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Abstract: With the rapid development of remote sensing technology, satellites can now
capture multispectral (MS) and panchromatic (PAN) images simultaneously. MS images
offer rich spectral details, while PAN images provide high spatial resolutions. Effectively
leveraging their complementary strengths and addressing modality gaps are key challenges
in improving the classification performance. From the perspective of deep learning, this
paper proposes a novel dual-source remote sensing classification framework named the
Diversity Extraction and Fusion Classifier (DEFC-Net). A central innovation of our method
lies in introducing a modality-specific intra-class diversity modeling mechanism for the
first time in dual-source classification. Specifically, the intra-class diversity identification
and splitting (IDIS) module independently analyzes the intra-class variance within each
modality to identify semantically broad classes, and it applies an optimized K-means
method to split such classes into fine-grained sub-classes. In particular, due to the inherent
representation differences between the MS and PAN modalities, the same class may be
split differently in each modality, allowing modality-aware class refinement that better
captures fine-grained discriminative features in dual perspectives. To handle the class
imbalance introduced by both natural long-tailed distributions and class splitting, we
design a long-tailed ensemble learning module (LELM) based on a multi-expert structure
to reduce bias toward head classes. Furthermore, a dual-modal knowledge distillation
(DKD) module is developed to align cross-modal feature spaces and reconcile the label
inconsistency arising from modality-specific class splitting, thereby facilitating effective
information fusion across modalities. Extensive experiments on datasets show that our
method significantly improves the classification performance. The code was accessed on
11 April 2025.

Keywords: intra-class diversity; silhouette coefficient; long-tailed problem; multiple experts;
knowledge distillation

1. Introduction
With the continuous advancement of remote sensing technologies, satellite imagery has

become increasingly obtainable and is extensively applied in various domains, including
classification, object detection and environmental analysis. Different types of sensors
capture distinct image characteristics, such as MS and PAN images. MS images provide
spectral information but have a low spatial resolution, whereas PAN images offer high-
resolution spatial details but lack fine-grained spectral features. Therefore, combining the
advantages of both data sources for joint classification is of great significance.
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Existing methods for the fusion of MS and PAN data mainly follow two approaches:
(1) data-level fusion, which merges MS and PAN data in the preprocessing stage to enhance
the overall data representation; (2) feature-level fusion, where modality-specific features
are independently extracted from MS and PAN images and subsequently aggregated to
enhance the overall classification accuracy.

The former method mainly obtains new image data through the pan sharpening of
PAN and MS; it then extracts features and performs classification. In recent years, several
outstanding methods have emerged. The main approaches include the intensity–hue satu-
ration transform (IHS) [1,2], the Brovey transform (BT) [3], principal component analysis
(PCA) [4], the wavelet transform (WT) [5,6] and the Laplacian pyramid transformation
(LPT) [7–9]. By employing adversarial learning techniques, Ma and Yu successfully pro-
duced high-quality pan-sharpened images [10]. Some researchers have introduced neural
networks into pan sharpening work, such as PanNet [11] and PSGAN [12]. Although
the above methods can effectively fuse dual-source images, they still inevitably lead to
feature loss.

Although the above methods demonstrate excellent performance and provide an
effective approach for dual-source image classification, the pan sharpening technique also
has its limitations. The fused images may introduce noise and distortions, which can lead
to a decline in classification accuracy.

The latter method begins by deriving representations from both MS and PAN images
and then integrates these dual-source features before classification. In recent years, DL
methods have become increasingly popular in the field of remote sensing [13–18]. Zhao
et al. [18] designed a cross-token attention (CTA) fusion encoder module to integrate infor-
mation and systematically combined a hierarchical CNN with a Transformer to eliminate
modality differences. Liao et al. [16] designed a two-stage mutual fusion network. They
proposed an adaptive twin IHS (ATIHS) data fusion strategy and an interlaced channel
addition (ICA) module to address data fusion and feature fusion.

As the volume of remote sensing imagery continues to grow, the intra-class diversity
of individual categories increases, leading to more complex sample characteristics. For
example, in the “building” category, variations in illumination, viewing angles and material
properties can result in significant intra-class diversity. This diversity may lead to clas-
sification confusion, thereby reducing the model’s classification accuracy. Han et al. [19]
proposed a method based on a forgetting network to extract common features from highly
diverse classes while suppressing sub-class-specific features to mitigate the intra-class
diversity. Sun et al. [20] used two GANs to enhance the difference between the background
and the samples, and they augmented the samples with large intra-class variance.

