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Abstract

Multi-view clustering for remote sensing data has received
increasing attention by leveraging multiple representations
to enhance Earth observation. Existing methods are pri-
marily developed under the assumption that each pixel is
fully observed across all views. No prior work has inves-
tigated the more practical yet challenging scenario where
some views suffer from partially missing data. To bridge
this gap, we propose the first framework for incomplete
multi-view remote sensing data clustering, termed orthogo-
nal spatial-aware multi-view anchor graph clustering (OS-
MAGC). Specifically, spatial-aware anchors and multi-scale
anchor graphs are initially constructed by exploiting the
superpixel-based texture characteristics of each view. Based
on these, multi-scale anchor graph learning is performed
through view weighting and matrix factorization on incom-
plete data. Structure-aligned consensus feature learning is
achieved by aligning the multi-scale graph structures within
a shared latent space. To ensure spatial continuity and
smoothness, orthogonal spatial-aware regularization is im-
posed in both horizontal and vertical directions. The latter
three modules are jointly optimized through a well-designed
optimization algorithm in a mutually reinforcing manner.
Extensive experiments on four benchmark datasets validate
the effectiveness and efficiency of our proposed method
over the state-of-the-art competitors. Code repository:
https://github.com/ZhangYongshan/OSMAGC.

1. Introduction
Benefiting from advanced techniques, remote sensing data
are often described by multiple representations. These multi-
view observations provide complementary information from
diverse perspectives, facilitating critical Earth observation
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(a) Sensor failure. (b) Cloud obscuration.

Figure 1. Examples and causes of incomplete remote sensing data.

tasks such as urban planning, precision agriculture and mili-
tary surveillance [1, 7, 41]. Multi-view learning plays a vital
role in effectively integrating multiple representations to ex-
tract rich semantic cues for improved scene understanding
[31, 35]. Given that pixel-level annotation is labor-intensive
and time-consuming, especially for large-scale and complex
urban scenes, multi-view clustering for remote sensing data
has gained increasing attention by exploiting cross-view con-
sistency and complementarity to partition pixels into distinct
clusters without requiring ground-truth labels [25, 30].

There are a variety of effective multi-view clustering
methods specifically designed for remote sensing data
[2, 39, 40]. Based on the nature of view information, exist-
ing methods can be categorized into multi-feature-based and
multi-source-based methods [8]. Multi-feature-based meth-
ods improve clustering performance by leveraging diverse
descriptors, such as texture and contour features [7, 30, 38].
However, they exploit multi-view features derived from
single-sensor data, providing limited information compared
to the heterogeneous data obtained from multiple sensors. In
contrast, multi-source-based methods integrate multi-view
data from different sensors, such as hyperspectral (HS), mul-
tispectral (MS), digital surface model (DSM) and synthetic
aperture radar (SAR) images, providing richer and more
complementary information for clustering [8, 39]. Although
both types of methods can effectively address the clustering
problem of multi-view remote sensing data, they encounter
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difficulties when dealing with incomplete data [20], where
certain views contain missing information caused by sensor
failures or cloud occlusion, as illustrated in Figure 1.

To address this issue, incomplete multi-view clustering
provides an effective solution by utilizing available data from
all views to recover missing content and perform clustering
[10, 16, 25]. A variety of incomplete multi-view clustering
methods have been proposed by employing various strate-
gies for data completion, such as imputation [16, 29], graph
reconstruction [14, 28] and matrix factorization [11, 33].
However, existing methods are not well-suited for remote
sensing data, as they fail to effectively exploit the inherent
spatial-spectral structures. To enable incomplete multi-view
remote sensing data clustering, three critical problems should
be considered. (1) Discrepancies in view-specific spectral
information provide rich and diverse cues for describing
remote sensing data from different perspectives [37]. This
raises the challenge of how to effectively leverage comple-
mentary information across incomplete views. (2) Consensus
in land-cover feature representations and distributions across
views embodies essential consistency for remote sensing
data [3]. This exhibits the challenge of how to properly
capture consistent information under incomplete scenarios.
(3) Missing data within individual views may disrupt spatial
coherence and introduce inconsistencies across views [6].
This highlights the challenge of how to ensure spatial and
spectral continuity for more accurate clustering.

