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Abstract

Multi-view graph clustering (MVGC) for remote sensing data
has gained increasing attention due to its ability to integrate
complementary information across modalities while captur-
ing spatial dependencies in heterogeneous data. Although
current methods based on graph contrastive learning achieve
strong performance, they often misidentify intra-cluster sam-
ples as negatives, leading to class conflicts and reduced clus-
tering accuracy. Graph masked autoencoders have recently
shown promising potential in learning robust representations
through masked reconstruction, but their application to re-
mote sensing data remains underexplored. This challenge
is especially notable in the multi-view remote sensing set-
ting, where high heterogeneity and complex spatial struc-
tures increase the difficulty of effective representation learn-
ing. To address these issues, we propose Clustering-Guided
graph Mask AutoEncoder (CG-MAE), the first framework
to extend graph masked autoencoders to multi-view remote
sensing clustering. We introduce a clustering-guided mask-
ing strategy that selectively masks nodes near cluster cen-
ters and intra-cluster edges, which are crucial for capturing
key structural information. By reconstructing these masked
components, the model is encouraged to focus on learning
features that are highly relevant to clustering. To further im-
prove training stability and efficiency, we design an easy-to-
hard node masking strategy that enables the model to grad-
ually learn from increasingly challenging patterns. Addition-
ally, we propose a dual self-adaptive learning mechanism that
encourages the model to align more closely with the under-
lying semantic distributions. Extensive experiments on four
widely used multi-view remote sensing datasets demonstrate
that CG-MAE consistently outperforms state-of-the-art meth-
ods in both clustering accuracy and representation quality.

Introduction
Unsupervised clustering of remote sensing data has drawn
increasing attention, as it offers a promising way to al-
leviate the high costs of manual annotation (Guan et al.
2024c). Early work in this field primarily focused on single-
view data (Guan et al. 2024a), while advancements in satel-
lite technologies have enabled mature multi-source Earth
observation systems. Diverse data modalities (Guan et al.
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2025a; Liu et al. 2023) such as multispectral (MS), hyper-
spectral (HS) imagery, light detection and ranging (LiDAR),
and synthetic aperture radar (SAR) can now been acquired.
These multi-view data provide complementary information
that can significantly enhance clustering performance (Guan
et al. 2025b). For instance, LiDAR data contributes crucial
3D geometric information, effectively disambiguating spec-
trally similar objects.

Existing multi-view clustering (MVC) methods for re-
mote sensing data can be broadly categorized into traditional
approaches (Zhang et al. 2025b) and deep learning-based
techniques (Liu and Chang 2025; Peng et al. 2025). Tra-
ditional methods, such as distance-based, graph-based (Cai
et al. 2024), and subspace-based approaches (Chen et al.
2022), often formulate clustering as an optimization prob-
lem to seek an optimal solution. However, these shallow-
feature models struggle to capture the highly nonlinear and
complex distributions inherent in data modalities like Li-
DAR and HS imagery. In contrast, deep learning-based
methods have demonstrated great potential due to their pow-
erful representation learning capabilities. Common architec-
tures include convolutional neural networks (CNNs) (Shahi
et al. 2022), Transformers (Cai et al. 2023), and graph con-
volutional networks (GCNs) (Guan et al. 2024b). Due to
its inherent network architecture, CNNs are limited to cap-
turing local spatial information and struggle to fully lever-
age global contextual dependencies (Guan et al. 2022). In
contrast, Transformers have emerged as a powerful alter-
native by overcoming the restricted receptive fields of tra-
ditional CNNs and enabling long-range dependency mod-
eling. However, the quadratic computational complexity of
standard Transformers poses significant challenges for pro-
cessing large-scale remote sensing data. On the other hand,
GCNs have gained prominence for their ability to aggregate
information from neighboring nodes, making them particu-
larly suitable for addressing the strong heterogeneity of re-
mote sensing data (Guan et al. 2025d).

Recent GCN-based MVC approaches often rely on con-
trastive learning (Guan et al. 2024b), which encourages pos-
itive samples to cluster closely while pushing apart nega-
tive samples. While effective, these methods face signifi-
cant challenges in constructing reliable positive and negative
pairs for complex remote sensing data. Mislabeling the sam-
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ples within the same cluster as negative samples may lead
to severe class conflicts. Graph autoencoders represent an-
other mainstream paradigm, aiming to enhance feature rep-
resentations by reconstructing input data. To further improve
this, graph masked autoencoders (Hou et al. 2022) have been
proposed, which mask a subset of nodes or edges and learn
to reconstruct them, thereby improving representation ro-
bustness. However, applying such models to remote sensing
clustering remains challenging. On one hand, remote sens-
ing data often exhibit high heterogeneity and complex spa-
tial structures, which make it difficult to construct graph rep-
resentations that preserve meaningful information. On the
other hand, clustering tasks lack explicit supervision signals,
making it nontrivial for graph masked autoencoders to iden-
tify and reconstruct features that are truly relevant for clus-
tering.

