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Abstract

Multimodal data is typically collected through heterogeneous
sensors and processing pipelines. However, due to variations
in acquisition environments, device capabilities, and feature
extraction methods, such data often suffers from incomplete-
ness and inconsistent quality across modalities. To address
these challenges, prior studies have explored modality selec-
tion and data completion strategies to improve information
fusion. Nevertheless, these approaches face two main limi-
tations: (1) they struggle to simultaneously ensure computa-
tional efficiency for large-scale graph data and maintain struc-
tural and semantic consistency across heterogeneous modal-
ity graphs; and (2) most of them operate at the modality
level and fail to capture fine-grained, sample-specific qual-
ity variations. To overcome these issues, we propose a novel
clustering framework, Sample Weighted Incomplete Multi-
modal Clustering Based on Graph Coarsening Label Ex-
traction (IMC-GCSW). The proposed method introduces a
graph coarsening-based label extraction strategy. It signifi-
cantly reduces the computational cost of multimodal graph
processing, while preserving key node information and local
topological structures. Furthermore, a quality-aware sample
weighting strategy is designed to enable fine-grained model-
ing of modality-specific data quality, allowing the model to
dynamically suppress the influence of low-quality modalities
on individual samples. Experiments on both general-purpose
datasets and the Fructus Aurantii Disease and Pest Datasets
demonstrate that the proposed method exhibits superior per-
formance and strong adaptability in handling multimodal data
with incompleteness and quality inconsistency.

Extended version —
https://github.com/Autism-mm/IMC-GCSW-.git

Introduction

In real-world conditions, multimodal data is always from
different collecting ways and transportation, and therefore
multimodal clustering (Zhao et al. 2025¢,a, 2024; Ma et al.
2025) methods can provide more reliable clustering results
than the single-modality clustering methods by integrating
information from different modalities. However, in real-
world data processing practice, the multimodal data is usu-
ally incomplete (Wang et al. 2024b; Xing et al. 2024; Chen
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Figure 1: Example graph of incomplete data.

et al. 2022), which is caused by various reasons such as the
difficulty of collection, the errors in transportation and the
device fault.

Figure 1 provides a toy example illustrating the clustering
of incomplete multimodal data (Wang et al. 2022; Zhao et al.
2025b; Liu et al. 2023; Zhao et al. 2020) for Nezara viridula
pest identification. The data is collected from four camera
perspectives: top modality, front modality, right modality,
and left modality. During the data collection process, each
sample may lack information from one or more modalities
due to various reasons, as indicated by the question mark (?)
in the figure.

To address the issue of incomplete multimodal data
caused by sensor failures, missing entries, or insufficient
data collection, researchers have developed various methods
tailored to real-world scenarios. Existing incomplete multi-
modal clustering approaches can be roughly categorized into
four main types: Modality-ignorant methods (Chao, Jiang,
and Chu 2024; Liu et al. 2020; Xu et al. 2024), which dis-
card missing modalities and perform clustering based solely
on the available modalities. For example, Hu et al. (Hu and
Chen 2019) proposed OPIMC, which employed weighted
matrix factorization and a one-pass learning strategy to effi-



ciently cluster large-scale incomplete multimodal data with-
out requiring modality imputation. Modality-completion
methods (Wang et al. 2018; Lin et al. 2021; Pu et al. 2024),
which first impute missing modalities—using statistical in-
ference, pattern recognition, or machine learning models
such as K-Means and autoencoders—and then conduct clus-
tering. For example, Liu et al. (Liu et al. 2020) proposed
EE-IMVC, which constructed a consensus clustering ma-
trix to guide modality completion, avoiding costly kernel re-
covery. By integrating low-rank regularization, the method
achieved efficient and effective clustering on large-scale in-
complete multimodal data. Graph-based methods (Li et al.
2022a; Wen et al. 2020; Dong et al. 2024), which model
the relationships between modalities and samples through
graph structures, employing techniques like graph partition-
ing or regularization to handle missing modalities. Chen et
al. (Chen et al. 2022) proposed ASR, which constructed aug-
mented sparse representations to jointly model inter-sample
and inter-modality relationships, enabling robust cluster-
ing without modality imputation. Zhao et al. (Zhao et al.
2023) proposed an unrestricted anchor graph-based GCN
model, which captured global structure via graph convolu-
tion and effectively clustered highly incomplete multimodal
data with enhanced robustness. Deep learning-based meth-
ods (Wei et al. 2020; Xu et al. 2022; Dai et al. 2025), which
utilize deep architectures such as autoencoders and genera-
tive models to learn supplementary information or directly
perform clustering. Lin et al. (Lin et al. 2022) proposed
the Dual Contrastive Prediction (DCP) model, which uses
a dual contrastive strategy to enhance both cross-modality
consistency and intra-modality discrimination. Without ex-
plicitly imputing missing modalities, DCP can learn robust
representations under complex missing patterns, improving
clustering performance.

