summarized in Table Al. The results
show that most pairwise differences with our method are statistically significant (p, < 0.05,
many at p, < 0.01), confirming the reliability of the observed improvements. For the few
cases where the differences are not significant, such as HyperAE and MADL, our model
still achieves higher mean accuracies and smaller deviations, showing more stable and
consistent performance. IDEC also attains a comparable mean in NMI but with larger
variance, while FINCH, as a deterministic algorithm, produces fixed outputs without
statistical variance.
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Table 2. Quantitative evaluation of different clustering methods on the dataset Houston.
Class K-Means [45] FCM [46] SC [47] IDEC [45] FINCH [20] DEKM [49] SN [30] HyperAE[42] N2D [3]] MADL[19] SCDSC
1 46.50 46.50 62.46 47.20 53.50 45.53 41.40 47.16 51.84 47.20 48.60
2 100 100 100 100 100 100 100 99.62 99.98 100 100
3 58.05 00 3566 8894 70.61 2430 3211 70.03 67.76 7470 79.66
4 100 00 100 9637 100 100 76.44 99.36 63.10 99 9965
5 94.77 070 90.00 9454 100 8569  80.00 10000 38.92 6938 60.00
6 0 2707 0 0 70.94 0 154 0 1085 2305 3070
7 0 0.46 0 9.97 0 400 5916 36.60 73.84 3956 4797
OA(%) Mean 6450 6323 6586  67.58 72.10 6101 6077 70.36 63.61 7233 7441
OA Std 0.08 001 524 120 0.00 3.00 3.79 5.50 2.22 5.85 421
NMI Mean 0.6973 05935 06181 07851 07702 07011 06439 07697 07465 0765 07902
NMI Std 0.0006 0.0002 00692 0.0269 0.00 0.0484 00475 0.0400 00213 00266 0.0329
K Mean 05354 05250 05441 05859 06424 04922 05057  0.6225 05679 06492 0.6759
K Std 0.0011 0.0001 00715 0.0204 0.00 00412 00568 0.0700 0.0276 00793 0059
Time (sec) Mean 221 732 268 429 073 6788 1675 41940 26.40 6052 3343
Time Std 0.17 306 030 048 0.16 931 037 4210 0.80 1.07 111

The best results are highlighted in bold, and the second-best results are underlined.

(i) () (k) )
I Concrete Grass-1 M Grass-2 Parking lot [Ill Roof WM Trees Asphalt |l Unlabeled

Figure 5. Houston dataset. (a) False-color image. (b) Ground truth and the clustering results obtained
by (c¢) K-means, (d) FCM, (e) SC, (f) IDEC, (g) FINCH, (h) DEKM, (i) SpectralNet, (j) HyperAE,
(k) N2D, (1) MADL, and (m) SCDSC.

Opverall, our method achieves the best performance across all three metrics. Compared
to our preliminary work [19], our method gains an additional 2.08% in OA, demonstrat-
ing the effectiveness of the mini-cluster updating scheme in enhancing representation
stability and clustering accuracy. Compared with HyperAE, which relies on global self-
representation reconstruction, our basis-representation model achieves better accuracy
with far less computational cost. Meanwhile, data-driven deep clustering methods such as
N2D, DEKM, and SpectralNet exhibit inferior and less stable results due to their depen-
dence on feature distribution learning without explicit structural constraints. FINCH also
performs strongly among non-deep methods, reflecting its ability to model complex local
relationships through a nearest neighbor chain mechanism.

In terms of runtime, FINCH remains the fastest, and traditional clustering methods
are generally more efficient than deep learning-based approaches. Nevertheless, our
method completes the clustering task in approximately 33 s, whereas HyperAE requires
more than 400 s due to its O(n?) self-representation complexity. This clearly highlights
the computational advantage of adopting a compact basis representation instead of full
self-representation modeling.