There are still unresolved and often overlooked problems in the domain of dual-source
remote sensing, which are as follows.

(1) Existing solutions aimed at addressing intra-class diversity still suffer from issues such
as inefficiency or excessively long training times. The forgetting network may result
in feature loss, which weakens the discriminative power between different classes
and may even introduce further classification confusion. Moreover, using GANs for
sample augmentation significantly increases the training time and is not well suited
for classification with limited sample numbers. Therefore, there is a strong need for
a method that can effectively mitigate intra-class diversity without increasing the
number of training samples, while preserving as much original sample information
as possible.

(2) In real-world scenarios, the number and distribution of land cover types are often
inherently imbalanced. When constructing remote sensing datasets by sampling from
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large-scale scenes, the long-tailed problem is almost inevitable. Alleviating the model’s
bias toward head classes remains a crucial challenge that warrants significant attention.

(3) Samples in dual-source datasets represent different descriptions of the same scene;
therefore, it is necessary to design an improved network to fuse dual-source features
and perform classification.

In response to these challenges, we present DEFC-Net, a newly designed framework
tailored to the classification of dual-source remote sensing imagery. This work makes the
following key contributions.

(1) We propose a novel modality-specific intra-class diversity modeling module, which
independently estimates the intra-class diversity in MS and PAN modalities by
computing the average intra-class variance. Classes exhibiting high diversity are
automatically split using an optimized K-means algorithm, allowing fine-grained
representation learning within each modality.

(2) To alleviate the long-tailed distribution problem commonly found in remote sensing
data, we design a multi-expert-based long-tailed ensemble learning module (LELM),
which independently extracts single-source features and reduces the dominance of
head classes, thus improving the recognition of minority classes.

(3) We introduce a dual-modal knowledge distillation (DKD) framework to unify dual-source
features while handling the class number inconsistency caused by modality-specific
class splitting as shown in Figure 1. This framework facilitates effective feature fusion
and enables compact student models to learn from teacher models with heterogeneous
class structures.

The rest of our paper includes the following sections. Section 2 provides the back-
ground of the related work. Section 3 discusses our method in detail. Section 4 discusses
our experiments. Finally, Section 5 concludes our work.

MS PAN

k=5 k=2

Figure 1. In the Hohhot training dataset, we take class c6 (sparse building) as an example. This class
exhibits high intra-class diversity in both the MS and PAN modalities. Interestingly, the number of
sub-classes within c6 differs across the two modalities, which highlights the necessity of performing
modality-specific diversity identification and class splitting.

2. Related Work
2.1. Intra-Class Diversity

Intra-class diversity typically exists among samples within the same category, with the
main challenge arising from the significant variations in objects within the same semantic
class. These variations make it difficult for models to extract stable discriminative features.
Differences in style, shape and size further complicate the accurate classification of scene
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images. In contrast, inter-class diversity refers to the overlap between samples of different
semantic categories. The current mainstream deep learning methods primarily focus
on addressing inter-class diversity, often neglecting the classification errors caused by
intra-class diversity.

In addition to the contributions made by Han et al. [19] and Sun et al. [20] in the study
of intra-class diversity, many researchers have also recognized the impact of intra-class
diversity on classification. Xie et al. [21] addressed the issue of limited RS training samples
through data augmentation and mitigated misclassification caused by intra-class diversity
using a label augmentation approach. Lin et al. [22] utilized two orthogonal generative
adversarial networks to generate the background and target separately, thereby reducing
intra-class variation and enhancing the semantic segmentation performance.

2.2. Knowledge Distillation

Knowledge distillation (KD) extracts knowledge from a large model and condenses it
into a smaller model, resulting in a lightweight network that performs comparably to or
even better than the teacher.