Although these methods alleviate the clustering chal-
lenges caused by incomplete multimodal data from various
perspectives, they still suffer from two major limitations:
(1) most approaches operate at the modality level, making
it difficult to capture fine-grained (Meng et al. 2022; Benny
and Wolf 2020; Yu et al. 2023a; Peng et al. 2024), sample-
specific quality variations; and (2) they struggle to simul-
taneously achieve computational efficiency on large-scale
graph data while preserving the structural and semantic con-
sistency across heterogeneous modality graphs (Zhang et al.
2019; Wang et al. 2019; Hu et al. 2020; Zhao et al. 2021).

To capture sample-specific variations while balancing se-
mantic consistency and computational efficiency, we pro-
pose a Sample-Weighted Incomplete Multimodal Clustering
method based on Graph Coarsening Label Extraction (IMC-
GCSW). Specifically, we design a graph coarsening-based
label extraction strategy that leverages a clustering separa-
tion module to convert inter-cluster similarity into average
similarity. A cross-modality voting mechanism is then em-
ployed to identify connected components, enabling consis-
tent label association across modalities. This approach not
only preserves critical node information in the original graph
structure but also significantly improves computational ef-
ficiency in large-scale scenarios. Moreover, the proposed
quality-aware sample weighting strategy adaptively assigns
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weights based on the quality of each sample, which helps
reduce the influence of low-quality samples on clustering.
Experimental results show that our method performs effec-
tively in handling incomplete multimodal data.

* We design a cross-modality graph coarsening label asso-
ciation extraction strategy, which not only significantly
improves computational efficiency but also preserves
critical node information in the original graph struc-
ture. By minimizing supernode similarity, the method
derives a unified clustering indicator matrix across
modalities, effectively eliminating the need for time-
consuming post-clustering procedures adopted in previ-
ous approaches.

* We design a sample-level weight learning mechanism
that identifies quality differences among samples and as-
signs adaptive weights accordingly. This strategy effec-
tively reduces the impact of low-quality data and miti-
gates clustering deviations, thereby enhancing robustness
and reliability.

We propose an efficiently optimizable objective func-
tion. Compared with five baseline methods, our approach
achieves higher clustering efficiency on five datasets. Its
effectiveness is further validated on the Fructus Aurantii
Disease and Pest Datasets.

The Proposed Method
Suppose that an incomplete multimodal dataset is denoted
as X = (X, . X0V ¢ mrxd” xivj) rep-
resents the (7,7)th element of the vth modality. As for
dataset A, |A| represents cardinal number. The method first
pads original values in incomplete samples, using WW(*)
(VO E® 'W®) to represent the undirected weighted
graph of the vth sample, and V() is the set of nodes, E(*)
is the set of edge, W) e RnX™ ig the matrix of similarity,

D® e R"%" i the degree matrix of W) p is the amount
of samples, and dgf’i) = Z?Zl wg), L® =D® — W) jg
the Laplacian matrix of W ("), Besides, §(c,n) € R™ rep-
resents a vector, where the cth element is one and the other
elements are zeros. Let x € Z|; ,,) denotes an integer satis-
fying 1 < z < n, where x € Z|; ) represents the set of
integers within the interval (1,7). As for scala = and scala
Y, * o y represents that x and y are positive correlation.
For two scalar variables x and ¥, the notation z o« y in-
dicates a positive correlation between them. Figure 2 illus-
trates the overall architecture of the proposed IMC-GCSW
model. In this paper, incompleteness refers to the absence of
entire samples.

