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Abstract

Multi-view clustering (MVC) for remote sensing data is a
critical and challenging task in Earth observation. Although
recent advances in graph neural network (GNN)-based MVC
have shown remarkable success, most prevalent approaches
have two major limitations: 1) heavily relying on a prede-
fined yet fixed graph, which limits the clustering performance
because the large number of indistinguishable background
samples contained in remote sensing data would introduce
noise information and increase structure heterogeneity; 2) ig-
noring the effect of confusing samples on cluster structure
compactness, which leads to fluffy cluster structure and de-
creases feature discriminability. To address these issues, we
propose a Structure-Adaptive Multi-View Graph Clustering
method named SAMVGC on remote sensing data, which
boosts the structure homogeneity and cluster compactness by
adaptively learning the graph and cluster structures, respec-
tively. Concretely, we use the geometric structure within the
feature embedding space to refine adjacency matrices. The
adjacency matrices are dynamically fused with the previous
ones to improve the homogeneity and stability of structure
information. Additionally, the samples are separated into two
categories, including the central ones (i.e., intra-cluster center
samples) and the confusing ones (i.e., inter-cluster boundary
samples). On this basis, to improve the cluster compactness
and consistency, we deploy the contrastive learning paradigm
on the central samples within views and the consistent learn-
ing paradigm on the confusing samples between views. Fi-
nally, we conduct extensive experiments on four benchmarks
and achieve promising results, well demonstrating the effec-
tiveness and superiority of the proposed method.

Introduction
Benefiting from advancements in unsupervised techniques,
remote sensing data clustering tasks have significantly al-
leviated the time-consuming and labor-intensive challenges
associated with large-scale sample labeling (Zhai et al. 2021;
Liu et al. 2025; Hu et al. 2024b). Mainstream clustering
methods for remote sensing data focus on learning discrimi-
native features to group each pixel into distinct clusters with-
out relying on labels. These techniques have been systemat-
ically applied across various fields, including land use mon-
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itoring, urban planning, and agricultural production (Guan
et al. 2024a, 2022; Ma et al. 2023; Liu et al. 2024a,c).

Over the past few decades, advancements in multimedia
collection capabilities have significantly increased the avail-
ability of multi-view remote sensing data, which has proven
beneficial for boosting the performance by utilizing com-
plementary knowledge from various data views (Yang, Liu,
and Liu 2022). Based on the differences in view informa-
tion, existing multi-view clustering (MVC) methods for re-
mote sensing data are primarily categorized into two types:
multi-feature-based and multi-source-based methods. Multi-
feature-based methods enhance the model’s ability to ob-
tain richer information by extracting various features from
remote sensing data, such as texture features and contour
features (Chen et al. 2022). However, these views fail to
capture the intuitive and rich surface features provided by
multi-source sensors (Cai et al. 2024; Zhang et al. 2024).
For example, optical images, including hyperspectral (HS)
and multispectral (MS) images, capture detailed spectral in-
formation about land covers, while synthetic aperture radar
(SAR) and digital surface model (DSM) images tend to pro-
vide terrain roughness features and height information that
describes the ground elevation of different objects. There-
fore, leveraging the complementarity of these data types is
beneficial for remote sensing data MVC (Shahi et al. 2022).
However, the high resolution and large scale of remote sens-
ing data present a challenge in effectively modeling the spa-
tial relationships that are beneficial to the clustering perfor-
mance.

Fortunately, multi-view graph clustering (MVGC) meth-
ods have emerged as a powerful approach to capture com-
plex dependencies and explore the intrinsic connectivity of
multi-view remote sensing data (Zhang et al. 2024; Liang
et al. 2024). Existing MVGC methods for remote sensing
data can be broadly categorized into classic graph-based
methods and graph neural network (GNN)-based methods.
Classic methods primarily learn the consensus graph with
different regularization terms on view-specific graphs, fol-
lowed by generating clustering results through algorithms
like spectral clustering (Cai et al. 2024). To learn more
robust and discriminative representation by deep learning,
GNN-based MVGC methods have attracted increasing re-
search enthusiasm. With the inherent ability to propagate
and aggregate information from further nodes, the latter
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group could capture a superior representation of both node
attributes and graph topology in multi-view data (Wang et al.
2024; Li et al. 2024c, 2023). Despite the tremendous suc-
cess of previous GNN-based MVGC methods, there still ex-
ist some inherent limitations: 1) the graph structure used
in the existing remote sensing data MVC methods is con-
structed by original data, which may contain noisy connec-
tions of heterogeneous background samples. However, these
methods fix the graph structure, which would result in erro-
neous edges that cannot be removed, introducing noise that
interferes with model training; 2) existing methods treat cen-
tral samples (i.e., intra-cluster center samples) and confus-
ing samples (i.e., inter-cluster boundary samples) equally,
ignoring the effect of confusing samples on cluster compact-
ness, which leads to a fluffy cluster structure and increases
the probability of selecting the erroneous samples for subse-
quent tasks oriented on clustering results.