Hinton et al. [23] were the first to introduce the idea of transferring knowledge from a
larger model to a smaller one, a concept now known as knowledge distillation. Knowledge
distillation trains the student model using soft labels generated by the teacher model.
Compared to hard labels, soft labels have better generalizability, leading to better training
results. The objective function of knowledge distillation is obtained by weighting the distill
loss and the student loss, as shown in the following formula:

L = α · Lsoft + β · Lhard

In recent years, knowledge distillation (KD) has been broadly applied in a num-
ber of fields. In the field of computer vision, KD is used for model compression and
acceleration [24–27]. Furthermore, KD has also been extensively used in natural language
processing and remote sensing image analysis, especially when dealing with large-scale
data [28–31]. One of the major advantages of KD is its ability to effectively transfer knowl-
edge from a large model to a lightweight model, which significantly reduces the computa-
tional complexity while maintaining high performance. Additionally, KD enables better
generalization by incorporating the teacher’s soft target distribution, leading to improved
robustness and stability in various downstream tasks.

3. Method
This section provides a detailed overview of the proposed DEFC-Net architecture as

shown in Figure 2 and the overall pipeline of DEFC-Net is shown in Algorithm 1. DEFC-
Net consists of three components: intra-class diversity identification and splitting (IDIS),
the long-tailed ensemble learning module (LELM), and dual-modal knowledge distillation
(DKD). Our code is available at https://github.com/Xidian-AIGroup190726/DEFCNet
accessed on 11 April 2025.

3.1. Intra-Class Diversity Identification and Splitting

To overcome the problem of intra-class diversity, we propose the IDIS strategy to
identify class diversity and split highly diverse classes. Given a training dataset, the
input consists of MS ∈ RW×H×1 and PAN ∈ R4W×4H×1, with a total of N classes. The
corresponding datasets are denoted as DMS

O and DPAN
O , respectively. IDIS is performed

in a single modality. For clarity and convenience, we illustrate the IDIS process in detail
using MS and its dimension-reduced counterpart MP as an example. The same procedure
applies to PAN and PP.

https://github.com/Xidian-AIGroup190726/DEFCNet


Remote Sens. 2025, 17, 1998 5 of 20

To identify and segment classes with high diversity in the MS space, we first perform
dimensionality reduction using intra-class diversity identification and detect highly diverse
classes in the MP space. For each identified class, we apply an optimized K-means method
estimate the most suitable cluster count k and then use the reduced-dimension data to guide
the division of the original MS samples into k sub-classes. Finally, all classes are sorted in
descending order based on their sample counts. The general process is illustrated in Figure 3.

MS
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samples

PAN

(a) Intra-class Diversity Identification and Splitting
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Intra-class Diversity Identification

Guide
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Figure 2. The overall architecture of DEFC-Net. (a) IDIS: This module is executed independently on
both modalities. PCA is used to perform dimensionality reduction on the data. Intra-class diversity
identification is conducted to construct a splitter, which guides the splitting of classes with high
intra-class diversity, and to construct new datasets. (b) LELM: The single-source dataset and its
subsets are used to train a single-source teacher model. (c) DKD: The student model is trained using
the two single-source teacher models.

Algorithm 1: Overall Pipeline of DEFC-Net

Input: Original datasets DMS
O , DPAN

O
// Step 1: Intra-Class Diversity Identification and Splitting

(IDIS)

1 MS PCA−−→ MP ;
2 Apply IDI to MP to determine the optimal k and sub-class splitting strategy;
3 Use the splitting result of MP to guide the division of MS and obtain DMS;
// The same operation is applied to PAN to obtain DPAN.
// Step 2: Long-Tailed Ensemble Learning Module (LELM)

4 Divide DMS equally by class into three subsets Di = DH , DM, DT .;
5 Train a sub-classifier STi on each subset Di, i = H/M/T.;
6 Use DMS and all sub-classifiers STi, i = H/M/T to train TMS.;
// Perform the same operations on DPAN to obtain the TPAN.
// Step 3: Dual-Modal Knowledge Distillation (DKD)

7 Use TMS and TPAN to guide the training of student model S;
8 Feed DMS

O and DPAN
O into S to produce final output.
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Figure 3. For categories with high diversity, we use MP to estimate the optimal number of clusters
k using the K-means method and the silhouette coefficient. This guides the segmentation of highly
diverse categories Ci in the original dataset DMS

O , ultimately constructing two single-source datasets.
Following the same procedure, we can also divide highly diverse classes in the dataset DPAN

O and
build a new dataset DPAN .