Graph Coarsening-based Label Extraction
Strategy

To effectively reduce the computational overhead of pro-
cessing incomplete multimodal data and eliminate irrelevant
redundancy, we design a graph coarsening-based label ex-
traction strategy, which consists of a supernode similarity
minimization module and a cross-modality nearest-neighbor
voting module.
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Figure 2: The flowchart of the IMC-GCSW algorithm. Different shapes represent different modalities.

Supernode Similarity Minimization Module The su-
pernode similarity minimization module adopts a hierar-
chical clustering approach, which constructs a multi-level
structure through iterative merging or splitting operations.
This method typically treats each data point as an initial
cluster and gradually merges similar or nearby clusters to
form larger ones, thereby uncovering the underlying organi-
zational patterns of the data.

Let A} denote the set of all samples in the kth cluster,
and Ay represent the set of all samples excluding those in
A ;. The similarity between Ay and A is defined by the
following equation,

min ZzeAk Z]EAk( 1(1; +W;:U1))
{Ar}e 2/ Ak| - |Agl ’

- ¢))
st. | JAr=AVrde Zyq,A,NAg

k=1

= 0.

To better simplify Eq. 1, an indicator matrix Y €
{0,1},,%. with the constraint Y1 = 1 is introduced to re-
place the set operator {Ay};_,. Considering the formula-
tion under the multimodal setting, Eq. 1 can be rewritten
accordingly

c

. Ly,
vealB L 2 @

b1 2lykllo (n — HYkH()).

In multimodal learning, different modalities are often de-
rived from distinct data sources, and each Laplacian matrix
characterizes the internal structure of its modality. To unify

structural information across modalities, a consensus Lapla-
cian matrix L* is introduced. This facilitates robust and effi-
cient learning. Accordingly, Eq. 2 can be reformulated as

C

. IL*yrll,
vedR L 2 ©

b1 2|lykllo (n — ”}’k”o).

Cross-modality Nearest-neighbor Voting Module To
better capture the consistency across modalities, we first de-
fine a coefficient matrix E(*) € R"*"_which characterizes
the nearest-neighbor relationships in the v-th modality, as
follows,

Here, el(.j}j) denotes the (%, j)-th element of E®, wherei =
wi"
W () To address the inconsistency of neighborhood struc-
tures for each sample across modalities, a cross-modality
voting module is proposed to unify nearest-neighbor selec-

tion, as follows,
1,

\%4
%:{o > 5] )

If samples i and j appear as mutual nearest neighbors in

(v)

ifi=w p
otherwise

1, (U)

0,

@ _

2¥)

orj=w

“

indicates that node i is the nearest neighbor of node j in

if ZU 1 EUJ)
otherwise

more than half of the modalities (62(‘3) = 1), they are re-
garded as final nearest neighbors, and we set b; ; = 1. An
adjacency matrix B is then constructed to define the graph B,
upon which the Tarjan algorithm is applied to identify con-
nected components (Tarjan 1972). Based on this, a pairwise
label matrix T is generated,
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1, if (¢,7) € same component in B
0, otherwise

tij = { (6)

Here ¢;; is the (¢, j)-th element of T, which aggregates
consistent nearest-neighbor information from the cross-
modal contexts. In this way, the key local features of each
modality can be preserved. Additionally, through T, a pair-
wise label constraint is added to Y, and the improvement is
as follows,

|L*
mmz | Yk|\1
“2|lykllo (n = llyrlly) (7
s.t. Ye{O,l}an, Yi=1, YY'oT=T

Here, YY7 o T = T ensures that t; ; = 1 = y' = yJ.
Meanwhile, YYT o T = T also effectively aggregates con-
sistent information across modalities, further enabling the
fusion of multimodal structural information.