To address the above challenges, we propose a Structure-
Adaptive Multi-View Graph Clustering framework named
SAMVGC to adaptively learn graph structure and cluster
structure, aiming to boost the structure homogeneity and
cluster compactness. Specifically, we first fuse all the views
and generate superpixels reflecting homogeneous regions as
anchors to explore consistent spatial information and sig-
nificantly reduce the data scale. Secondly, we use the geo-
metric structure within the feature embedding space to re-
fine adjacency matrices. The adjacency matrices are dynam-
ically fused with the previous ones, which adaptively re-
duces noisy edges in graphs and enhances the homogeneity
of graph structures. Subsequently, to learn cluster structure
adaptively, the samples are separated into two categories, in-
cluding the central and the confusing samples. For the cen-
tral samples, we utilize intra-view samples for contrastive
learning to improve clustering compactness. Meanwhile, we
encourage each confusing sample and the central samples to
produce consistency in both intra-view and inter-view per-
spectives. In summary, the main contributions are summa-
rized as follows:

• We propose a novel multi-view graph clustering frame-
work termed SAMVGC, which is the first attempt to
learn the graph structure and clustering structure adap-
tively on remote sensing data.

• We design a new superpixel-level node spatial correlation
optimization module, which dynamically learns graph
structure to mitigate interference from noisy connections
and enhances the homogeneity of graph structures.

• We design a novel clustering structure learning method,
which treats the central and confusing samples differ-
ently to improve clustering compactness and consistency.

• Extensive experiments on four widely used multi-view
remote sensing datasets have validated the effectiveness
and superiority of the proposed method.

Related Work
Deep Clustering for Remote Sensing Data
Deep clustering for remote sensing data aims to learn dis-
criminative features for grouping each pixel into distinct

clusters without relying on labels. Deep learning-based
clustering methods include autoencoder-based (Li et al.
2024b) and contrastive learning-based methods (Guan et al.
2024a,c). However, most remote sensing data clustering
methods are designed to deal with single data, which has
limitations in spatial resolution, spectral resolution, tempo-
ral resolution, and other factors that may not be sufficient to
meet the requirements of all applications (Yang, Liu, and
Liu 2022). To overcome these limitations, multi-view re-
mote sensing data clustering has emerged in recent years.
Compared with single-view data, multi-view data can be
utilized to train a more comprehensive representation and
achieve desirable results for clustering tasks. For example,
Guan el al. (Guan et al. 2024b) propose a multi-view con-
trastive learning network to promote consistency of features
between views. Liu et al. (Luo et al. 2024) design a self-
supervised joint method to constrain the consensus repre-
sentation of different views. Cai et al. (Cai et al. 2023) de-
sign the Transformer model combined with a prototype con-
trastive learning algorithm to extract deep features of multi-
view remote sensing data. However, there is no doubt that
some confusing samples would cause the position of the pro-
totype to shift, which negatively impacts the compactness of
the samples within the view. In contrast, we use central sam-
ples to compute the prototype to ensure its high quality. In
addition, we encourage each confusing sample and the cen-
tral samples to produce consistent similarity in both intra-
view and inter-view perspectives to improve consistency.