Motivated by these observations, in this paper, we pro-
pose an orthogonal spatial-aware multi-view anchor graph
clustering (OSMAGC) method for incomplete remote sens-
ing data. As illustrated in Figure 2, the proposed framework
consists of four modules. Specifically, spatial-aware anchors
and multi-scale anchor graphs are constructed based on the
superpixel-based texture information of each view. Then,
complete multi-scale anchor graphs are learned from the
incomplete data via view weighting and matrix factoriza-
tion. The structure-aligned consensus features are obtained
by aligning multi-scale graph structures into a shared latent
space. To enforce spatial consistency, an orthogonal spatial-
aware regularizer is introduced along both horizontal and
vertical directions. An alternating optimization algorithm
is designed to jointly optimize the last three modules in a
mutual reinforcement manner. Experiments on four bench-
mark datasets verify the effectiveness and efficiency of our
proposed method under different missing ratios. The main
contributions of our work are summarized as follows.

• We propose the first incomplete multi-view clustering
method designed for remote sensing data. It is carefully
crafted to exploit the complementary and consistent infor-
mation within their spatial-spectral structures.

• We learn complete multi-scale anchor graphs from in-
complete data through view-weighted matrix factorization.
This process is guided by high-quality anchors and anchor

graphs initialized using view-specific spatial textures.
• We obtain consensus features through the structure align-

ment of multi-scale graphs and impose a regularizer to
enforce their spatial smoothness. This enables effective
aggregation of discriminative information.

• An alternating optimization algorithm is designed to solve
the proposed formulation. Experiments demonstrate the
superiority of our proposed method.

2. Related Work
Multi-View Clustering for Remote Sensing Data. Due
to the abundance of data representations and the lack of la-
bels, numerous multi-view clustering methods have been
proposed for remote sensing data to achieve pixel partition-
ing [2, 21, 36]. These methods can be broadly categorized
into two types: multi-feature-based and multi-sensor-based
methods. Multi-feature-based methods perform clustering
on multiple features extracted from single-sensor remote
sensing data. Representative methods include contrastive
multiview subspace clustering based on graph convolutional
networks (CMSCGC) [7], enhanced multi-view contrastive
clustering (EMVCC) [18] and tensorial polarimetric-spectral
multiview subspace clustering (TPS-MSC) [5]. In contrast,
multi-sensor-based methods integrate remote sensing data
from different sensors for clustering. Notable examples in-
clude dual graph learning affinity propagation (DGLAP)
[39], fast projected fuzzy clustering with anchor guidance
(FPFC) [40] and structure-adaptive multi-view graph cluster-
ing (SAMVGC) [8]. The aforementioned methods achieve
promising results on multi-view remote sensing data. How-
ever, they suffer from significant performance degradation
when some views contain partially missing data.

Incomplete Multi-View Clustering. Under incomplete
multi-view data, numerous methods have been proposed
using various effective strategies for data completion and
clustering, including imputation, graph reconstruction and
matrix factorization [15, 22, 26]. Imputation-based methods
fill in missing data to convert the task into a complete clus-
tering problem. Typical methods include incomplete multi-
view clustering with reconstructed views (IMCRV) [32] and
efficient and effective incomplete multi-view clustering (EE-
IMVC) [16]. Graph reconstruction-based methods rebuild
a similarity matrix using available data for graph partition-
ing and clustering. Promising methods include anchor-based
incomplete multi-view clustering with cross-view reconstruc-
tion (AIMC-CVR) [14] and incomplete multi-view cluster-
ing based on consensus graph learning (HCLS CGL) [27].
Matrix factorization-based methods project available data
into a latent space to learn unified representations for clus-
tering. Notable methods include localized sparse incomplete
multi-view clustering (LSIMVC) [10] and graph regularized
and feature aware matrix factorization (GreatF) [28]. The
above-mentioned methods show superior results on general
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Figure 2. Illustration of our proposed OSMAGC.

incomplete data. However, they perform poorly on incom-
plete remote sensing data because they fail to capture their
spatial–spectral structures.