Quality-Aware Sample Weighting Strategy

To better extract features across modalities, a sample-level
dynamic weighting strategy is introduced, where each sam-
ple is assigned a weight (Yu et al. 2023b) according to its
quality. This enables a more fine-grained and accurate con-
sensus representation. The weighting function is defined as
follows,

1% n
: ) [lw? — w®
Jie D {Z Hwi feamEn
st. Yo € Zyyp,al” >0, Za(“ =1,FTF=1.

v=1
®)
Here, az(-v) denotes the weight of the i-th sample in the v-
th modality, L* is the consensus Laplacian matrix, I is the
identity matrix and W™ is the consensus similarity matrix.
The second term, T'r (FTL*F) , serves as a Laplacian regu-
larization term that enforces the orthogonality of F, thereby
encouraging similar samples to be clustered together.
Compared to conventional k-means, hierarchical cluster-
ing demonstrates superior performance in our setting. Its
ability to capture nested structures further enables a more
fine-grained understanding of the clustering relations. The
objective function is formulated as follows,

|4

Y, aE”fIES W+, F vZ:: { 2R RSN
+3 a ’wj‘ w!?) }+/\ Tr (FTL*F)
=1
st.Y €{0,1}nxe, Y1=1, Wve Z[l,V]v
(v) L)
a;” >0, Y a”’=1 FIF=1

©))
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Optimization

Due to the presence of multiple unknown variables, Eq.9
does not admit a closed-form solution. To address this, an
iterative optimization strategy is employed, and the original
model is reformulated as the following equivalent optimiza-
tion problem,

dla W* W
Y<$3F§H§y|ﬁ;bn—wﬂ?h
+ 3 al? [ - wi [+ ¥ I
st. Ye{0,1}"*¢, Yi=1, F'F=1I,
agv) >0, {: az(v) =
o (10)

To solve the optimization problem in Eq.10, the Alternat-
ing Direction Method of Multipliers (ADMM) is adopted to
obtain a locally optimal solution. To enable separability, sev-
eral auxiliary variables are introduced, reformulating Eq.10
as follows,

c

19y,

min

Y, J*,0*,W*,G*F.a" [ ] z:l 2|lykllo (n = llyello)

#3a? for - wOh 4 % -t

1,)=

s.t. J* WwW* O*=W* G"=W*

Y e{0,1}"%¢, Y1=1, FF=I,

(©) )
Yu € Z[l,V}» aiv >0, > ai“ =1
v=1

(1D
Here, J = diag(J*1) — J*. The augmented Lagrangian
function corresponding to Eq.11 is formulated as follows,

[RAZALE
(n = llyxllo)

b= Ezﬁzzwm

=3 ot - ?w} £y 35— gl
1= ’L]—
2
* * C * * C
+g<‘w B (A +HW e} +72F
HW* G+ S >
HllF
(12)

To solve the objective function in Eq. 12, an alternating
optimization algorithm is employed. The objective involves
twelve unknown variables: W*, a§“>, L* J* O* G*, Cq,
Cs, Cs, u, F and Y. At each iteration, one variable is up-
dated while fixing the others, and the process is repeated un-
til convergence. Due to the complexity of the optimization,
detailed update steps are provided in the appendix.