Multi-View Graph Clustering

To better explore the intrinsic connectivity of multi-view
data (Yuan et al. 2024a,b), graph-based methods are used
for MVC (Hu et al. 2024a; Qu et al. 2024; Xie et al. 2024;
Li et al. 2024d; Shen and Tang 2024; Shen et al. 2024). Early
methods primarily learn the consensus graph with different
regularization terms on view-specific graphs, followed by
generating clustering results through algorithms like spectral
clustering. Liu et al. (Liu et al. 2024b) construct a consistent
anchor graph that captures inter-view commonality and fil-
ters out view-specific noise. Li et al. construct an essential
similarity graph in a spectral embedding space to capture the
global consistent information among multiple views. The
former groups mainly focus on latent space learning by ex-
ploring pairwise local structures, but they are limited in their
ability to leverage the global information embedded in data.
Recently, GNN-based deep MVC methods have attracted in-
creasing research enthusiasm, aiming to learn more discrim-
inative representations. Xiao et al. (Xiao et al. 2023) propose
a dual fusion-propagation GNN to capture multiple informa-
tion among different views and then utilize them to refine the
results of MVC. Chen et al. (Chen et al. 2024) incorporate
the graph autoencoder with autoencoder into a unified fea-
ture learning framework that can effectively extract diverse
representations to learn deep useful features. Nevertheless,
these methods cannot be directly applied to complex remote
sensing data, as the graph in each view remains fixed, mak-
ing it difficult to correct erroneous edge connections in the
original graph.
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Figure 1: Illustration of the proposed SAMVGC. Initially, we select anchors based on the superpixel segmentation results and
extract deep features of the anchors via graph autoencoders. Next, the geometric structures within the feature embedding space
are utilized to refine adjacency matrices. Finally, the samples are categorized into central and confusing samples, enabling
differential processing to enhance compactness and consistency.

Methods
In this part, we present the proposed SAMVGC in detail. An
overview of SAMVGC is shown in Fig. 1.

Problem Definition
Given a set of multi-view remote sensing data X =
{X(v)}Vv=1, where V is the number of views, and each
X(v) ∈ RW×H×D(v)

represents a remote sensing data con-
sists of N = W × H pixels and D(v) feature dimensions.
We aim to learn a mapping function f : X(v) 7→ Z(v) ∈
RN×d(v)

for grouping each pixel into K distinct clusters
without relying on labels, where d(v) is the number of di-
mension of the latent features.

Superpixel-based Anchor Graph Contrustion
Anchor Selection Based on Superpixel Segmentation
The vast amount of data in remote sensing data demands
significant computational resources, making the clustering
task challenging. Existing MVC methods for handling large-
scale datasets typically rely on random anchors or K-means
methods, but the unlabeled nature of clustering often leads
to inconsistent label assignments. To address this issue, we
propose an anchor construction method based on superpixel
segmentation. By leveraging the spatial homogeneity inher-
ent in remote sensing data, we reduce computational com-
plexity by using superpixels as anchors. Specifically, we fuse
the features of all views, and then apply the efficient SLIC
segmentation method fSLIC(·) (Achanta et al. 2012) to gen-
erate superpixels with adaptive shape and size denoted as:

X̂(1), X̂(2), . . . , X̂(v) ← fSLIC

(
X(1)∥X(2)∥ . . . ∥X(v)

)
, (1)

where X̂(v) ∈ RM×D(v)

=
⋃M

i=1 x̂
(v)
i where M ≪ N

is the number of superpixels, x̂(v)
i is the i -th superpixel and

x̂
(v)
i ∩x̂(v)

j = ∅ when i ̸= j. Compared with other strategies,
it is promising to select anchors with spatial information.

Initially Graph Construction GNN requires an adja-
cency matrix as input, so we capture the nearest samples of
each anchor as neighbors and construct edges for them, with
element A(v)

ij ∈ RM×M defined as follows:

A
(v)
ij =

{
1, if x̂(v)

j ∈ Γ(x̂
(v)
i )

0, otherwise
, (2)

where Γ(·) denotes the top k nearest samples. The graph is
formulated as G(v) = {X(v),A(v)} for the v- th view.

Anchor Spatial Correlation Adaptive Refinement
Most existing methods assume A(v) is fixed, adversely im-
pacting the learning of representations in GNN. However,
the graph structure is constructed by original data, which
may contain noisy connections. Thus, we construct a local
neighborhood graph to approximate the manifold construc-
tion in the embedding space, preserving the local geometry
of neighborhoods. Specifically, we extract the feature Z(v)

and similarity matrix S
(v)
z :

S(v)
z =

〈
(Z(v))⊤,Z(v)

〉∥∥(Z(v))⊤
∥∥ ·

∥∥Z(v)
∥∥ , (3)

where ⟨·, ·⟩ refers to an inner product operation. Based on
S
(v)
z , we construct graph G(v) with its element:

g
(v)
i,j =

{
s
(v)
i,j if si,j ∈ Γ

(
S
(v)
i

)
0 otherwise

,

s.t. S(v) = S(v)
z − diag

(
S(v)
z

)
,

(4)
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where s
(v)
i,j is the (i, j)-th element of S(v), Γ