From the cluster map, we observe that our method best aligns with the ground truth.
Specifically, our approach accurately distinguishes between parking lot and asphalt areas,
while other methods often merge them. Only SpectralNet and N2D partially recognize
these distinctions.
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4.3.2. Trento Dataset

The clustering results of various methods on the Trento dataset are presented in Table 3
and Figure 6. We set f1 = 3, B2 = 1, and use a filter window size of 7 x 7. We observe that
most methods achieve accuracies above 70%, which may be attributed to class imbalance,
as several dominant classes occupy the majority of samples. Due to this imbalance, most
approaches, including ours, fail to recognize the third class. According to the Wilcoxon
signed-rank analysis in Table A1, our method achieves statistically significant improvements
(pw < 0.05) over nearly all baselines on OA and /C, confirming its reliability and robustness.
Compared with our preliminary work [19], the proposed model achieves an additional 2.31%
improvement in OA (90.61% vs. 88.30%) while maintaining almost identical NMI (0.9101 vs.
0.9144). This indicates that the new non-local structure preservation scheme is more adaptive
than using a fixed number of contrastive neighbors. Among the compared methods, HyperAE
fails on this dataset because its self-representation step involves O(1n?) memory usage, which
leads to out-of-memory errors. Meanwhile, our basis-representation formulation maintains
linear scalability and achieves better results than MADL.

Table 3. Quantitative evaluation of different clustering methods on the dataset Trento. “~” indicates
out-of-memory during execution.
Class K-Means [45] FCM [46] SC[47] IDEC [48] FINCH [20] DEKM [49] SN [30] HyperAE [42] N2D [3]] MADL[19] SCDSC
1 7137 0 0 89.50 93.95 9939 7369 - 99.62 99.98 100
2 1433 12 78 3538 0 3185 3984 - 26.32 10 87.98
3 0 11 0 53.90 0 0 0 - 879 0 0
4 99.29 9596 9952 99.16 99.54 9991 99.41 - 82.08 100 100
5 92.19 9948 9554 7692 91.96 7644 9255 - 54.78 100 100
6 84.72 1400 9282 7047 67.13 80.04 6999 - 73.88 8605 3680
OA(%) Mean 8183 6516 7376  80.28 76.23 8147 8320 - 67,55 8830 9061
OAStd 3.15 300 132 521 0.00 6.57 7.16 - 6.05 0.19 2.87
NMI Mean 07717 05685 07612 08234  0.8200 08257 07835 - 07568  0914a 09101
NMI Std 0.0155 00529 00148 00411 0.00 00388 00831 - 00246 00044  0.0024
K Mean 0.7566 04885 06353 07430  0.6963 07607 07720 - 05978 08434  0.8746
Kstd 0.0423 0.0499 00164  0.06% 0.00 00811 0.1046 - 00690 00025 0.0392
Time (sec) Mean 1281 534 15415 21169 16.99 2112 8156 - 26749 23038 14887
Time Std 0.85 049 940 136 037 83.83 102 - 52.23 758 2.99

The best results are highlighted in bold, and the second-best results are underlined.

Opverall, our method achieves the best performance in OA and K while maintaining a
competitive NMI close to the top-performing MADL. Although N2D conceptually bridges
deep and shallow clustering, it performs relatively poorly in this dataset because its
clustering is conducted on fixed autoencoded features without feedback to the encoder. The
autoencoder and clustering stages are not jointly optimized, so the learned representations
are driven purely by reconstruction quality rather than clustering separability. DEKM and
SpectralNet exhibit moderate performance but higher variance across trials. However,
K-means also performs remarkably well and significantly better than FCM. This can be
attributed to the clear boundaries in the Trento data, where hard assignments are more
suitable than fuzzy partitioning. Additionally, K-means outperforms FINCH and spectral
clustering, suggesting that the Trento dataset has a structure closer to spherical clusters,
where centroid-based models are advantageous.

In terms of efficiency, our method requires around 149 s on Trento, which is substan-
tially faster than MADL, DEKM, and IDEC. More importantly, the runtime increases almost
proportionally to data volume compared with Houston, where the dataset size is about five
times smaller. This consistency demonstrates the linear scalability of the proposed basis-
representation formulation with respect to data size while maintaining superior clustering
performance.

From the cluster maps, our method best aligns with the ground truth, accurately
recognizing the Vineyard and Wood classes, while other methods tend to mix them with
surrounding areas. Moreover, our predictions are much smoother, reflecting better spatial
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consistency. The inclusion of non-local structure preservation also improves the distinction
between buildings and roads, further enhancing spatial detail fidelity.