3. Method
3.1. Problem Definition
Given a multi-view remote sensing dataset {Xv}Vv=1 across
V views, the v-th view data matrix Xv = {xv

1, · · · ,xv
N} ∈

RBv×N comprises N = H × W pixels, where H and W
represent the spatial height and width, respectively, and Bv

denotes the number of spectral channels. In the context
of incomplete data scenarios, a subset of pixels may be
missing in each view, and the missing patterns vary across
different views. Let wv ∈ RNv denote the index vector that
indicates the positions of Nv available pixels in the v-th view.
Based on this, a binary index matrix Qv ∈ {0, 1}N×Nv is
constructed, where each element is defined as qvij = 1 if
wv

j = i, and qvij = 0 otherwise. Thus, XvQv ∈ RBv×Nv

contains all available pixels in the v-th view. For pixels
missing in any view, zero-padding is applied to preserve
structural consistency. Our goal is to develop an effective
method specifically designed to address the challenges of
clustering incomplete multi-view remote sensing data.

3.2. Formulation
Based on the initialized spatial-aware anchors and multi-
scale anchor graphs, our proposed OSMAGC is formulated
as a unified framework that integrates multi-scale anchor
graph learning, structure-aligned consensus feature learn-

ing and orthogonal spatial-aware regularization. Figure 2
illustrates the overall framework of OSMAGC.

Superpixel Anchoring and Graph Initialization
(SAGI). Spatial-spectral structures are inherent to remote
sensing data, where spatial textures have emerged as a cru-
cial factor in anchor graph initialization and learning [40].
However, discrepancies in view-specific spectral information
lead to variations in spatial textures across views. To fully
exploit the inherent spatial–spectral structures through graph-
based representations, anchor graphs should be constructed
with adaptive sizes and topologies, each tailored to the spec-
tral and spatial characteristics of the corresponding view. To
this end, the entropy rate superpixel (ERS) segmentation
technique [12] is individually applied to the first principal
component of the v-th view image, taking advantage of its
balance between effectiveness and efficiency to extract Mv

superpixels based on spatial textures. A set of Mv spatial-
aware anchors Av = {av1, · · · ,av

Mv
} ∈ RBv×Mv is then

obtained by averaging all pixels within each superpixel to
uncover the spatial distribution of pixels. Based on the above
preprocessing, an anchor graph Zv ∈ RMv×N is constructed
to capture the relationships between Mv anchors and N
pixels. Specifically, each element in Zv is computed by

zvij =


dv
k+1,j−dij

kdv
k+1,j−

∑k
i=1 dv

ij

, ∀i ∈ Φj

0, otherwise
(1)

where Φj denotes the set of the k nearest anchors associated
with pixel xv

j , and dij = ∥xv
j −avi ∥2 indicates the Euclidean

distance between xv
j and anchor avi . In this way, Zv ∈
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RMv×N is constructed in a column-wise manner, where
each column characterizes the relationships between a pixel
and its neighboring anchors. It is initialized with spatial
and spectral information to capture inter-view heterogeneity,
facilitating subsequent high-quality learning.

Multi-Scale Anchor Graph Learning (MSAGL). Com-
pared with traditional graph-based methods, anchor graph
strategies are better suited for incomplete multi-view cluster-
ing, as they consider only the relationships between samples
and anchors, thereby enhancing computational efficiency and
scalability [19]. Most existing methods typically construct
fixed-size anchor graphs and treat all views equally, without
considering view-specific characteristics and contributions
[24]. To better account for view heterogeneity, anchor graph
learning is conducted based on the previously initialized
multi-scale anchors and anchor graphs, incorporating view-
specific spatial and spectral properties. Additionally, an
adaptive view-weighting scheme is introduced to emphasize
informative views and suppress less informative ones dur-
ing the learning process. With the aid of index matrices
{Qv}Vv=1, anchor graph learning with multiple scales under
incomplete settings is formulated as follows:

min
Av,Zv,α

V∑
v=1

1

αv
∥XvQv −AvZvQv∥2F , (2)

s.t. Zv ≥ 0,Zv⊤1 = 1,Av⊤Av = I,α⊤1 = 1, αv > 0,

where ZvQv represents the similarities between Mv anchors
and Nv available pixels in the v-th view, and 1

αv
measures

the contribution of the v-th view. For effective learning,
nonnegativity and normalization constraints are imposed on
both Zv and α, i.e., Zv ≥ 0, Zv⊤1 = 1, and αv > 0,
α⊤1 = 1, while an orthogonality constraint is applied to
Av , enforcing Av⊤Av = I.