(
S
(v)
i

)
is the

the top k value of S(v) in the i-th row, diag (S(v)
z ) is a diago-

nal matrix. Then, we apply the self-loop operation (Topping
et al. 2022) to normalize G(v), and then symmetrize it:

g
(v)
i,j = g

(v)
j,i =

{
max

{
g
(v)
i,j , g

(v)
j,i

}
if i ̸= j

1 if i = j
, (5)

where max
{
g
(v)
i,j , g

(v)
j,i

}
selects the greater value, and we

can obtain the adjacency matrix A
(v)
z = D−1

z G(v) with its
degree matrix D

(v)
z . Then, we build a multilayer perceptron

layer parametrized by weight matrices W
(v)
A ∈ R2M×2 to

capture the relationship among A(v) and A
(v)
z with a nor-

malization operation, which can be formulated as:

U
(v)

=
[
u

(v)
z ∥u(v)

]
= ℓ2

(
Softmax

(
LReLU

([
A

(v)
z ∥A(v)

]
W

(v)
A

)))
,

(6)

where u
(v)
z and u(v) are the weight vectors with entries be-

ing greater than 0 for measuring the importance of A(v)
z and

A(v), respectively. Meanwhile, we fuse them as below:

A(v) = (u(v)
z 1)⊙A(v)

z + (u(v)1)⊙A(v), (7)

where ⊙ is the Hadamard product. Finally, we iteratively
conduct graph refinement to enhance the adjacency matrix,
adaptively optimizing the spatial correlation of anchors. The
optimization is performed every ip epoch.

Graph Autoencoder
To fully explore the topology of the constructed graph and
aggregate features from neighboring nodes, we deploy graph
encoders to capture features. Concretely, we utilize multi-
layer graph convolutional networks (GCN) as graph en-
coders and extract deep features. The procedure could be
defined as follows:

Z
(v)
(l) = σ(Ã(v)Z

(v)
(l−1)W

(v)
(l) + b

(v)
(l) ), (8)

where Ã(v) ∈ RM×M is the symmetric normalized Lapla-
cian matrix derived from A(v). Here, W(v)

(l) and b
(v)
(l) refer to

the learnable weight matrix and bias term in the l-th layer,
respectively. Z(v)

(l) denotes the hidden feature matrix of the l-
th layer in the v-th view. For each view, we define the input
feature in the first layer as Z(v)

(0) = X̂(v).
Within the graph auto-encoder module, we employ multi-

layer GCN as the decoder D(·) to reconstruct the original
features. The process of reconstruction is articulated as:

X̄(v) = D(Ã(v),Z(v) |Θ(v)
D ), (9)

where X̄(v) is the reconstruction features, Θ
(v)
D denotes

the learnable parameters of graph encoders. Therefore, the
superpixel-level reconstruction loss function could be de-
fined as:

LREC =

(v)∑
v=1

∥∥∥X̄(v) − X̂(v)
∥∥∥2
F
, (10)

where ∥·∥F represents the Frobenius norm.

Algorithm 1: The learning procedure of SAMVGC
Require: Multi-view remote sensing dataX , the number of neigh-

bors k and superpixels M , the rate of central samples α, and
the training epochs I

Ensure: Clustering results Y
/∗ Pre-processing stage ∗/

1: Initialize the parameters of the network
2: Contruct anchors by using superpixel segmentation
3: Construct initial adjacency matrix A(v) by Eq. (2)

/∗ Model Training Stage ∗/
4: for i = 1 to I do
5: Obtain features Z(v), ZF by Eq. (8) and Eq. (11)
6: Obtain C and Y from ZF with K-means by Eq. (12)
7: Divide central and confusing samples by Eq. (13)
8: Calculate reconstruction loss LREC by Eq. (10)
9: Calculate contrastive learning loss LHCL by Eq. (15)

10: Calculate consistency learning loss LLCE by Eq. (17)
11: Update parameters of the network by miniziming Eq. (18)
12: if i % 10 = 0 then
13: Update the adjacency matrix A(v) by Eq. (3)-Eq. (7)
14: end if
15: end for
16: return Clutering result

Cluster Structure Adaptive Learning
To adaptively learn compact and consistenct cluster struc-
tures, we design a compactness and consistency learning
module, which classifies the samples into central and con-
fusing samples. For central samples we use a prototype-
based contrastive learning method to enhance compactness
within clusters and for confusing samples we use consis-
tency learning between views to enhance consistency.