(g i (k)

I Apple trees Buildings [l Ground Wood [l Vineyard lll Roads Il Unlabeled
Figure 6. Trento dataset. (a) False-color image. (b) Ground truth and the clustering results obtained
by (c) K-means, (d) FCM, (e) SC, (f) IDEC, (g) FINCH, (h) DEKM, (i) SpectralNet, (j) N2D, (k) MADL,
and (1) SCDSC.

4.3.3. PaviaU Dataset

The clustering results of various methods on the PaviaU dataset are presented in Table 4
and Figure 7. We set f; = 3, B2 = 7, and use a filter window size of 7 x 7. According to
the Wilcoxon signed-rank analysis in Table A1, our method achieves statistically significant
improvements (py < 0.05) over most baselines in terms of OA and K, with higher mean values
across both metrics. More importantly, it achieves significant improvements in NMI over all
compared methods, showing a clear margin in both mean and stability, which highlights the
consistency and reliability of the learned representation even under severe class imbalance.

Table 4. Quantitative evaluation of different clustering methods on the dataset PaviaU. “~” indicates
out-of-memory during execution.

Class K-Means [45] FCM [46] SC[47] IDEC[48] FINCH [20] DEKM [49] SN [30] HyperAE [42] N2D [31]] MADL[19] SCDSC

1 92.44 99.98 100 96.53 99.98 77.04 95.17 - 88.66 99.55 93.64

2 47.75 88.99 100 3848 58.88 75.33 63.97 - 3215 70.83 57.67

3 0 0 0 0 0 1057 0 - 95.28 0 0

4 72.63 016 7376 9559 89.49 65.43 77.44 - 80.40 97.24 98.98

5 66.40 0 3918 76.68 100 93.42 100 - 80.00 99.96 100

6 3.92 0.02 0 53.16 44,04 2213 14.94 - 55.30 18.65 85.46

7 0 0 0 0 0 17.32 0.28 - 15.04 0 0

8 93.69 0 0 99.33 0 82.31 54.66 - 97.11 79.84 99.98

9 0 0 7624 14.20 0 68.00 94.41 - 89.50 9.10 4220
OA(%) Mean 50.97 5431 6730 5611 55.90 64.66 59.89 - 52.88 65.69 69.48
OA Std 0.01 0.02 0.00 3.39 0.00 494 487 - 5.66 3.07 8.02
NMI Mean 05926 03459 06905  0.6722 0.6510 0.6480  0.6408 - 0.6262 06511  0.7490
NMI Std 0.0001 00002 000 00193 0.00 0019  0.0313 - 0.0223 00260  0.0358

K Mean 0.3918 03491 05290 04811 04762 05408  0.4805 - 0.4551 05521 0.6250

K std 0.0004 0.0003  0.0001  0.0333 0.00 00509  0.0625 - 0.0285 00385  0.0892
Time (sec) Mean 22.09 534 29712 30153 38.01 839.60 11577 - 376.29 39185 32033
Time Std 077 049 9.20 348 0.64 75.04 0.84 - 54,09 17.96 531

The best results are highlighted in bold, and the second-best results are underlined.
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Figure 7. PaviaU dataset. (a) False-color image. (b) Ground truth and the clustering results obtained
by (c) K-means, (d) FCM, (e) SC, (f) IDEC, (g) FINCH, (h) DEKM, (i) SpectralNet, (j) N2D, (k) MADL,
and (1) SCDSC.

Opverall, our method achieves the best mean performance across OA, NMI, and C, with
a 3.79% improvement in OA compared with our preliminary work [19]. This demonstrates
the effectiveness of the model-aware basis representation and the structure-preserving
design in improving both discriminative power and clustering robustness. Due to the
dataset’s complex and highly mixed structure, all methods achieve OA values below 70%,
since accuracy-based metrics are easily affected by dominant-class bias. In contrast, our
superior NMI result indicates stronger global consistency and better inter-cluster separation,
making it a more reliable indicator on this dataset.

Spectral clustering achieves the second best performance, outperforming several deep
methods despite the large data volume. However, due to class imbalance, it tends to
detect only a few dominant clusters while ignoring minority ones. Our method also fails
to recognize two small classes for the same reason. Among deep models, data-driven
approaches such as DEKM, SpectralNet, and N2D show moderate results but less stability.
N2D performs particularly poorly since its clustering is conducted on fixed autoencoded
features without feedback to the encoder, relying solely on reconstruction rather than clus-
tering optimization. HyperAE again fails due to its O (n?) self-representation complexity,
whereas our linear basis-representation formulation remains efficient and scalable.