Structure-Aligned Consensus Feature Learning
(SACFL). An intuitive method to incomplete multi-view
clustering is to enforce consistency learning among anchor
graphs across different views [13]. Due to inter-view hetero-
geneity, the learned view-specific anchor graphs exhibit vary-
ing scales to capture spatial and spectral characteristics, mak-
ing it difficult to derive a unified graph representation. An
alternative strategy is to learn a consensus feature represen-
tation [34]. However, significant structural inconsistencies
across views hinder the extraction of consensus features in a
shared latent space. To address this issue, alignment matri-
ces {Rv ∈ RD×Mv}Vv=1 are introduced to enable consensus
feature learning by aligning the structures of multi-scale an-
chor graphs, with the orthogonality constraint Rv⊤Rv = I.
Thus, consensus feature learning with structure alignment is
mathematically formulated as follows:

min
Rv,H

V∑
v=1

∥RvZv −H∥2F , s.t. Rv⊤Rv = I, (3)

where H ∈ RD×N represents the consensus representations
that aggregates discriminative information from multi-scale
anchor graphs across all views.

Orthogonal Spatial-Aware Regularization (OSAR).
Neighboring pixels in remote sensing images often exhibit
similar semantic information due to inherent spatial struc-
tures [42]. This property should be reflected in the learned
consensus features by promoting continuity and smooth-
ness in their spatial distribution. In the shared latent space,
the continuous integral over the finite set of pixels can be
discretized by computing finite differences between horizon-
tally and vertically adjacent pixels, thereby enforcing local
spatial consistency [9]. To this end, a total variation (TV)-
based spatial-aware regularizer [4] is introduced to enhance
spatial smoothness while preserving texture boundaries in
both horizontal and vertical directions. Let N denote the set
of neighboring pixels in the spatial domain. The regularizer
is defined as follows:

R(H) =

D∑
d=1

∑
{i,j}∈N

∥hi
d − hj

d∥
2
2 (4)

=
D∑

d=1

∑
(i,j)∈Nx

(hi
d − hj

d)
2 +

D∑
d=1

∑
(i,j)∈Ny

(hi
d − hj

d)
2,

where N = Nx ∪Ny , with Nx and Ny being the horizontal
and vertical neighbor sets. For simplicity, the orthogonal
spatial-aware regularization in Eq. (4) can be rewritten as

R(H) = ∥DxH
⊤∥2F + ∥DyH

⊤∥2F , (5)

where ∥DxH
⊤∥2F and ∥DyH

⊤∥2F represent the horizontal
and vertical differences, respectively, with Dx and Dy denot-
ing the forward finite-difference operators in the horizontal
and vertical directions [4].

Overall Objective Function. The separation between
multi-scale anchor graph learning, structure-aligned consen-
sus feature learning and orthogonal spatial-aware regulariza-
tion may result in suboptimal performance. By combining
Eqs. (2), (3) and (5), the objective function of OSMAGC is
formulated as follows:

min
Zv,Av,
Rv,H,α

V∑
v=1

1

αv
∥XvQv −AvZvQv∥2F + λ

V∑
v=1

∥RvZv −H∥2F

+ γ(∥DxH
⊤∥2F + ∥DyH

⊤∥2F ), (6)

s.t. Zv ≥ 0,Zv⊤1 = 1,Av⊤Av = I,

Rv⊤Rv = I,α⊤1 = 1, αv > 0,

where λ and γ represent trade-off parameters to balance each
module. Through effective learning of each variable, the
consensus representation H is refined and fed into k-means
to yield the final clustering results.
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Algorithm 1 The proposed OSMAGC

Require: Incomplete remote sensing data {Xv}Vv=1, super-
pixel/anchor sizes {Mv}Vv=1, index matrices {Qv}Vv=1,
parameters λ, γ, cluster number C.