Compactness Enhancing for Central Samples To be
specific, we firstly fuse the views of the node features as
follows:
ZF = W1 ⊙Z(1) +W2 ⊙Z(2) + · · ·+Wv ⊙Z(v), (11)

where Wv ∈ RM×d̂ are trainable weight matrices to adap-
tively control the importance of features. And we employ
the K-means algorithm (Bauckhage 2015) to ascertain the
clustering centroid of the fused feature:

min
P,C

∥ZF −PC∥2, s.t. P1 = 1,P ≥ 0, (12)

where C = c1, . . . , cK ∈ RK×d̂ denotes the center matrix
of clustering and P ∈ RM×K is the cluster indicator matrix.
To select central samples and extract more reliable clustering
information, we calculate the distance between samples and
their clustering centers:

di = min
1≤k≤K,1≤i≤p(k)

∥zFi − ck∥22, (13)

where di denotes the distance between the i-th superpixel
embedding and the corresponding clustering center. The top
α samples are selected as central samples and the remaining
is the confusing sample. We then compute the prototype of
each cluster:

µ
(v)
k =

1

Mh
k

∑
i∈Mh

k

z
(v)
i , µF

k =
1

Mh
k

∑
i∈Mh

k

zFi ,

(14)
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where Mh
k is the number of central samples in the k-th clus-

ter, µk represent the cluster prototypes. Clustering proto-
types are more accurate after removing confusing samples.
We obtain a more compact cluster structure by using con-
trastive learning at the clustering prototype level:

LHCL =
1

K

K∑
k=1

(v)∑
v=1

−log
eθ(µ

(v)
k ·µF

k )

eθ(µ
(v)
k ·µF

k ) +
∑K

j=1 e
θ(µ

(v)
k ·µF

j )
,

(15)
where θ is the cosine similarity. By optimizing LHCL, we
can make the samples near the cluster centers more compact.

Consistency Learning for Confusing Samples While
confusing samples have a negative impact on contrastive
learning (Yang et al. 2023), we can develop consistency
learning to facilitate the exchange of knowledge between the
intra- and inter-view perspectives. Specifically, we calculate
the similarities between each central sample and these con-
fusing samples. Mathematically, for the i-th node represen-
tations from view v and fused view, the similarity scores of
the m-th confusing samples are

p
(v)
i =

eθ(z
(v)
i ,z

(v)
j )∑Mh

j=1 e
θ(z

(v)
i ,z

(v)
j )

, qFi =
eθ(z

F
i ,zF

j )∑Mh

j=1 e
θ(zF

i ,zF
j )

. (16)

With the intra- and inter-view similarity distributions p
(v)
i

and qF
i , we encourage their consistency to facilitate the

knowledge transfer and mutually enhance the feature seman-
tics. Formally, we define the consistency learning loss as

LLCE =
1

2M l

(v)∑
v=1

M l∑
i=1

(
KL(p

(v)
i ||qF

i ) + KL(qF
i ||p

(v)
i )

)
,

(17)
where M l is the number of confusing samples in each view
and KL(·||·) is the Kullback-Leibler (KL) divergence. We
thus combine intra- and inter-view information to improve
the clustering consistency and compactness.

The Overall Loss Function
In summary, we introduce a novel structure-adaptive MVGC
framework for remote sensing data. During the training
stage, the graph encoders, the compactness enhancing part,
and the consistency learning part are jointly optimized ac-
cording to the objective function as follows,

L = LREC + λ1 ∗ LHCL + λ2 ∗ LLCE. (18)

In the training phase, we minimize L to optimize the pro-
posed SAMVGC. Finally, we take the K-means on ZF to
obtain the clustering results for all samples. The detailed
learning procedure of SAMVGC is shown in Algorithm 1.

Experiments
Experiment Setup
Datasets Four open source datasets of remote sensing data
are used in the experiments, including the Trento, MUULF,
Augsburg, and MDAS datasets. The Trento and MUULF

Datasets Samples Clusters Views Features
Trento 30,214 6 2 63/2

MUUFL 53,687 11 2 64/2
Augsburg 78,294 7 3 180/4/1

MDAS 88,026 14 4 242/2/1/12

Table 1: Statistical details of the datasets.

contain two views: HS and LiDAR. The Augsburg dataset
contains three views: HS, SAR, and DSM. The MDAS
dataset is composed of sub-scenes of the complete dataset,
including four views: HS, MS, SAR, DSM. Table 1 briefly
introduces the basic information of the datasets.

Baseline Methods To demonstrate the effectiveness of our
proposed SAMVGC, we compare it with eleven state-of-
the-art methods, including classic MVC methods: FMVACC
(Wang et al. 2022), AWMVC (Wan et al. 2023), AMKSC
(Cai et al. 2024) and deep MVC methods MFLVC (Xu et al.
2022), MDC (Shahi et al. 2022), CVCL (Chen et al. 2023),
SDMVC (Xu et al. 2023), GCFAGG (Yan et al. 2023), TM-
PCC (Cai et al. 2023), MDFL (Li et al. 2024a), CMSCGC
(Guan et al. 2024b).