3.1.1. Intra-Class Diversity Identification

To simplify the process of intra-class diversity identification and extract the principal
components of the samples, we first perform data preprocessing by using principal compo-
nent analysis (PCA) for dimensionality reduction on all training samples. PCA is chosen
because it effectively captures the principal components of the data while eliminating
noise and irrelevant dimensions. PCA projects the high-dimensional data onto a lower-
dimensional sub-space spanned by the top principal components, which are obtained via
the eigenvalue decomposition of the covariance matrix and preserve the most significant
variance in the data. We reduce both the MS and PAN features to three dimensions using
PCA, resulting in MP ∈ R3 and PP ∈ R3, respectively. This approach not only lowers the
computational costs but also improves the clarity of intra-class patterns, which is essential
in accurately assessing diversity.

MS PCA−−→ MP, PAN PCA−−→ PP (1)

For the dimension-reduced data MP, we define class Ci with nCi samples in the MP
space, where xm, xn ∈ Ci. The intra-class diversity of a class is measured by the mean
squared Euclidean distance between the samples in class Ci:

Gi =
1

n2
Ci

nCi

∑
m=1

nCi

∑
n=1

∥xm − xn∥2 (2)
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Based on this, we can calculate the average intra-class diversity:

G =
1
N

N

∑
i=1

Gi (3)

A class is considered to have significant intra-class diversity if its diversity measure
Gi exceeds G. By comparing the diversity measures of each class with the overall average
G, we can dynamically determine which classes exhibit greater complexity or variability
within their samples. This is represented as follows:

SPi =

1, Gi > G

0, else
(4)

When SPi = 1, we consider that the class Ci has higher intra-class diversity in a single
modality and requires splitting. In contrast, when SPi = 0, no splitting operation is
performed in class Ci.

3.1.2. Optimized K-Means Method

In order to divide the highly diverse class into k sub-classes, we first introduce the
process of performing a single iteration of K-means [32].

Firstly, for all data samples xi ∈ Ci, where SPi = 1, we randomly initialize the cluster
center uk (i = 1, 2, . . . , k) in the MP space. We compute the Euclidean distance from xi to
each cluster center uk:

d(xi, uk) = ∥xi − uk∥ (5)

Secondly, we assign all samples to the nearest cluster and compute the mean of all
data points in each cluster uk; we then update the position of uk:

uk =
1

nCij
∑

xi∈Cij

xi (6)

where Cij denotes the j-th sub-class of Ci with nCij samples.
Thirdly, we repeat the process from Equations (5) and (6) until the cluster centers no

longer change, at which point we have completed the intra-class K-means clustering. Now,
the origin class Ci is divided into k sub-classes Ci1, Ci2, . . . , Cik in the MP space.

To determine the best number of sub-classes in a highly diverse class, we introduce
the silhouette coefficient to identify the optimal number of splits. The silhouette coefficient
varies within [−1, 1], with larger values signifying more effective clustering results. The
main advantage of using the silhouette coefficient is its ability to assess both the cohesion
and separation of the clusters. It measures how close samples are within the same cluster
and how far they are from other clusters, providing a comprehensive evaluation of the
clustering quality to help in selecting the optimal number of sub-classes. Let xi be a sample
belonging to class Ci. The silhouette coefficient is computed as follows:

Sk =
1

nCi

nCi

∑
i=1

b(xi)− a(xi)

max(a(xi), b(xi))
(7)

where a(xi) is the average distance from sample xi to other samples within the same group,
and b(xi) is the average distance from xi to samples in the nearest neighboring group.
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Then, we evaluate the silhouette coefficient Sk (k = 2, 3, . . . , kmax), and the optimal
silhouette coefficient S is determined as follows:

S = max
k

Sk (8)

Therefore, for the highly diverse class Ci, the optimal number of sub-classes is de-
termined by the value of k that maximizes Sk. Furthermore, this approach allows us to
precisely identify the sub-class to which each sample xi belongs. Based on the clustering
results of class Ci in the MP space, we perform segmentation in the MS space and obtain a
new dataset DMS, as shown in Figure 3. Following the same procedure, we also obtain a
new dataset DPAN .