To address these challenges, we propose a clustering-
guided graph masked autoencoder (CG-MAE) for multi-
view remote sensing data clustering. Our approach first ap-
plies superpixel segmentation to partition remote sensing
images into irregular regions, reducing computational over-
head and constructing superpixels as graph nodes. We then
introduce a novel clustering-guided masking strategy that
selectively masks nodes near cluster centers and intra-cluster
edges—structures most critical for clustering. By recon-
structing these masked elements, the model learns to ex-
tract and emphasize key clustering-relevant features. Fur-
thermore, we design an easy-to-hard masking curriculum for
nodes, facilitating smoother model training. Finally, we pro-
pose a dual self-adaptive learning to encourage more accu-
rate and semantically meaningful reconstructions. Extensive
experiments and visualization results demonstrate the supe-
rior performance of our method across multiple remote sens-
ing datasets. The main contributions of this work are sum-
marized as follows:

• To the best of our knowledge, this is the first work to ex-
plore graph masked autoencoders for multi-view remote
sensing data clustering.

• We propose a clustering-guided graph masked autoen-
coder that selectively masks key nodes and edges, en-
couraging the model to focus on extracting clustering-
relevant features.

• Extensive experiments on four benchmark multi-view re-
mote sensing datasets demonstrate the effectiveness and
superior performance of the proposed approach.

Related Work
Deep MVGC for Remote Sensing Data
Multi-view information has attracted considerable attention
from researchers (Zhou et al. 2025; Xiao et al. 2025; Feng
et al. 2025; Yang et al. 2025; Hu et al. 2024a), as it enables
complementary perspectives—such as terrain, spectral, and
other modalities—to enhance clustering tasks (Wang et al.
2024a, 2025b; Guan et al. 2025c; Hu et al. 2024c). Exist-
ing graph-based MVC approaches can generally be catego-
rized into traditional methods (Cao et al. 2025a,b) and deep
learning-based methods (Guan et al. 2024b, 2025d). While

traditional algorithms provide objective optimization for
problem-solving, they are limited in their ability to extract
deep representations from the data. To address this, deep
MVGC techniques have emerged, particularly those lever-
aging contrastive learning. For instance, CMSCGC (Guan
et al. 2024b) integrates contrastive learning with subspace
clustering to make an initial attempt at deep MVC in this
context. Wang et al. (Wang et al. 2024b) design multi-
level graph contrastive learning to combine multi-view in-
formation for feature extraction. Guan et al. (Guan et al.
2025d) introduce the concept of confusing samples to de-
sign a contrastive learning module that optimizes the clus-
tering structure for multi-view remote sensing data. Simi-
larly, SEC-LSRM (Guan et al. 2025b) proposes a contrastive
framework that employs block-diagonal and idempotent-
constrained affinity matrices as sampling matrices to gener-
ate positive and negative sample pairs. However, contrastive
learning-based methods often suffer from high computa-
tional complexity and difficulties in constructing accurate
positive and negative sample pairs, which can easily lead to
class conflict issues. We first implement the application of
graph masked autoencoders on a multi-view remote sensing
dataset and achieve excellent clustering performance.

Graph Masked Autoencoders
Graph masked autoencoders are advanced forms of GAEs
that boost the feature extraction capability and robustness by
reconstructing masked data (Zhuo et al. 2024). Early graph
autoencoder-based approaches are mainly categorized into
two types in terms of reconstruction: either at the feature
level (Hou et al. 2022; Shi et al. 2023; Wang et al. 2024c)
or at the structure level (Li et al. 2023). The most notable
ones among them are GraphMAE (Hou et al. 2022) and
MaskGAE (Li et al. 2023). GraphMAE designs a re-masked
strategy to further mask the encoded features, aiming to en-
hance the robustness of the decoder. Meanwhile, MaskGAE
employs structure and degree dual autoencoders to make
full use of structural information for guiding the reconstruc-
tion. Later methods usually design more sophisticated mask-
ing strategies to improve the representation ability of the
model. For instance, AUG-MAE (Wang et al. 2024c) devises
a masked learning method from easy to difficult, generating
the mask probability of each node via the mask generator of
the graph neural network to control the model learning pro-
cess. Hi-GMAE (Liu et al. 2024) constructs a multi-scale
graph hierarchy through graph pooling and conducts multi-
level masking and unpooling. Duan et al. (Duan, Yu, and
Xie 2024) design graph view, masked view, diffusion view,
and masked diffusion view and promote consistency learn-
ing between views to improve the model’s feature extraction
capability. Moreover, there are also some methods that com-
bine masked GAE and contrastive learning regularization.
For example, UGMAE (Tian et al. 2024) masks the edges
and features separately and employs the momentum encoder
to extract the difference features for contrastive learning.