Implement Details To ensure an equitable comparison
between the proposed SAMVGC and these baselines, we
compute the average results from ten iterative runs under
identical experimental conditions, utilizing a 24GB RTX
3090 GPU and 64GB of RAM. We use a three-layer GCN
as the encoder and decoder of the graph, with the number
of hidden layers and output layers being 128, 256 and 512
respectively. We set λ1 and λ2 to 100 and 500 respectively
making the three losses on the same scale. And ip = 10 is
used in our model. For the baselines, we use the optimal pa-
rameters reported in the papers to derive the final results. To
clearly demonstrate the performance, we employ five eval-
uation metrics: accuracy (ACC), Kappa, normalized mutual
information (NMI), adjusted rand index (ARI) and Purity
(PUR) (Zhou et al. 2023, 2024; Tu et al. 2024, 2021; Xiao
et al. 2024a,b; Yu et al. 2025).

Quantitative Results
As reported in Table 2, we present the quantitative results
of the proposed SAMVGC in comparison with other com-
petitive MVC baselines. From the table, we draw the fol-
lowing key observations: 1) MVC algorithms designed for
remote sensing data are more accurate than generic MVC al-
gorithms averaged over four datasets. This is due to the fact
that remote sensing data need to take into account special but
important spatial information, and illustrates the importance
of the remote sensing MVC task; 2) taking the results of
several algorithms specifically designed for remote sensing
MVC tasks on the Trento dataset as an example, SAMVGC
significantly outperforms MDC, TMPCC and MDFL by
11.65%, 6.47%, and 9.03% ACC, respectively. These re-
sults provides substantial evidence for the superiority of our
approach and verify that SAMVGC can effectively learn
clustering-friendly features in the remote sensing MVC

16937



Datasets Metric MFLVC FMVACC MDC CVCL SDMVC GCFAgg AWMVC TMPCC MDFL CMSCGC AMKSC SAMVGC
CVPR22 NIPS22 JSTARS22 ICCV23 TKDE23 CVPR23 AAAI23 Inf.Sci23 AAAI24 TGRS24 TNNLS24 Ours

Trento

ACC 51.15±2.26 75.03±0.11 83.39±0.14 58.36±5.73 63.46±1.14 56.05±4.64 58.74±0.76 88.57±4.06 86.01±2.17 88.74±2.14 93.90±1.97 95.04±0.36
Kappa 30.23±2.17 25.96±0.02 78.54±0.18 48.23±6.34 48.34±1.26 42.25±4.99 18.30±0.15 87.09±6.65 69.45±1.19 88.59±2.16 91.85±2.58 93.59±0.35
NMI 40.49±1.96 55.81±0.37 76.48±0.21 53.01±5.61 39.13±1.04 47.78±4.78 42.07±0.97 82.26±4.91 59.90±1.77 85.05±2.88 88.21±1.20 93.36±0.49
ARI 28.24±1.18 60.86±0.17 71.20±0.17 40.78±6.13 38.22±0.11 32.92±5.95 37.31±0.59 90.24±3.33 60.23±1.55 82.45±2.19 92.83±1.94 93.75±0.66
PUR 51.31±1.13 77.76±0.02 84.46±0.16 73.12±3.47 63.46±0.54 57.36±4.00 67.42±0.09 90.20±2.52 76.01±2.24 90.05±1.92 93.90±1.75 95.52±0.37

MUUFL

ACC 39.66±2.13 41.46±0.13 42.74±0.76 34.28±2.26 39.77±1.04 40.44±1.99 45.52±0.69 48.23±4.21 36.74±2.00 43.77±1.69 46.48±4.17 50.50±1.50
Kappa 31.62±3.74 17.30±0.28 34.48±0.49 20.76±3.40 31.31±1.06 31.16±1.21 11.08±0.21 34.10±3.63 23.18±1.24 34.89±2.23 38.81±1.80 42.48±1.04
NMI 32.61±4.63 46.39±0.37 43.90±0.26 25.13±2.84 44.22±0.59 33.03±1.36 38.42±0.52 40.29±4.28 27.37±1.21 43.50±1.82 42.62±3.53 46.70±1.37
ARI 20.51±4.16 31.13±0.28 21.63±0.39 10.43±1.99 23.48±0.78 14.84±1.51 25.68±0.85 37.74±1.75 24.14±1.74 28.34±1.21 29.01±1.55 43.72±0.98
PUR 53.47±1.80 69.14±0.07 62.98±0.20 48.75±1.25 65.64±1.26 60.10±1.85 65.02±0.19 70.70±2.80 47.48±1.01 66.78±2.89 68.70±3.76 75.19±1.07