1: Perform ERS segmentation on {Xv}Vv=1.
2: Generate {Av}Vv=1, initialize {Zv}Vv=1 using Eq. (1),

initialize H, and set {αv}Vv=1 = 1/V .
3: while not converged do
4: Update {Av}Vv=1 by solving Eq. (8).
5: Update {Rv}Vv=1 by solving Eq.(9).
6: Update {Zv}Vv=1 using Eq.(7).
7: Update H using Eq.(11).
8: Update {αv}Vv=1 using Eq.(13).
9: end while

Ensure: Perform k-means on H to get the clustering results.

3.3. Optimization
To solve the problem in Eq. (6), an alternating optimization
algorithm is designed to iteratively update each variable
while keeping the others fixed.

Updating Zv: When Av, Rv, H and α are fixed, the
optimization for Zv can be performed by independently
updating each column vector zvj as

min
zv
j

1

2
∥zvj − fvj ∥2F , s.t. zvj ≥ 0, zv⊤j 1 = 1, (7)

where fv
ij =

1
αv

[Av⊤XvSv ]ij+λ[Rv⊤H]ij
1

αv
svjj+λ

, with the diagonal

matrix Sv = QvQv⊤, and [Rv⊤H]ij denotes the element
in the i-th row and j-th column of Rv⊤H. Eq. (7) is a
projection capped simplex problem. It can be efficiently
solved as described in [29].

Updating Av: When Zv, Rv, H and α are fixed, the
optimization for Av can be rewritten as

max
Av

Tr(Av⊤Mv), s.t. Av⊤Av = I, (8)

where Mv = XvSvZv⊤. According to [23], the optimal
solution for Eq. (8) is given by Av = UvVv⊤, where Uv

and Vv⊤ are the matrices formed by the first Mv left singular
vectors and right singular vectors of Mv , respectively.

Updating Rv: When Zv, Av, H and α are fixed, the
optimization for Rv can be rewritten as

max
Rv

Tr(Rv⊤Bv), s.t. Rv⊤Rv = I, (9)

where Bv = HZv⊤. The optimal Rv can be obtained by
solving Eq. (9) with rank D truncated singular value decom-
position (SVD) [23].

Updating H: When Zv, Av, Rv and α are fixed, the

Table 1. Summary of the multi-view remote sensing datasets.

Datasets Image Sizes Clusters View Details (Channels)

MUUFL 325 × 220 11 HS(64), LiDAR(2)
Berlin 1723 × 476 8 HS(244), SAR(4)
Augsburg 332 × 485 7 HS(180), SAR(4), DSM(1)
MDAS 300 × 360 14 HS(242), MS(12), SAR(2), DSM(1)

optimization for H can be rewritten as

min
H

−2λ
V∑

v=1

Tr(H⊤RvZv)+λV Tr(H⊤H)+γTr(HDH⊤),

(10)
where D = D⊤

x Dx +D⊤
y Dy. Taking the derivative of H

and setting it to zero, H is updated by

H =
λ
∑V

v=1 R
vZv

λV I+ γD
. (11)

Updating α: When Zv, Av, Rv and H are fixed, the
optimization for α can be rewritten as

min
α

V∑
v=1

(ev)
2

αv
, s.t. α⊤1 = 1, αv > 0, (12)

where ev = ∥XvQv −AvZvQv∥2F . Based on the Cauchy-
Schwarz inequality, each view weight in α is updated by

αv =
ev∑V
v=1 ev

. (13)

Algorithm 1 summarizes the entire optimization process
for solving Eq. (6).

3.4. Complexity Analysis
Space complexity: The memory consumption of OSMAGC
primarily arises from storing the matrices Zv ∈ RMv×N ,
Av ∈ RBv×Mv , Rv ∈ RD×Mv and H ∈ RD×N . Conse-
quently, the overall space complexity is O(

∑V
v=1(NMv +

MvBv +MvD) + ND). Given that Mv ≪ N , Bv ≪ N
and D ≪ N , the space complexity scales approximately
linearly with the number of samples.