Methods
In this section, we present the proposed Clustering-
Guided Graph Mask Autoencoder (CG-MAE) in detail. An
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Figure 1: Illustration of the proposed CG-MAE. We propose a clustering-guided masking strategy that focuses on reconstructing
nodes and edges critical to clustering, encouraging the model to learn more discriminative representations. To further enhance
learning stability, a dual self-adaptive learning module is designed to guide the model toward better semantic alignment.

overview of the architecture is illustrated in Fig. 1.

Notations
Let X(v) ∈ RW×H×D(v)

denote the multi-view remote
sensing data, where W and H represent the spatial dimen-
sions, D(v) is the number of spectral bands in the v-th view,
and N = W × H denotes the total number of pixels. To
reduce computational overhead, we use the SLIC segmenta-
tion (Achanta et al. 2012) method on the fusion view XF =
X(1)∥X(2)∥ . . . ∥X(v) to segment the HSI into superpixels
Z(v) =

⋃M
i=1 z

(v)
i , where z

(v)
i = 1

Ni

∑Ni

j=1(x
(v))ji repre-

sents the i-th superpixel in the v-th view, (x(v))ji denotes
the j-th element in z

(v)
i , M is the number of superpixels, Ni

is the number of pixel in x̂
(v)
i , where z(v)i ∩z

(v)
j = ∅, ∀i ̸= j

and
∑M

i=1Ni = N . The superpixel segmentation results are
shared across each view. The number of superpixelsM after
segmentation is much smaller than the number of pixels N .

Given that superpixels represent higher-level semantic
units, and to effectively capture spatial dependencies, we
construct a graph structure to model the relationships among
them. Specifically, we define an undirected graph G(v) =
(V(v), E(v)), where V(v) = {vi}Mi=1 denotes the node set,
E(v) the edge set, and Z(v) ∈ RM×D(v)

the node feature
matrix. To build the adjacency matrix A(v) ∈ RM×M , we
compute the pairwise similarity between superpixel features
and connect each node to its k nearest neighbors. The simi-
larity is computed using a Gaussian kernel as:

u
(v)
ij = exp

(
−
∥z(v)i − z

(v)
j ∥22

2σ2

)
, ∀i, j = 1, 2, . . . ,M,

(1)

where σ is a bandwidth parameter controlling the sensitiv-
ity of the kernel. The binary adjacency matrix A(v) is then
constructed such that A(v)

ij = 1 if an edge exists between

nodes v(v)
i and v

(v)
j , and 0 otherwise. To prepare the graph

for message passing, we perform symmetric normalization
on the adjacency matrix as follows:

Ã(v) = D(v)−
1
2 (A(v) + I)D(v)−

1
2 , (2)

where I is the identity matrix added to include self-loops,
and D(v) is the diagonal degree matrix of the v-th view.

Clustering-Guided Key Feature Masking
Certain regions in remote sensing data contain crucial spa-
tial structures that significantly influence clustering perfor-
mance. Identifying and leveraging these key nodes is es-
sential for learning effective representations. However, ex-
isting graph mask autoencoders often adopt random mask-
ing strategies, ignoring the structural importance of specific
nodes, which leads to suboptimal clustering performance.

To address this issue, we propose a clustering-guided
masking strategy that incorporates both structural and se-
mantic information. Specifically, we introduce a mask gen-
erator MΦ(·) based on graph neural networks, which es-
timates the importance of each node. The resulting mask
probability for view v is denoted as: prob(v)gnn = MΦ(G(v)).

In parallel, we compute a clustering-based mask prob-
ability vector prob(v)clu by evaluating the similarity be-
tween each node and its assigned cluster center C(v) =[
c
(v)
1 , c

(v)
2 , . . . , c

(v)
K

]⊤
. Nodes closer to the cluster center are
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more likely to be masked:

pclu
(v)
i =

exp
(
−∥z(v)i − c

(v)
yi ∥2/σ̂2

)
∑

zj∈C(v)
yi

exp
(
−∥z(v)j − c

(v)
yi ∥2/σ̂2

) , (3)

where yi is the pseudo label of node i and prob
(v)
clu =[

pclu
(v)
1 , pclu

(v)
2 , . . . , pclu

(v)
M

]⊤
.