From the cluster maps, our method best aligns with the ground truth, accurately
distinguishing between bare soil and tree classes, while other methods often confuse
these classes. Benefiting from both local and non-local structure preservation, our results
exhibit smoother and more spatially consistent cluster boundaries. In terms of runtime,
our method runs faster than other deep clustering baselines such as MADL and DEKM
while maintaining a nearly linear growth trend relative to data size, consistent with the
observations on the previous datasets.

4.3.4. HYPSO-1 Dataset

The clustering results of various methods on the HYPSO-1 dataset are presented in
Table 5 and Figure 8. We set f1 = 3, B2 = 0.001, and use a filter window of size 3 x 3.
We choose a very small weight for the local structure term because the cloud and water
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regions exhibit relatively simple spatial patterns. Moreover, cloud areas often contain small
spots or holes that can be easily removed by spatial filtering, so assigning a large spatial
weight may distort these regions rather than preserve meaningful structure. According to
the Wilcoxon signed-rank analysis in Table A1, our method achieves statistically significant
improvements (py < 0.05) over all baselines in terms of OA and K, with a noticeably
large margin of over 3%. For NMI, although the difference is not statistically significant
compared with IDEC and MADL, our method still attains a higher mean value with a low
standard deviation of around 0.02. Although this standard deviation is larger than that of
MADL, it remains small overall, indicating stable clustering performance.

Table 5. Quantitative evaluation of different clustering methods on the HYPSO-1 dataset. “-”
indicates out-of-memory during execution.

Class K-Means [45] FCM [46] SC[47] IDEC [48] FINCH [20] DEKM [49] SN [30] HyperAE [42] N2D [31]] MADL[19] SCDSC

1 99.87 9901 6645 8873 96.98 97.75 4232 - 74.77 99.13 93.91

2 0.00 012 5292 8323 66.26 53.21 19.98 - 72.50 92.99 95.75

3 69.04 9365 8972 6419 94.04 37.06 76.25 - 61.52 60.59 71.83
OA(%) Mean 67.61 7766 7364 7734 75.79 63.59 52.30 - 68.75 81.81 84.96
OA Std 0.00 0.02 0.01 6.30 0.00 7.91 6.82 - 10.95 041 243

NMI Mean 05892 06102 04546  0.6064 0.4662 04250  0.2725 - 04221 06353 0.6380

NMI Std 0.00 00017 000  0.0566 0.00 01246  0.0753 - 0.0882 0.0048 00195

K Mean 04762 06237 05931  0.6592 05971 04430 02458 - 05308 07269  0.7739

K std 0.00 00003 000  0.1049 0.00 01373 0.1067 - 0.1647 0.0057  0.0340

Time (sec) Mean 6.88 3077 2135 14143 16.87 26237 63.10 - 110.59 14500  131.10
Time Std 037 1655 133 111 035 4872 193 - 055 2.09 3.66

The best results are highlighted in bold, and the second-best results are underlined.

(a) (b) () (d) () (f)
(® (h) M ) (k) )

Hl Sca I Land M Cloud
Figure 8. HYPSO-1 dataset. (a) False-color image. (b) Ground truth and the clustering results
obtained by (c) K-means, (d) FCM, (e) SC, (f) IDEC, (g) FINCH, (h) DEKM, (i) SpectralNet, (j) N2D,
(k) MADL, and (1) SCDSC.

Overall, our method achieves the best average performance across OA, NMI, and
K. We also observe that spectral clustering performs relatively well, while SpectralNet
obtains the worst results. This is perhaps because SpectralNet constructs its KNN graph
within mini-batches and approximates the spectral embedding using a neural network;
such a procedure makes its neighborhood structure unstable on high-dimensional HSI
data, resulting in substantially poorer performance than the global, closed-form spectral
clustering. The K-means and DEKM methods also fail to achieve good performance, likely
because the data distribution deviates from a spherical assumption and the thin cloud and
ground regions are highly mixed, leading to ambiguous class boundaries. Consequently,
FCM yields noticeably better performance in this scenario. IDEC, MADL, and our method
all perform relatively well, suggesting that refined probability estimation can effectively
capture the underlying data distribution. Our method further improves performance owing
to the more effective modeling of HSI structural characteristics.
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From the clustering maps, we can see that, due to the spatially homogeneous nature of
regions such as water and cloud, most methods already produce relatively smooth results.
Even so, our method aligns with the ground truth most closely, particularly in the ground
and cloud regions in the upper-right area. In terms of runtime, our method maintains linear
computational complexity and runs faster than IDEC, DEKM, and MADL, demonstrating
both its effectiveness and efficiency.