Time complexity: The computational complexity of
OSMAGC mainly arises from the update of each variable.
When updating Av , it takes O(NMvBv +M2

vBv). For cal-
culating Zv and αv, the complexity is O(NMvBv). The
learning of Rv incurs a cost of O(NMvD +M2

vD). The
update of H requires O(DNv +

∑V
v=1 NMvD), where

Nv denotes the number of nonzero elements in D, and
Nv ≪ N . Therefore, the total time complexity per it-
eration is O(DNv +

∑V
v=1 NMvBv +

∑V
v=1 NMvD +∑V

v=1 M
2
vBv +

∑V
v=1 M

2
vD). This also indicates that the

proposed optimization algorithm exhibits nearly linear time
complexity with respect to the number of samples.
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Table 2. Clustering performance of different methods on the four datasets with a 0.5 missing ratio. Best results are shown in bold, second-best
are underlined, and “OOM” indicates out-of-memory.

Datasets Metrics
FPFC
TIP’24

AMKSC
TNNLS’24

MSSAGF
TGRS’25

SAMVGC
AAAI’25

SIMVC-SA
MM’23

DIVIDE
AAAI’24

ASCR
AAAI’25

PMIMC
TIP’25 Ours

MUUFL

ACC 0.3410 0.3946 0.3913 0.3279 0.3999 0.3327 0.4036 0.3196 0.5002
NMI 0.2705 0.3173 0.3101 0.2414 0.3689 0.2252 0.1689 0.2854 0.4024

Purity 0.5698 0.6017 0.5738 0.5491 0.6079 0.5283 0.4573 0.5605 0.6639
ARI 0.1067 0.2019 0.1191 0.1284 0.1818 0.1281 0.0799 0.1096 0.3351

Berlin

ACC 0.4010 0.3388 0.3501 0.3928 0.3649 0.3382 0.4015 OOM 0.4410
NMI 0.1622 0.2140 0.2093 0.2425 0.1699 0.1701 0.0395 OOM 0.2534

Purity 0.6401 0.6331 0.6474 0.6850 0.6424 0.6544 0.5781 OOM 0.7087
ARI 0.0858 0.1385 0.1322 0.1890 0.0857 0.1147 0.0398 OOM 0.2098

Augsburg

ACC 0.6009 0.4102 0.4581 0.4550 0.4923 0.5083 0.4962 0.4104 0.6120
NMI 0.3815 0.2616 0.3295 0.2811 0.3241 0.3302 0.1629 0.2660 0.4868

Purity 0.7033 0.5482 0.6958 0.6679 0.7240 0.6845 0.5829 0.6191 0.8030
ARI 0.3418 0.1705 0.2432 0.2285 0.2420 0.2498 0.1897 0.1709 0.3996

MDAS

ACC 0.4171 0.3282 0.3327 0.3804 0.3480 0.3064 0.3823 0.3292 0.4345
NMI 0.2718 0.2841 0.2086 0.3128 0.2304 0.2653 0.1112 0.2508 0.3207

Purity 0.5868 0.5990 0.5636 0.6271 0.5826 0.5789 0.5020 0.5450 0.6414
ARI 0.1850 0.1680 0.0997 0.1552 0.1322 0.1032 0.1159 0.1052 0.1952

4. Experiments

4.1. Experimental Setup

Datasets. Four multi-view remote sensing image datasets are
employed for the experiments, including MUUFL, Berlin,
Augsburg and MDAS. Specifically, the MUUFL and Berlin
datasets consist of two views, the Augsburg dataset includes
three views, and the MDAS dataset comprises four views.
These benchmarks exhibit progressively increasing complex-
ity in terms of modality heterogeneity and spatial-spectral
variation. Table 1 summarizes their key characteristics, in-
cluding image size, view composition and the number of
clusters. To construct incomplete datasets, a principled strat-
egy is adopted to simulate real-world scenarios where dif-
ferent views provide complementary but partially missing
information, with missing rates ranging from 0.1 to 0.9 in 0.1
intervals [29]. To ensure non-overlapping missing patterns
across views, a sequential assignment scheme is applied.
Each view is allocated a distinct set of missing pixels from
the remaining pool. This ensures a globally accurate missing
ratio and mutually exclusive patterns, providing a rigorous
benchmark for evaluation.