To stabilize training, we adopt an easy-to-hard curriculum
strategy inspired by (Wang et al. 2024c). At the early train-
ing stage, the model primarily masks nodes near the cluster
center to focus on easier samples. Over time, the masking
gradually shifts toward harder edge nodes to enhance the
model’s discriminative power. The dynamic blending of the
two masking strategies is controlled by:

prob(v)(t) = (1− ψ(t)) · prob(v)clu +ψ(t) · prob
(v)
gnn(t), (4)

where prob(v)(t) is the final masking probability at epoch t,
and ψ(t) is the scheduling weight defined as:

ψ(t) = ψ0 +

(
t

T

)η

· (ψT − ψ0), (5)

where ψ0 and ψT are the initial and final weights, T is the
total number of epochs, and η controls the growth rate.

We then use the Gumbel-Softmax trick to generate a bi-
nary mask vector m(v) ∈ {0, 1}M :

m
(v)
i = Sigm

(
1

τ

(
log

(
prob

(v)
i

1− prob
(v)
i

)
+ (ϵ0 − ϵ1)

))
,

(6)
where ϵ0, ϵ1 ∼ Gumbel(0, 1), Sigm(·) is the sigmoid activa-
tion function and τ is the temperature parameter. The final
masked node features are given by:

z̃i =

{
z[MASK] if vi ∈ Ṽ,
zi otherwise,

(7)

where Ṽ is the set of masked nodes. We then apply graph
encoders to process the masked features:

H
(v)
(l) = σ

(
Ã(v)H

(v)
(l−1)W

(v)
(l) + b

(v)
(l)

)
, (8)

where W(v)
(l) and b

(v)
(l) denote the learnable weight and bias at

layer l, and H
(v)
(0) = Z̃(v) is the input masked feature matrix.

Following the setup in GraphMAE (Hou et al. 2022), a
decoder is used to reconstruct the masked node features. The
reconstruction loss is defined as:

LFR =
1

|Ṽ|

V∑
v=1

∑
i∈Ṽ

1− z
(v)
i

⊤
ẑ
(v)
i

∥z(v)i ∥ · ∥ẑ(v)i ∥

γ

, γ ≥ 1,

(9)
where γ is a scaling factor that adjusts the sensitivity of the
reconstruction loss and Ẑ(v) represent the reconstructed fea-
tures.

Homogeneous Edge Masking
As discussed previously, random edge masking suffers from
several limitations. In many graph-based remote sensing
models, the adjacency structure is constructed purely based
on nearest-neighbor relationships in feature space. This
often leads to the inclusion of numerous heterogeneous
edges—i.e., edges connecting samples from different se-
mantic clusters—which may hinder meaningful message
propagation and ultimately degrade clustering performance.

To mitigate this issue, we propose a homogeneous edge
masking strategy aimed at enhancing structural consistency
in the graph. Specifically, we first encode the input features
Z(v) to obtain latent representations H(v)

ori and perform clus-
tering to partition all nodes into K clusters. We then define
homogeneous edges as those connecting nodes within the
same cluster, and use them to construct a homogeneous ad-
jacency matrix A

(v)
c . Since clustering outcomes can be un-

stable, we apply multiple K-Means clustering runs to im-
prove robustness. The final homogeneous adjacency matrix
is defined as the intersection of the individual clustering ad-
jacency matrices:

A(v)
c = A

(v)
c1 ∩A

(v)
c2 ∩ · · · ∩A(v)

cn . (10)

Based on the original adjacency matrix A(v) and the re-
fined homogeneous matrix A

(v)
c , we partition the edge set

into two disjoint subsets: homogeneous edges Ẽ(v) and het-
erogeneous edges Ê(v). Our goal is to encourage reconstruc-
tion of the former while suppressing the latter. To this end,
we introduce a single-layer multilayer perceptron decoder
fD on masked representation H(v) to reconstruct pairwise
edge connections. The edge prediction score is defined as:

s
(v)
n,n′ = Sigm

(
fD

(
h(v)
n ,h

(v)
n′

))
, (11)

where s(v)n,n′ denotes the predicted probability of an edge ex-
isting between node n and node n′.

The edge reconstruction loss is then formulated as:
LER =

∑V
v=1

(
− 1

|Ẽ(v)|

∑
e
(v)

nn′∈Ẽ(v) log s
(v)
n,n′ − 1

|Ê(v)|

∑
e
(v)

ll′ ∈Ê(v) log
(
1− s

(v)
l,l′

))
.

(12)
This loss encourages the model to reconstruct edges be-

tween semantically similar nodes while penalizing the re-
construction of spurious heterogeneous connections, thereby
improving the structural quality of learned graphs.

Dual Self-Adaptive Learning
To further enhance feature consistency and improve the
model’s representation capability, we propose a dual self-
adaptive learning module. Specifically, we encourage the
feature distributions of the original graph G(v) and the
masked graph G̃(v) to remain consistent.