4.4. Ablation Study

In the ablation study, we analyze the effect of different parts of our model. Specifically,
we apply the basis-representation clustering model proposed in [18] as the baseline. We
then enhance this model by introducing a mini-cluster-based update scheme to preserve
the spectral structure. Finally, we integrate a local preservation module to further smooth
out noise and improve robustness. The parameter settings of our model are shown in
Table 6; the results are presented in Table 7.

Table 6. Hyperparameter settings for each dataset.

Dataset Learning Rate B1 B2 Smooth Window
Houston 0.0001 3 8 3x3

Trento 0.005 3 1 7x7

PaviaU 0.005 3 7 7x7
HYPSO-1 0.005 3 0.001 3x3

Table 7. Results of the ablation study.

Houston Trento PaviaU HYPSO-1
OA(%) NMI < OA(%) NMI K OA(%) NMI K OA(%) NMI K

Baseline 7253  0.7538 0.6555 8198 0.8607 0.7701 5419 0.6340 0.4638 83.72  0.6305 0.7563
L 7247 0.7619 0.6545 81.85 0.8611 0.7651 60.13 0.6744 0.5282 83.68 0.6302 0.7558
MC 7392  0.7843 0.6698 90.25 0.8898 08704 61.78 0.6743 0.5286 84.89  0.6369 0.7729
MC&L 7441  0.7902 0.6759 90.61 09101 0.8746 69.48 0.7490 0.6250 84.96  0.6380 0.7739

The best results are highlighted in bold. Baseline is the original basis representation model proposed in [18];

Model

L is the baseline model with local structure preservation; MC is the baseline model with non-local structure
preservation; MC&L is the baseline model with non-local and local structure preservation constraints.

The results from the ablation study indicate that applying only local structure preser-
vation improves NMI on the Houston, Trento, and PaviaU datasets. However, it slightly
reduces accuracy on the Houston, Trento, and HYPSO-1 datasets, possibly due to the occa-
sional smoothness in the original predictions. In contrast, applying only non-local structure
preservation enhances performance across all datasets and metrics. Combining local and
non-local structure preservation further boosts performance, as local structure preservation
helps propagate the benefits of non-local preservation. Considering both structures allows
for more effective learning of HSI structure compared to using either one alone.

4.4.1. Impact of the Number of FINCH Iterations

In our mini-cluster updating part, the algorithm FINCH [20] is applied for mini-cluster
generation. The number of mini-clusters decreases as the number of FINCH iterations
increases, as shown in Figure 9a. Meanwhile, the variance within each mini-cluster increases
with the number of FINCH iterations. The mean within-cluster variance within every mini-
cluster is calculated as shown in Figure 9b. We observe that from the second iteration,
the mean within-cluster variance starts to increase, indicating that there are more outliers
within the mini-clusters. Specifically, the clustering performance of mini-clusters generated
from different iterations is shown in Figure 10. We observe that the accuracy increases at
first and then decreases. Specifically, for the Houston and Trento datasets, we have the best
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performance after two iterations, and then it decreases, which corroborates the findings
related to variance. In conclusion, to ensure the quality of the mini-clusters and enhance
clustering performance, the mini-clusters generated after the second iteration are applied.
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Figure 9. Mini-cluster generation across FINCH iterations. (a) Mini-cluster number by number of
FINCH iterations, (b) Mini-cluster variance by number of FINCH iterations.
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Figure 10. Performance with mini-clusters generated by the number of FINCH iterations. (a) Houston,

(b) Trento, (c) PaviaU.

4.4.2. Impact of Mini-Cluster Updating

The parameter 1 controls the updating of the mini-cluster soft assignment, which is

important in the optimization. Here we compare the performance with different 8, values

on various datasets. The clustering results are shown in Figure 11.
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Figure 11. The impact of mini-cluster updating in clustering results. (a) Houston, (b) Trento, (c)
PaviaU.