Dataset Rate HCP_.IMSC DAIMC UEAF IMG BSV | Ours | Mask-IMVC IMC-MCL | Ours
SensIT300 0.1 59.66 56.55 61.00 57.51 50.33 | 61.33 65.68 60.16 61.33
SensIT300 0.5 36.33 37.66 46.00 38.70 39.33 | 47.67 37.58 54.00 47.67
SensIT300 0.9 35.34 35.44 36.33 36.00 36.53 | 36.83 42.99 41.93 36.83
Statlog 0.1 55.75 47.79 38.61 56.52 46.58 | 47.63 56.46 46.75 47.63
Statlog 0.5 33.67 21.39 2424  28.53 15.36 | 37.53 29.91 42.76 37.53
Statlog 0.9 16.13 1591 1557 1593 14.96 | 16.19 33.68 38.73 16.19
ORL 0.1 82.25 55.66 64.50 34.55 29.37 | 83.07 57.78 33.95 83.07
ORL 0.5 31.50 16.41 31.75 20.07 25.75 | 32.00 37.80 24.98 32.00
ORL 0.9 16.50 16.41 13.50 14.11 9.61 | 16.54 39.61 24.00 16.54
Yale 0.1 56.06 55.35 5747 47.30 28.36 | 57.58 47.82 52.24 57.58
Yale 0.5 33.27 20.40 33.93 2573 29.33 | 37.33 34.81 45.94 37.33
Yale 0.9 20.60 16.16 15.15 14.84 20.60 | 21.21 33.55 27.64 21.21
Table 1: Mean ACCs (%) of different methods on the SensIT300, Statlog, ORL and Yale datasets.
Dataset Rate HCP_IMSC DAIMC UEAF IMG BSV | Ours | Mask-IMVC IMC-MCL | Ours
SensIT300 0.1 44.13 45.19 47.02 4530 47.39 | 50.82 50.68 18.40 50.82
SensIT300 0.5 38.17 42.64 44.15 42.17 38.08 | 44.41 36.06 17.87 44.41
SensIT300 0.9 32.12 31.44 33.47 30.20 33.53 | 33.84 38.36 16.61 33.84
Statlog 0.1 44.74 36.06 3245 47.10 38.96 | 36.37 58.38 8.52 36.37
Statlog 0.5 24.07 18.74 19.56  24.72 24.71 | 24.86 3245 7.71 24.86
Statlog 0.9 20.02 23.48 1534 22.18 24.17 | 25.35 30.79 9.24 25.35
ORL 0.1 78.05 41.72 47.13 23.09 11.62 | 79.86 55.56 1.58 79.86
ORL 0.5 12.84 2.54 11.52  7.235 10.10 | 14.34 33.32 1.81 14.34
ORL 0.9 2.27 2.24 2.29 225 238 | 249 34.53 1.29 249
Yale 0.1 46.68 39.10 46.40 25.22 17.77 | 47.94 45.75 11.47 47.94
Yale 0.5 31.27 7.85 12.88 12.53 13.09 | 32.80 30.66 8.39 32.80
Yale 0.9 7.68 10.82 11.27 1024 11.32 | 11.93 28.82 3.33 11.93

Table 2: Mean Fls (%) of different methods on the SensIT300, Statlog, ORL and Yale datasets.

Experiment
Dataset Description

Experiments are conducted on four public datasets (ORL
(Wang et al. 2016), Yale, SensIT300, and Statlog (Zhou
et al. 2015)) and two private datasets, namely Fructus Au-
rantii Disease Datasets (FADD) and Fructus Aurantii Pest
Datasets (FAPD). Details of all datasets are summarized in
Table 3.

Datasets | ORL Yale SensIT300 Statlog FADD FAPD
Dim 1 | 4096 4096 50 9 1000 1000
Dim2 | 3304 4096 50 10 256 256

Samples | 400 165 300 2310 1036 1532
Classes 40 15 3 7 7 10

Table 3: Introduction to datasets.

In the private datasets, the text modality has a dimension-
ality of 256, while the image (Li et al. 2025a, 2024; Zou
et al. 2025) modality is 1000-dimensional. The Fructus Au-
rantii Disease Dataset includes 7 disease categories, while
the Pest Dataset contains 10 pest categories.

To validate the effectiveness of the proposed method,
IMC-GCSW is compared against seven representative in-
complete multimodal fusion methods, including DAIMC
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(Hu and Chen 2018), UEAF (Wen et al. 2019), BSV (Xu
et al. 2020), IMG (Zhao et al. 2016), HCP-IMSC (Li et al.
2022b), Mask-IMVC (Li et al. 2025b) and IMC-MCL (Yin
et al. 2025).