We begin by transforming the feature matrix H(v) into a
probability distribution using the Student’s t-distribution:

q
(v)
ij =

(
1 +

∥∥∥h(v)
i − c

(v)
j

∥∥∥2 /ζ)− ζ+1
2

∑
j′

(
1 +

∥∥∥h(v)
i − c

(v)
j′

∥∥∥2 /ζ)− ζ+1
2

, (13)
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where ζ is the degrees of freedom parameter of the distribu-
tion. Let Q(v) denote the matrix with entries q(v)ij . Then, we
compute the target distribution P(v) from Q(v) as follows:

p
(v)
ij =

q
(v)
ij

2
/
∑

i q
(v)
ij∑

j′ q
(v)
ij′

2
/
∑

i q
(v)
ij′

. (14)

Additionally, we encode the unmasked graph G(v) using a
shared encoder fE followed by a softmax operation:

H
(v)
ori = Softmax(fE(G(v))). (15)

To enforce dual consistency, we minimize the Kull-
back–Leibler divergence between the target distribution
P(v) and both the soft cluster assignment Q(v) and the orig-
inal output H(v)

ori :

LKL =
V∑

v=1

KL
(
P(v)∥Q(v)

)
+

V∑
v=1

KL
(
P(v)∥H(v)

ori

)
=

V∑
v=1

∑
i

∑
j

(
p
(v)
ij log

p
(v)
ij

q
(v)
ij

+ p
(v)
ij log

p
(v)
ij

z
(v)
oriij

)
.

(16)

The Overall Loss Function
In summary, we introduce a novel masked MVGC frame-
work for remote sensing data. During the training stage,
the feature reconstruction loss, edge reconstruction loss and
dual self-adaptive learning constraint are used to jointly train
the model as follows,

L = LFR + λ1 ∗ LER + λ2 ∗ LKL. (17)

In the training phase, we minimize L to optimize the pro-
posed CG-MAE.

Experiments
Experiment Setup
Datasets To evaluate the proposed method, we conducted
experiments on four multi-view remote sensing datasets:
Trento, Salinas, XuZhou and MDAS. The Trento dataset
contains LiDAR, DSM, and HS imagery, with a spatial size
of 600 by 166 pixels, six land-cover classes, and 30,214 la-
beled samples. The Salinas dataset includes HS, EMP, and
Gabor features, covering 512 by 217 pixels with 16 land-
cover categories and 54,129 samples. The XuZhou dataset
consists of HS, EMP, and Gabor modalities, with a size of
500 by 260 pixels, nine land-cover types, and 68,877 sam-
ples. The MDAS dataset provides SAR, MS, HS, and DSM
data, all aligned at 300 by 360 pixels, containing nine cate-
gories and 88,026 samples.

To evaluate the effectiveness of our proposed CG-MAE,
we compare it with fifteen state-of-the-art MVC methods,
including MFLVC (Xu et al. 2022), FMVACC (Wang et al.
2022), MDC (Shahi et al. 2022), CVCL (Chen et al. 2023),
SDMVC (Xu et al. 2023), GCFAgg (Yan et al. 2023),
AWMVC (Wan et al. 2023), TMPCC (Cai et al. 2023),

MDFL (Li et al. 2024), CMSCGC (Guan et al. 2024b),
AMKSC (Cai et al. 2024), CDD (Liu and Chang 2025),
DMAC (Wang et al. 2025a), ESTMC (Ji and Feng 2025)
and SAMVGC (Guan et al. 2025d).

Implement Details To ensure a fair and objective com-
parison between the proposed CG-MAE and baseline algo-
rithms, all experiments are conducted on a server equipped
with an NVIDIA RTX 3090 GPU and 64 GB RAM. Each
method is independently run ten times, and the average re-
sults are reported to mitigate the impact of randomness. The
proposed model is trained using the Adam optimizer with
a learning rate of 1 × 10−3 for 200 epochs. Both the en-
coder and decoder adopt the GCN architecture, with the
hidden layer dimension set to 512. After thorough hyper-
parameter tuning, α is set to 50. For the Trento, Salinas,
XuZhou, and MDAS datasets, the number of superpixel
neighbors k is set to 40, 30, 10, and 10, respectively, and
the number of superpixels M is set to 7000, 3500, 1000,
and 3500, respectively. In Eq. 17, the parameters λ1 and
λ2 are assigned as follows: 0.01/1000, 10/1000, 0.1/0.1,
and 0.01/1, respectively. To quantitatively evaluate cluster-
ing performance, five commonly used metrics are adopted:
Accuracy (ACC), Kappa coefficient, Normalized Mutual In-
formation (NMI), Adjusted Rand Index (ARI), and Purity
(PUR) (Zhang, Zhang, and Yuan 2024; Zhang et al. 2025a;
Fang et al. 2025; Hu et al. 2024b; Meng et al. 2024b,a).