From the graph, it is evident that either too large or too small values of 31 adversely
affect clustering performance. For example, a small 81 decreases the performance on the
Houston dataset. Meanwhile, a large 1 leads to a lower accuracy on the Trento dataset.
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Since different datasets exhibit varying sensitivities to 1, it is advisable to choose 31 values
between 3 and 5. In our experiments, we set 81 to three across all datasets.

4.4.3. Impact of Local Structure Preservation

To accommodate the diverse inner local structures of different datasets, distinct settings
are required for the local structure preservation module. To evaluate the influence of this
module, we integrate it into a mini-cluster optimization model with varying weights. The
clustering results with different local structure weights are shown in Figure 12.
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Figure 12. The impact of local structure preservation in clustering results. (a) Houston, (b) Trento, (c)
PaviaU.

The results show that the local structure preservation module effectively enhances
clustering performance. Additionally, the optimal weight parameters vary across different
datasets. For example, with simpler datasets like Trento, a small weight is adequate to
achieve smooth clustering. On the other hand, for more complex datasets like Houston or
PaviaU, a larger weight may be needed, typically within the range of [6, 10].

4.4.4. Impact of Patch Size

We conducted an additional ablation study (Figure 13) to analyze the influence of
different patch sizes [3, 5,7, 9, 11]. The results indicate that moderate patch sizes yield better
performance, while excessively large patches lead to a decline in performance. Notably,
all datasets achieved their best performance when the patch size was set to 7 x 7. This
validates the effectiveness of the chosen patch configuration and highlights its role in
achieving optimal clustering performance.

—— ACC —=— NMI x —— ACC —=— NMI K —— ACC —=— NMI x
0.80 T p 0.75 .
— T~ 0.90 B . T
0.75] =— /\\_ /\7 . H —~

- a e

0.75 0.55

Value
o
o
w
Value

3 5 9 11 3 5 9 11 3 5 9 11

7 7 7
Patch size Patch size Patch size

@) (b) (0)

Figure 13. Impact of patch size on clustering performance across different datasets. (a) Houston, (b)
Trento, (c) PaviaU.

4.4.5. Impact of the Number of Basis Vectors

We also conducted an ablation study (Figure 14) to evaluate the impact of different
numbers of basis vectors (3, 5,7, 9, 11, 13, and 15). The results indicate that although the
optimal choice varies slightly across datasets, using five basis vectors consistently yields
performance close to the best in all cases. This validates the effectiveness of the adopted
setting and provides insight into how the basis dimension influences clustering quality.
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Figure 14. Impact of the number of basis components on clustering performance across datasets. (a)
Houston, (b) Trento, (c) PaviaU.

4.4.6. Visualization of Embedded Representation and Soft Assignment

The t-distributed Stochastic Neighbor Embedding (t-SNE) [50] visualization of the
latent representation for the Houston and PaviaU datasets is shown in Figure 15. We com-
pare the original latent representation produced by the autoencoder with the representation
obtained by our proposed method. For the Houston dataset, the t-SNE visualization of
the autoencoder’s latent representation reveals significant overlap between some classes,
resulting in unclear decision boundaries. Additionally, the intra-class points are loosely
distributed, lacking tight clustering, which decreases the overall discriminative power.
Our proposed method enhances the representation quality, reducing class overlap and
improving intra-class compactness. For example, Class 2 is well separated as highlighted
in the red circle, leading to a more distinct and organized representation. Meanwhile, the
latent representation for the PaviaU dataset from the autoencoder shows unclear decision
boundaries, with many classes being mixed. In contrast, our method generates a more
discriminative representation, reducing the mixing of different classes, as illustrated by the
red circle, ultimately leading to better class separation.

Auto-encoder SCDSC

Auto-encoder

®

PaviaU dataset

Figure 15. Visualization of the latent representation with t-SNE on the Houston and PaviaU datasets.

Houston dataset

We also visualize the confusion matrix of the soft assignment matrix S, as shown in
Figure 16. Distinct block-diagonal structures can be observed, indicating that the proposed
model produces compact clusters with clear inter-cluster boundaries. A small amount of
mixing is observed between several clusters, which is reasonable and can be attributed
to class imbalance, high spectral similarity, or similar material compositions among adja-

cent classes.
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Figure 16. Visualization of S matrix on three datasets. (a) Houston, (b) Trento, (c) PaviaU.