Augsburg

ACC 51.30±2.60 42.47±0.05 52.03±1.42 41.98±4.48 45.86±0.19 41.94±0.30 36.08±0.58 52.70±2.61 41.54±1.22 50.60±2.54 37.96±2.15 67.80±0.20
Kappa 34.45±3.09 8.92±0.04 25.60±2.16 17.13±9.88 16.92±1.29 28.57±1.25 15.18±0.27 43.27±1.82 14.36±1.51 35.37±2.14 23.93±3.36 47.99±0.29
NMI 30.31±2.80 27.82±0.04 22.28±1.69 15.95±8.16 16.29±2.19 23.89±1.27 29.47±0.11 42.34±2.88 14.53±2.16 43.35±1.54 28.70±0.64 55.21±0.24
ARI 21.43±2.62 22.61±0.06 19.72±2.18 24.35±6.07 26.12±0.12 16.31±0.46 17.21±0.82 48.07±1.54 6.64±1.69 44.33±1.66 17.77±1.11 48.18±0.27
PUR 59.66±2.59 65.19±0.06 53.56±1.43 42.82±5.67 45.92±1.20 58.52±3.39 65.95±0.27 75.59±1.12 52.18±1.66 69.67±1.69 57.78±1.09 78.88±0.99

MDSA

ACC 40.56±3.84 25.68±0.53 21.95±0.13 34.69±4.22 29.73±0.12 23.70±0.55 21.31±0.36 23.97±0.81 25.03±1.69 40.24±1.43 27.85±1.83 47.59±0.70
Kappa 13.21±6.92 1.46±0.02 12.50±0.27 4.81±2.87 11.74±0.04 14.17±0.11 11.28±2.68 6.71±0.54 11.96±2.04 20.99±2.10 18.62±1.43 28.85±0.64
NMI 9.49±4.73 14.81±0.00 17.05±0.58 6.18±2.16 9.55±0.06 16.96±1.16 15.94±0.05 14.51±1.04 12.93±3.35 25.95±1.22 24.23±0.38 35.09±0.87
ARI 7.03±5.01 2.93±0.01 4.59±0.22 1.33±0.68 2.89±0.19 5.05±0.57 4.00±0.15 19.60±1.33 5.97±3.10 25.95±1.77 12.47±0.97 35.59±0.57
PUR 51.76±1.07 49.46±0.00 51.93±0.19 49.45±0.01 49.69±0.05 53.87±1.42 52.15±0.02 54.13±0.81 32.78±2.83 60.84±0.44 59.01±0.05 66.30±0.55

Table 2: The clustering performance on four benchmark datasets (mean%±std%). The best and the suboptimal results in all the
methods are highlighted with bold and underline, respectively.
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Figure 2: Clustering maps on the Trento and Augsburg datasets. GT represents the ground truth.

tasks; 3) Compared with the two graph-based algorithms
CMSCGC and AMKSC, we surpass them by 6.3%/1.14%,
6.73%/4.02%, 17.2%/29.84%, and 7.35%/36.41% on four
datasets. It can be seen that the performance of SAMVGC on
the four datasets, especially datasets Augsburg and MDSA
with complex scenes, far exceeds them, which illustrates the
effectiveness of our proposed graph redefinition module and
consistency compactness module.

Visualization
To visualize the advantages of SAMVGC, we compare it in
terms of both clustering maps and T-SNE visualization.

Clustering Maps To provide a more intuitive comparison
among different methods, Fig. 2 illustrate the clustering re-
sults on the Trento and Augsburg datasets. It can be observed
that the common clustering methods have the noisiest clus-

tering maps with massive misclustering pixels. In compar-
ison, the remote sensing MVC methods produce smoother
clustering maps by effectively utilizing spatial information.
Further, the proposed SAMVGC obtains the smoothest clus-
tering maps with least noise, verifying that SAMVGC can
effectively learn clustering-friendly features.