Quantitative Results
Table 1 reports the clustering performance of our CG-
MAE and several representative comparison methods on
four datasets. CG-MAE consistently achieves the best
results, significantly outperforming all baselines. 1) Deep
MVC methods generally surpass traditional ones. For
instance, TMPCC, CMSCGC, and SAMVGC outperform
FMVACC and AWMVC due to their capacity to capture
complex nonlinear structures, enhancing robustness and
discriminability. 2) Remote sensing-oriented models usually
perform better than general-purpose approaches. TMPCC
and CMSCGC achieve superior results by leveraging strong
spatial correlations and handling complex noise patterns. 3)
TMPCC, CMSCGC, and SAMVGC show relatively strong
performance, with TMPCC and CMSCGC being remote
sensing-specific deep models, and CMSCGC and SAMVGC
adopting graph-based strategies. Despite their strengths,
CG-MAE outperforms all of them across datasets. Notably,
on Salinas, CG-MAE improves ACC by 37.09%, 12.55%,
and 15.02% over TMPCC, CMSCGC, and SAMVGC,
respectively. Similar gains are observed on Trento
(7.02%/6.85%/0.55%), XuZhou (21.02%/11.36%/7.66%),
and MDAS (25.12%/8.85%/1.50%). These results demon-
strate the superior robustness of CG-MAE and validate the
effectiveness of the proposed modules.

Visualization
To visually demonstrate the effectiveness of CG-MAE, we
present the clustering results of various algorithms on the
Trento and XuZhou datasets, as illustrated in Fig. 2. It can
be observed that several traditional MVC methods, such as
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Method Trento XuZhou
ACC Kappa NMI ARI PUR ACC Kappa NMI ARI PUR

MFLVC 51.15±2.26 30.23±2.17 40.49±1.96 28.24±1.18 51.31±1.13 39.66±2.13 31.62±3.74 32.61±4.63 20.51±4.16 53.47±1.80
FMVACC 75.03±0.11 25.96±0.02 55.81±0.37 60.86±0.17 77.76±0.02 50.20±0.48 31.74±0.58 30.42±0.67 35.48±0.49 52.71±0.85

MDC 83.39±0.14 78.54±0.18 76.48±0.21 71.20±0.17 84.46±0.16 56.90±2.50 47.14±2.93 50.07±1.45 48.32±2.61 66.12±1.74
CVCL 58.36±5.73 48.23±6.34 53.01±5.61 40.78±6.13 73.12±3.47 38.95±1.44 29.32±2.53 35.86±1.68 19.67±1.43 59.62±1.55

SDMVC 63.46±1.14 48.34±1.26 39.13±1.04 38.22±0.11 63.46±0.54 59.89±0.03 51.08±0.06 58.10±0.04 55.78±0.02 67.65±0.01
GCFAgg 56.05±4.64 42.25±4.99 47.78±4.78 32.92±5.95 57.36±4.00 68.84±0.45 61.53±0.52 63.92±1.49 63.25±0.75 77.46±0.67
AWMVC 58.74±0.76 18.30±0.15 42.07±0.97 37.31±0.59 67.42±0.09 34.29±1.16 6.72±2.16 30.64±0.76 17.25±0.81 59.76±0.89
TMPCC 88.57±4.06 87.09±6.65 82.26±4.91 90.24±3.33 90.20±2.52 62.40±1.01 59.33±6.54 66.95±5.15 62.58±6.07 72.10±5.20
MDFL 86.01±2.17 69.45±1.19 59.90±1.77 60.23±1.55 76.01±2.24 61.78±1.59 62.76±2.54 60.88±1.32 59.72±1.44 70.07±1.79

CMSCGC 88.74±2.14 88.59±2.16 85.05±2.88 82.45±2.19 90.05±1.92 72.06±2.35 66.62±1.48 66.01±1.32 72.36±1.83 81.54±2.10
AMKSC 93.90±1.97 91.85±2.58 88.21±1.20 92.83±1.94 93.90±1.75 71.92±5.16 66.26±5.49 69.77±1.74 61.20±7.79 80.29±0.05

CDD 70.83±6.38 62.43±7.81 64.45±4.69 60.93±6.89 79.28±4.41 56.65±4.45 48.15±4.65 52.30±1.75 47.59±6.50 67.17±1.69
DMAC 79.55±0.85 72.53±0.66 71.01±5.47 66.29±3.22 82.39±0.87 70.25±2.20 63.40±2.44 62.73±2.94 63.87±1.06 77.12±1.47

ESTMC 66.10±0.97 58.01±1.47 53.09±0.86 55.85±2.48 79.18±3.59 40.15±2.37 32.42±1.95 36.98±2.19 24.24±0.13 62.30±0.78
SAMVGC 95.04±0.36 93.59±0.35 93.36±0.49 93.75±0.66 95.52±0.37 75.76±0.58 70.58±0.64 72.50±0.79 61.97±1.08 85.30±0.77