4.4.7. Convergence Analysis

To validate our model’s convergence, we show the training curve on the datasets. The
results are shown in Figure 17. From these curves, we observe that as the training iterations
increase, the training loss decreases while the training accuracy increases, eventually
plateauing. This indicates that our model converges well.
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Figure 17. Training loss and accuracy curves on three datasets. (a) Houston, (b) Trento, (c) PaviaU.

5. Conclusions

In this paper, we present a concise review of model-based and deep clustering methods,
including both purely data-driven and model-aware approaches. Our primary contribution
is a scalable context-preserving model-aware deep clustering approach for hyperspectral
images. The proposed method learns the subspace basis under the supervision of both local
and non-local structures inherent to hyperspectral image data, allowing these structures to
mutually reinforce each other during training. Our approach achieves clustering with a
computational complexity of O(n), making it scalable for large-scale data. Unlike previous
state-of-the-art methods, in our method, both the local and non-local structure preservation
constraints optimize the entire clustering process in an end-to-end manner and provide
stronger guidance for model optimization. Experimental results on four benchmark hyper-
spectral datasets demonstrate that our method outperforms state-of-the-art approaches in
terms of clustering performance.
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Appendix A. Overall Wilcoxon Signed-Rank Results Across Datasets

We report two-sided Wilcoxon signed-rank p-values (py) from paired comparisons of
each method against our proposed SCDSC baseline (Target) over repeated trials. Smaller
Pw indicates stronger evidence of a difference from SCDSC.

Table A1. Wilcoxon signed-rank p-values (py) versus the proposed SCDSC method. Values are
formatted in scientific notation (p < 0.05 is marked with *, p < 0.01 with **).

Dataset Metric K-Means FCM sC IDEC FINCH DEKM SN HyperAE N2D MADL
OA 1.95x1073" 1.95x1073"" 586x107%"" 586x107%"  1.05x10°!  1.95x107%"" 195x107%"" 275x107! 1.95x1073""  1.93x10°!
Houston NMI  1.95x1073"" 1.95x1073" 1.95x1073""  695x10"!  645x1072  3.91x107%"" 195x107%"" 375x107! 3.91x103"" 4.88x10°2"
K 1.95x1073"  1.95x1073" 586x107%" 9.77x107%"  1.05x10°!  1.95x107%"" 1.95x107%"" 275x107' 3.91x1073""  131x10"!
OA 1.95x1073""  1.95x107%"" 1.95x1073"" 3.91x1073"" 1.95x1073"" 3.91x1073"" 3.91x1073"" - 1.95x1073"  5.86x1073""
Trento NMI  1.95x1073"  1.95x1073"" 1.95x107%"" 1.95x1073"" 1.95x1073"" 1.95x1073"" 1.95x1073"" - 1.95x1073"  5.86x1073""
K 1.95x10737" 1.95x1073""  1.95x1073"" 3.91x1073"" 1.95x1073"" 9.77x1073"" 3.91x1073" - 1.95x1073""  586x1073""
OA 1.95x107%""  1.95x1073""  322x107!  3.91x1073"" 1.95x1073""  2.32x107!  1.95x10°%" - 1.95x1073""  232x107!
PaviaU ~ NMI  195x107%"" 1.95x1073"" 1.95x1073"" 1.95x107®"" 1.95x1073"" 1.95x10~3"" 1.95x1073"" - 1.95x1073"  1.95x1073""
K 195x1073""  1.95x107%""  273x1072° 3.91x1073"" 1.95x1073""  1.05x107'  9.77x1073"" - 1.95x1073""  4.88x1072"
OA 1.95x103" 1.95x103" 1.95x103" 3.91x10%" 195x107%" 195x10%"" 1.95x10 %" - 1.95x103"  1.37x10°2"
HYPSO-1 NMI  1.95x103"" 586x1073" 1.95x1073"" 193x10"! 1.95x107%"" 1.95x107%"" 195x10-%"" - 1.95x1073"  4.92x10"
K 1.95x103" 1.95x1073" 1.95x1073"" 3.91x1073"" 195x103" 195x10°%"" 195x103"" - 1.95x103"  1.37x10°2"

Significance markers: * p < 0.05, ** p < 0.01. All significant p;, are shown in bold.
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