Compared methods. Eight state-of-the-art methods are
adopted for comprehensive comparison, including FPFC
[40], AMKSC [2], MSSAGF [25], SAMVGC [8], SIMVC-
SA [29], DIVIDE [17], ASCR [31] and PMIMC [35]. The
first four baselines are multi-view clustering methods specif-
ically designed for remote sensing data, whereas the latter
four are incomplete multi-view clustering methods devel-
oped for general data.

Implementation details. For all compared methods, pa-
rameters are set according to their original papers to ensure
the optimal performance. In our method, the number of su-
perpixels is tuned from 100 to 300 in 50 intervals, and the
regularization parameters λ and γ are selected from [0.001,
0.01, 0.1, 1, 10, 100, 1000]. Clustering performance is
evaluated using accuracy (ACC), normalized mutual infor-
mation (NMI), purity, and adjusted rand index (ARI). All
experiments are conducted on a server with an Intel Xeon
Gold 6330 2.00GHz CPU, 256GB RAM, and two NVIDIA
GeForce RTX 4090 24GB GPUs. To reduce randomness,
each method is executed ten times using the optimal param-
eter configurations for each missing rate, and the average
results are reported.

4.2. Comparison Results
Clustering Performance. Table 2 shows the clustering re-
sults of different methods under a 0.5 missing ratio. Our
method consistently outperforms all competitors across all
datasets, achieving superior results in terms of the four met-
rics. In particular, our method yields ACC improvements
of 9.66%, 3.95%, 1.11%, and 1.74% on the four datasets,
respectively. Furthermore, Figure 3 illustrates the clustering
results across a range of missing ratios from 0.1 to 0.9 in 0.1
increments. At a missing ratio of 0.3, our method outper-
forms the second-best method by 5.00%, 3.61%, 4.63% and
11.64% in the four metrics on the MUUFL dataset, respec-
tively. When the missing ratio increases to 0.7, OSMAGC
still achieves ACC improvements of 6.78%, 2.82%, 3.28%
and 2.86% across the four datasets. Similar performance ad-
vantages can be consistently observed at other missing ratios,
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Figure 3. Clustering performance of different methods on the four datasets across different missing ratios.

GT FPFC AMKSC MSSAGF SAMVGC SIMVC-SA DIVIDE ASCR PMIMC Ours

Figure 4. Clustering maps of the Augsburg dataset obtained by different methods under a 0.5 missing ratio. GT: Ground truth.

demonstrating the robustness and generalization capability
of our method. The superior performance of OSMAGC can
be primarily attributed to its ability to effectively recover
missing information in a latent space by exploiting cross-
view complementarity and consistency, while simultaneously
preserving spatial and spectral continuity.

To visualize the clustering effect, Figure 4 presents the
clustering maps of the Augsburg dataset produced by differ-
ent methods under a 0.5 missing ratio. Our method achieves
the closest alignment with the ground truth by effectively re-
covering missing information while preserving spatial struc-
ture, boundary clarity and local details. In contrast, other
competitors struggle to handle remote sensing data with

missing information, resulting in pronounced fragmented
regions, category confusion and blurred boundaries. This
is because the first four methods have limited capability in
handling incomplete data with missing information, whereas
the latter four fail to capture the inherent spatial–spectral
structures of remote sensing data. These observations further
highlight the robustness and superiority of our method in
clustering incomplete multi-view remote sensing data.

Running Time. Table 3 reports the runing time of differ-
ent methods under a 0.5 missing ratio. As shown, DIVIDE
and PMIMC are highly time-consuming when partitioning
the four datasets, and PMIMC even runs out of memory
on the Berlin dataset. In contrast, the proposed OSMAGC
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Table 3. Running time of different methods on the four datasets
under a 0.5 missing ratio (in seconds).