Ours 95.59±0.35 94.13±0.47 91.33±0.40 96.14±0.24 96.02±0.24 83.42±1.57 79.28±1.95 74.26±0.71 73.73±3.77 83.91±1.18

Method Salinas MDAS
ACC Kappa NMI ARI PUR ACC Kappa NMI ARI PUR

MFLVC 41.64±2.33 33.25±2.17 42.75±1.85 31.93±2.05 43.31±1.98 40.56±3.84 13.21±6.92 9.49±4.73 7.03±5.01 51.76±1.07
FMVACC 66.50±2.04 37.89±1.99 76.82±2.15 51.61±2.59 74.38±1.89 25.68±0.53 1.46±0.02 14.81±0.00 2.93±0.01 49.46±0.00

MDC 68.60±3.06 64.72±3.51 77.28±1.06 58.63±2.83 71.42±1.14 21.95±0.13 12.50±0.27 17.05±0.58 4.59±0.22 51.93±0.19
CVCL 34.47±1.87 25.76±2.53 41.38±1.75 24.87±2.38 38.50±1.90 34.69±4.22 4.81±2.87 6.18±2.16 1.33±0.68 49.45±0.01

SDMVC 70.85±0.01 67.71±0.01 77.45±0.03 56.97±0.02 77.10±0.04 29.73±0.12 11.74±0.04 9.55±0.06 2.89±0.19 49.69±0.05
GCFAgg 57.80±5.14 54.39±5.27 69.43±1.34 47.31±4.29 70.68±1.92 23.70±0.55 14.17±0.11 16.96±1.16 5.05±0.57 53.87±1.42
AWMVC 40.19±1.55 6.16±2.03 56.44±1.96 32.31±1.61 57.92±1.83 21.31±0.36 11.28±2.68 15.94±0.05 4.00±0.15 52.15±0.02
TMPCC 45.65±3.92 40.04±3.43 60.69±5.58 36.21±8.53 48.70±2.32 23.97±0.81 6.71±0.54 14.51±1.04 19.60±1.33 54.13±0.81
MDFL 38.19±2.33 32.85±1.59 54.37±2.17 30.77±1.76 55.30+2.79 25.03±1.69 11.96±2.04 12.93±3.35 5.97±3.10 32.78±2.83

CMSCGC 70.19±1.71 66.83±2.85 76.03±2.21 55.93±1.44 75.06±1.54 40.24±1.43 20.99±2.10 25.95±1.22 25.95±1.77 60.84±0.44
AMKSC 70.35±2.71 66.99±2.67 80.30±2.62 61.40±4.10 74.41±1.39 27.85±1.83 18.62±1.43 24.23±0.38 12.47±0.97 59.01±0.05

CDD 60.07±2.78 55.18±3.08 70.88±3.41 54.11±5.30 62.01+2.44 30.79±3.29 18.58±2.61 20.11±2.55 10.66±2.68 56.42±1.75
DMAC 74.53±0.85 71.67±1.00 78.30±0.60 60.21±2.26 76.46±1.48 21.96 ± 1.46 12.58±1.48 14.24±1.58 4.78±0.47 51.95±0.66

ESTMC 44.36±2.56 40.33±3.98 50.94±3.45 29.88±1.89 57.15±1.66 22.66±1.49 16.28±1.56 17.53±3.69 7.46±2.43 61.82±1.52
SAMVGC 67.72±0.30 64.30±0.29 69.45±0.38 54.81±0.80 69.78±0.52 47.59±0.70 28.85±0.64 35.09±0.87 35.59±0.57 66.30±0.55

Ours 82.74 ± 0.54 80.89±0.59 83.27±1.04 76.65±1.71 86.81±0.62 49.09±1.44 35.23±1.41 33.00±0.72 28.98±1.06 65.25±0.15

Table 1: Clustering performance of fifteen multi-view clustering (MVC) methods on four datasets.
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Figure 2: Clustering maps on the Trento and XuZhou datasets. GT represents the ground truth.

CVCL, SDMVC, and GCFAgg, although capable of inte-
grating multi-modal information, often produce noisy and
fragmented clustering maps. This is mainly due to their ne-

glect of spatial contextual information, leading to scattered
salt-and-pepper noise. In contrast, remote sensing-oriented
models such as MDFL and TMPCC better capture spa-
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Figure 3: Sensitivity analysis with respect to hyper-
parameters k, M , λ1, and λ2 on the XuZhou dataset.

tial dependencies, resulting in noticeably smoother cluster-
ing outputs. Moreover, graph-based methods including CM-
SCGC, AMKSC, and SAMVGC are more effective in lever-
aging spatial structures and produce clearer results. Overall,
the proposed CG-MAE achieves the most visually distinct
and spatially consistent clustering maps across all datasets,
demonstrating its strong capability in learning high-quality
clustering representations.