T-SNE Visualization We also plot the distributions of the
learned embeddings reduced by t-SNE on the Trento dataset
in Fig. 3 to visually verify the validity of our proposed
SAMVGC. We can see that SAMVGC exhibits better sepa-
rability among different clusters, with improved aggregation
and diversity within the same cluster and a larger gap be-
tween different clusters, showcasing its ability to learn more
discriminative representations and effective cluster assign-
ments compared with competitive methods.
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Figure 3: The t-SNE on the Trento dataset.
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Figure 4: The model sensitivity analysis on Trento dataset.
(a) The two hyper-parameters α and k; (b) impact of M on
performance and running time.

Ablation Study
In this section, we conduct an ablation study to analyze
the impact of various components within the proposed
SAMVGC method. By selectively removing specific ele-
ments, we aim to evaluate their individual contributions
and understand their influence on the performance. Con-
cretely, “w/o GE”, “w/o LHCL” and “w/o LLCE” denotes the
two SAMVGC variants with the spatial correlation adaptive
refinement module, the central samples contrastive learn-
ing loss and the confusing samples consistency learning
loss being removed, respectively. As seen in Table 3, we
can find that: 1) when compared to “w/o GE”, SAMVGC
achieves 2.15%, 3.92%, 2.69% and 2.01% ACC gains on
four datasets, indicating the superiority of optimizing graph
structure learning, which can help models learn more ro-
bust graph structures; 2) compared to “w/o LHCL” and “w/o
LLCE”, SAMVGC produces ACC performance gains of
7.97% / 1.88%, 7.91% / 4.33%, 3.46% / 0.91%, and 2.61%
/ 1.35%. These results illustrate that the joint learning of the
two modules is better than that of each module alone.

Hyper-parameter Analysis
In this section, we study the sensitivity of hyper-parameters:
the number of nearest neighbors k, the rate of central sam-
ples a, and the number of anchors M on the Trento dataset.
As illustrated in Fig. 4(a), the performance exhibits a gradual
increase when the value of k ranges from 3 to 15, followed
by a slight decline. This indicates that a certain number of
neighbors can increase the model’s ability to capture spatial

Datasets Variants ACC Kappa NMI ARI PUR

Trento

w/o GE 92.89 91.14 90.48 85.60 93.41
w/o LHCL 87.07 86.30 82.71 80.99 88.18
w/o LLCE 93.16 91.51 90.98 86.04 93.78

Ours 95.04 93.59 93.36 93.75 95.52

MUULF

w/o GE 46.58 40.15 44.75 40.93 73.95
w/o LHCL 42.59 35.65 40.96 36.29 70.42
w/o LLCE 46.17 39.54 44.29 39.20 74.54

Ours 50.50 42.48 46.70 43.72 75.19

Augsburg

w/o GE 65.11 47.14 52.71 45.19 76.92
w/o LHCL 64.34 45.36 51.79 46.62 75.67
w/o LLCE 66.89 46.72 54.22 45.38 77.47

Ours 67.80 47.99 55.21 48.18 78.88

MDSA

w/o GE 45.58 26.48 34.21 34.25 66.14
w/o LHCL 44.98 25.84 33.35 35.25 65.66
w/o LLCE 46.24 28.22 34.28 35.14 66.90

Ours 47.59 28.85 35.09 35.59 66.30

Table 3: Ablation results of different variants.

information, but too many neighbors can introduce a certain
amount of noisy information leading to performance degra-
dation. Similarly, when α is small, a large number of confus-
ing samples affects the compactness of clustering. However,
a very large α would incur excessive time and space costs,
so we default to choosing 0.85 in our experiments to strike
a balance. The impact of M on maximum theoretical accu-
racies of superpixel segmentation are also demonstrated in
Fig. 4(b), which is calculated as the ratio of the number of
dominant pixels within the superpixel to the total number of
pixels within the superpixel. The results show that the max-
imum theoretical accuracies exceed 99% across the board.
Considering both runtime efficiency and actual accuracy, we
choose the values of M as 3500.

Conclusion
In this study, we propose a novel multi-view graph cluster-
ing framework named SAMVGC for remote sensing data.
Specifically, SAMVGC uses superpixel segmentation results
to select anchor points and uses graph autoencoder to cap-
ture deep features. Then, we utilize the geometric structure
within the feature embedding space to refine adjacency ma-
trices, which reduces noisy edges in graphs and enhances the
homogeneity of graph structures. Subsequently, we divide
the samples into central and confusing samples for differ-
ential treatment. For central samples, we utilize intra-view
samples for contrastive learning to improve clustering com-
pactness. For confusing samples, we encourage each sam-
ple and the central samples to produce consistent similarity
in both intra-view and inter-view perspectives. Experiments
show that SAMVGC can outperform other clustering meth-
ods on four multi-view remote sensing datasets.
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