Experimental Setting

In the experiments, missing rates of 0.1, 0.5, and 0.9 are ap-
plied to each dataset to simulate varying levels of incom-
pleteness in multimodal data. All experiments are conducted
on a Windows platform equipped with an Intel(R) Core(TM)
i7-8750H CPU @ 2.20GHz and 16GB of RAM, using MAT-
LAB 2021b for implementation.

In the experiments, two commonly used metrics are em-
ployed to evaluate clustering performance: Accuracy (ACC)
(Yang and Yi 2008) and F-score.

Experimental Results and Analysis

In this experiment, the best results for each metric are shown
in bold, and the second-best are underlined. Tables 1 and
2 show the ACC and F-score of IMC-GCSW and baseline
methods on four datasets. To test model robustness, exper-
iments were done under low (0.1), medium (0.5), and high
(0.9) missing rates. Notably, Mask-IMVC and IMC-MCL
are deep learning-based methods designed for incomplete
multimodal clustering, which are different from traditional
approaches. The details are as follows:



Method ACC (%) F-score (%) Time (s)
IMC-GCSW 57.78 56.52 160.57
HCP-IMSC 55.29 54.41 236.79

Table 4: Analysis of two hypergraph-based multimodal clus-
tering methods on the Caltech101-7 dataset with 90% in-
complete samples in each modality.

e IMC-GCSW achieves the best overall performance
among all evaluated machine learning methods. As
shown in Tables 1 and 2, IMC-GCSW consistently out-
performs other incomplete multimodal clustering algo-
rithms in terms of both ACC and F-score. On the ORL
and Yale datasets, it achieves the highest accuracy and
F-score across all levels of incompleteness.

Graph-based methods generally outperform traditional
approaches. In particular, the unimodal method BSV
often performs worse than multimodal methods, indi-
cating that leveraging cross-modal complementarity en-
hances clustering accuracy and generalization. For ex-
ample, graph-based models such as HCP-IMSC and the
proposed IMC-GCSW show superior performance com-
pared to matrix factorization-based methods.

Mask-IMVC and IMC-MCL are deep learning-based
methods designed for incomplete multimodal clustering.
Compared to these approaches, IMC-GCSW achieves ei-
ther the best or second-best performance under low miss-
ing rates. Notably, on the ORL dataset, it significantly
outperforms Mask-IMVC and IMC-MCL in terms of
ACC and F-score, demonstrating its ability to effectively
leverage complete modality information to enhance clus-
tering on incomplete data.

However, the performance of IMC-GCSW deteriorates
at high missing rates, as the aggregation of supernodes
to extract a consistent clustering indicator matrix heav-
ily relies on complete modality features. In contrast, deep
learning methods can discard missing modalities and per-
form unimodal clustering directly, resulting in stable per-
formance at missing rates of 0.5 and 0.9. In some cases,
these methods even outperform at a 0.9 missing rate com-
pared to 0.5, which contradicts the fundamental prin-
ciple of multimodal clustering—leveraging complemen-
tary information across modalities.

Effectiveness Evaluation and Convergence Analysis

Table 4 compares the performance of two hypergraph-based
incomplete multimodal clustering methods. It can be ob-
served that the proposed method exhibits clear advantages
in terms of clustering metrics, runtime efficiency, and model
complexity. To further verify its generalization and robust-
ness, we conduct comparative experiments on alternative
datasets (Caltech101-7), ensuring a more comprehensive
and fair evaluation.

IMC-GCSW is a typical optimization algorithm based on
the Augmented Lagrangian Method (ALM). In this section,
we experimentally validate its convergence behavior. Figure
3 illustrates the convergence curves of IMC-GCSW on four
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Figure 3: From left to right and top to bottom, the conver-
gence curves correspond to the ORL, SensIT300, Yale, and
Statlog datasets, respectively.

datasets with a missing rate of 0.5. As the number of itera-
tions increases, the objective value shows a general down-
ward trend, with a significant drop observed in the early
stages. These results, shown in Figure 3, demonstrate that
the proposed optimization strategy exhibits stable conver-
gence and is capable of reaching a locally optimal solution
within a reasonable number of iterations.