Ablation Study
To comprehensively evaluate the contribution of each mod-
ule, we selectively remove specific components to assess
their individual impact. The final ablation results are sum-
marized in Table 2. Specifically, “w/o masking”, “w/o LFR”,
“w/o LER”, and “w/o LKL” denote CG-MAE variants with-
out feature masking, reconstruction loss, edge refinement
loss, and confused-sample consistency learning loss, respec-
tively. As shown in the results, the ACC drops by 2.07% /
2.03% / 0.63% / 1.06%, 3.14% / 4.06% / 0.40% / 1.35%,
4.74% / 12.37% / 1.62% / 2.03%, and 2.74% / 17.36% /
0.73% / 0.96% on four datasets, respectively. These findings
clearly indicate that all four components have a significant
impact on the clustering performance of CG-MAE. Among
them, the removal of masking and LFR leads to the most
pronounced performance degradation, highlighting the im-
portance of feature masking in promoting robust represen-
tation learning and the reconstruction loss in enhancing the
model’s learning capacity. Meanwhile, the edge refinement
loss LER improves graph structure quality by preserving se-
mantically consistent edges while suppressing noisy con-
nections, thereby enhancing feature propagation. The self-
consistency loss LKL encourages alignment between the
original and masked feature distributions, which stabilizes
representation learning and improves clustering robustness.
These results illustrate that the joint learning of the two mod-
ules is better than that of each module alone.

Hyper-parameter Analysis
In this section, we analyze the sensitivity of hyper-
parameters on the XuZhou dataset, including the number
of superpixels M , the neighborhood size k, and the loss
weights λ1 and λ2. As shown in Fig.3 (a), we fix other pa-
rameters and vary k from 10 to 60 with a step of 10, and

Datasets Variants ACC Kappa NMI ARI PUR

Trento

w/o masking 93.52 91.41 89.71 93.2 95.86
w/o LFR 93.56 91.37 87.44 92.71 94.62
w/o LER 94.96 93.29 90.52 95.72 95.46
w/o LKL 94.53 92.76 90.08 94.48 95.50

Ours 95.59 94.13 91.33 96.14 96.02

Salinas

w/o masking 79.60 77.52 82.14 69.64 83.75
w/o LFR 78.68 76.39 80.39 65.73 79.33
w/o LER 82.34 80.44 83.28 75.17 86.52
w/o LKL 81.39 79.43 82.18 74.08 85.20

Ours 82.74 80.89 83.27 76.65 86.81

XuZhou

w/o masking 78.68 73.51 69.31 68.05 81.69
w/o LFR 71.05 64.19 61.19 63.81 72.82
w/o LER 81.80 77.11 71.48 72.61 82.41
w/o LKL 81.39 76.9 72.65 72.68 82.21

Ours 83.42 79.28 74.26 73.73 83.91

MDSA

w/o masking 46.35 33.36 32.33 27.43 64.12
w/o LFR 31.46 20.87 22.61 13.73 59.57
w/o LER 48.36 34.85 32.37 28.81 65.14
w/o LKL 48.13 34.66 31.24 28.59 65.02

Ours 49.09 35.23 33.00 28.98 65.25

Table 2: Ablation results of different variants.

M from 1000 to 6000 with a step of 1000. The results indi-
cate that small k values may limit spatial context modeling,
while large k may cause over-smoothing. Similarly, too few
superpixels may lose local details, whereas too many may
introduce noise. Thus, a balance is required. Fig.3 (b) fur-
ther shows the impact of λ1 and λ2 in Eq. 17, evaluated via
grid search over 0.01, 0.1, 1, 10, 100, 1000. Results reveal
that improper settings can significantly affect performance,
and the best results are obtained with λ1 = λ2 = 0.1.

Conclusion
In this work, we introduced CG-MAE, a novel clustering-
guided graph mask autoencoder designed for multi-view re-
mote sensing clustering. To the best of our knowledge, this is
the first attempt to adapt graph masked autoencoders to this
domain. We proposed a clustering-guided masking strategy
that focuses on reconstructing nodes and edges critical to
clustering, encouraging the model to learn more discrimi-
native representations. To further enhance learning stability
and effectiveness, we incorporated an easy-to-hard mask-
ing curriculum and designed a dual self-adaptive learning
to guide the model toward better semantic alignment. Com-
prehensive experiments on four benchmark datasets demon-
strate that CG-MAE significantly outperforms existing state-
of-the-art methods, both in terms of clustering performance
and representation quality.
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