Methods MUUFL Berlin Augsburg MDAS

FPFC 16.19 127.48 39.1 20.68
AMKSC 106.81 742.75 177.86 213.58
MSSAGF 48.7 599.2 133.03 140.02
SAMVGC 145.07 145.92 52.56 169.79
SIMVC-SA 17.09 200.02 37.26 24.57
DIVIDE 1735.34 1809.31 2548.46 1277.68
ASCR 16.92 71.46 45.46 75.86
PMIMC 1890.5 OOM 19744.62 20084.99
Ours 14.01 68.38 31.6 14.78

Table 4. Ablation study of our OSMAGC on the four datasets under
a 0.5 missing ratio (in ACC).

Variants MUUFL Berlin Augsburg MDAS

V1 (w/o SAGI) 0.4591 0.4129 0.5325 0.3220
V2 (w/o MSAGL) 0.4713 0.4281 0.5530 0.4240
V3 (w/o SACFL) 0.4463 0.4355 0.5249 0.3360
V4 (w/o OSAR) 0.4661 0.4375 0.5689 0.4211
Ours 0.5002 0.4410 0.6120 0.4345

achieves the highest efficiency, requiring only 14.01, 68.38,
31.6 and 14.78 seconds to cluster the four datasets. Com-
pared with the second fastest methods, it reduces execution
time by 2.18, 3.08, 5.66 and 5.9 seconds on the four datasets,
respectively. These observations highlight the practical po-
tential of our method for real-world applications.

4.3. Model Analysis
Ablation Study. To validate the effectiveness of each com-
ponent, four degraded variants are constructed. Specifically,
“V1” removes SAGI and uses k-means to generate anchors,
“V2” removes MSAGL and assigns a same superpixel size to
each view, “V3” removes SACFL by keeping the alignment
matrix fixed, and “V4” removes OSAR. As shown in Table
4, our method consistently outperforms all degraded variants
across datasets under a 0.5 missing ratio, confirming the
effectiveness of each component. For instance, removing
SAGI in “V1” leads to the largest performance drop on the
MDAS dataset, while eliminating MSAGL in “V2” most
markedly affects the Augsburg dataset. The MUUFL dataset
is most sensitive to the removal of SACFL in “V3”, whereas
the Berlin dataset exhibits only a minor decline when OSAR
is omitted in “V4”. These dataset-specific differences high-
light the adaptive importance of each component. Overall,
the consistent superiority of our full model demonstrates the
synergistic effect and necessity of all components.

Parameter Analysis. Our method involves three key
parameters: superpixel size and two regularization param-
eters, λ and γ. Due to the page limit, only the results on

Figure 5. Performance variation of our OSMAGC under different
superpixel settings with a 0.5 missing ratio.

Figure 6. Performance variation of our OSMAGC under different
settings of λ and γ with a 0.5 missing ratio.

the MUUFL and Berlin datasets are presented. As shown in
Figure 5, the number of superpixels affects clustering per-
formance differently across datasets. The MUUFL dataset
achieves stable and slightly improved results with more su-
perpixels, while the Berlin dataset performs better with fewer
superpixels and declines when the number is too high. In
addition, Figure 6 shows the sensitivity of λ and γ. Both
parameters are stable on the MUUFL dataset, whereas the
Berlin dataset is more sensitive to λ, with excessive values
causing performance drops. Optimal results for both datasets
are obtained when γ is within a moderate range, highlighting
the importance of appropriate parameter settings.

5. Conclusion

This paper proposes an orthogonal spatial-aware multi-view
anchor graph clustering (OSMAGC) method that first inves-
tigates incomplete remote sensing data. OSMAGC captures
diverse spatial characteristics across views, enabling the ini-
tialization of multi-scale anchor graphs for more effective
subsequent learning. A unified objective function is for-
mulated by integrating multi-scale anchor graph learning,
structure-aligned consensus feature learning and an orthogo-
nal spatial-aware regularizer. An alternating optimization al-
gorithm is devised for the proposed formulation. OSMAGC
effectively exploits complementary and consistent informa-
tion across views while preserving spatial and spectral conti-
nuity. Extensive experiments demonstrate the superiority of
our proposed method.
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