Application Analysis

To assess the practical effectiveness of the proposed model
and its performance in real-world scenarios, we conducted
experiments on the FADD and FAPD datasets. Tables 6 and
7 present the sample composition of these two datasets, re-
spectively. Two representative baselines, UGCF (Wang et al.
2024a) and HCP-IMSC, are selected for comparison. UGCF
restores missing values by leveraging intra-modal correla-
tions while preserving local structures, and adopts a simi-
larity graph topology similar to that in IMC-GCSW. HCP-
IMSC integrates multimodal affinity matrices via a self-
weighting mechanism to obtain a unified representation, ef-
fectively mitigating modality quality inconsistencies.

» Table 5 reports the clustering performance of IMC-
GCSW and the baseline methods on the FADD and
FAPD incomplete multimodal datasets. As shown in the
results, IMC-GCSW consistently achieves the best per-
formance across all evaluation metrics (NMI, ACC, and
F-score), demonstrating its robustness and effectiveness
in practical multimodal recognition scenarios.

The superior performance achieved in our experiments
can be attributed to two main factors. First, in real-world
scenarios, the missing rate is typically not excessively
high, as severe incompleteness is often considered a sen-
sor malfunction that can be addressed through mainte-



J9POdUY JIULIOJSURLY,

[ sayajed paudpep jo uondafoad aesury ]

x®

—
Patch + Positional Embedding

O Xg O ~ =
=g
_xo B 2,
P X}
T S
Feature Label
xX®)
Raw Data
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Method Citrus Disease Dataset Citrus Pest Dataset
NMI ACC F-score | NMI ACC F-score
UGCF 57.18 5282 56.72 | 6391 59.71 54.72
HCP-IMSC 5495 5047 5483 | 66.74 73.89  66.97
IMC-GCSW | 66.87 6232 67.24 | 75.84 82.74 76.61

Table 5: Clustering performance of different algorithms on the incomplete Fructus Aurantii Disease and Pest Datasets.

Disease Name Class-Id  Available Images

Scab 0 95

Canker 1 121
Fruit Cracking 2 169
Green Mold 3 225
Black Stem-End Rot 4 104
Russeting 5 175
Sooty Mold 6 147

Table 6: Disease category and the number of available im-
ages per class.

nance. Second, IMC-GCSW exhibits strong adaptability
and robustness to real-world data distributions.

Figure 4 illustrates the architecture of the feature extrac-
tion network. Each sample in the pest dataset contains four
modality-specific input feature maps captured from different
viewpoints: front (F), left (L), top (T), and right (R). These
multimodal images are designed for specific pest types, with
each modality providing distinct visual information that fa-
cilitates a more comprehensive representation of pest char-
acteristics.

During preprocessing, each image is divided into 16 x
16 patches, where each patch is flattened into a one-
dimensional vector. This transformation converts the orig-
inal 2D image data into a format suitable for standard ma-
chine learning models. The resulting feature tokens are then
processed and aggregated by a Transformer encoder, and
subsequently used for label prediction.
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Pest Name Class-Id  Available Images
Eight-Spotted Planthopper 0 64
White Planthopper 1 397
Flat Slug Moth 2 169
Lime Swallowtail 3 269
Green Stink Bug 4 157
Black Cicada 5 197
Green Chafer 6 169
Rough Shield Bug 7 57
Malignant Leaf Beetle 8 25
Great Mormon 9 28

Table 7: Pest categories and the number of available images
per class.

Conclusion

This paper proposes a sample-weighted clustering method
based on graph coarsening and label extraction to ad-
dress quality inconsistency in incomplete multimodal data.
The method assigns weights to individual samples and in-
troduces a cross-modality nearest-neighbor voting mecha-
nism to capture the data structure. Experiments on bench-
mark datasets and the incomplete Fructus Aurantii Disease
Dataset and Fructus Aurantii Pest Dataset demonstrate the
superiority of the proposed method in clustering perfor-
mance and efficiency. Future work will focus on enhancing
its robustness under high missing rates.
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