Using IDIS, we can effectively divide highly diverse classes into multiple sub-classes
with smaller feature spaces and more precise feature representations.

3.2. Long-Tailed Ensemble Learning Module

Multi-expert approaches have been widely applied to address the long-tailed prob-
lem [33–36]. Most methods follow a common strategy of splitting the dataset into two or
three subsets. Each subset is used to train an expert, and, eventually, the weights of the
expert models are shared.

In this section, we continue to use the MS modality for demonstration, while the
procedure for PAN is identical. In our approach, to handle the class imbalance introduced
by both natural long-tailed distributions and class splitting, we propose a multi-expert-
based long-tailed ensemble learning module (LELM). We divide the new dataset DMS into
three subsets by evenly partitioning the classes into head, middle and tail groups. Accord-
ingly, we employ the corresponding subsets DH , DM and DT to train three specialized
sub-classifiers STH , STM and STT , respectively. Then, we directly transfer the knowledge
from the three sub-classifiers to the main classifier T. The structure of the LELM is shown
in Figure 4.

Long-tailed Ensemble Learning Module

T ceL

T M ceL L L= +

MSD

HD

MD

TD

HST

MST

TST

ML

Hf

Mf

Tf

HL

ML

TL

cef

Figure 4. We take the DMS dataset as an example to demonstrate this module, and the same operations
are applied to the DPAN dataset. We first train multiple sub-classifiers to alleviate the classification
bias caused by the long-tailed distribution. Then, the main classifier is trained by transferring
knowledge from these sub-classifiers along with the entire single-source dataset.
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3.2.1. Sub-Classifier STi Training Process

In order to avoid a preference for head classes, we train three sub-classifiers STH ,
STM and STT . For a training sample xi, i = H/M/T sampled from Di = DH/DM/DT , we
define the loss function for STi as shown below:

Li = − 1
Ni

∑
xi∈Di

Pi(xi) log( fi(xi)) (9)

where Ni denotes the number of samples in Di. fi(xi) is the output of STi. Pi(xi) is the
ground truth of xi. Through training, we can obtain three well-trained sub-classifiers STi.

3.2.2. Main Classifier T Training Process

To transfer knowledge from all sub-classifiers STi to the main classifier T, we use
features extracted by each STi to supervise T. For a training sample xi, i = H/M/T
sampled from Di = DH/DM/DT , its feature is Fi(xi) given by STi. We define the loss
function for T as shown below:

LM =
1

NB
∑

xi∈Di

(Fi(xi)− FT(xi))
2 (10)

where NB is the batch size. FT(xi) is the feature produced by T.
To ensure that the main classifier T retains basic classification capabilities during

training, we need to use the cross-entropy loss. fce(xi) is the output of the main classifier T,
and P(xi) is the ground truth of xi. The cross-entropy loss is defined as follows:

Lce = − 1
NB

∑
xi∈DMS

P(xi) log( fce(xi)) (11)

Based on Equations (10) and (11), we obtain the overall loss function:

LT = LM + Lce (12)

Through this improved ensemble learning method, we can successfully mitigate the
influence of head classes on tail classes and obtain a well-trained classifier TMS. Following
the same procedure, we also obtain the classifier TPAN .

3.3. Dual-Modal Knowledge Distillation

To address the inconsistency in the number of classes between the new dataset and
the original dataset, as well as to fuse dual-modality information, we propose a dual
knowledge distillation (DKD) framework, where the two models TMS and TPAN serve
as teacher models with frozen parameters, and S serves as the student model. The DKD
architecture is shown in Figure 5.

Let xi ∈ MS and xj ∈ PAN from original datasets DMS
O and DPAN

O represent the same
scene from two modalities. We input them into their respective teacher models to integrate
the knowledge from both teacher models, and we concatenate the extracted features:

FF = FMS ⊕ FPAN (13)

xi and xj are also fed into the student model S to obtain their feature representations
FS

1 . Then, FS
1 and FF are mapped through the different decoders to obtain the features FS

3
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and FT , respectively. The first loss term LTT is employed to assist the student model in
learning the similarity information from the teacher models. It is defined as follows:

LTT =
1

NB
∑(FS

3 (xi, xj)− FT(xi, xj))
2 (14)

To encourage the student model to develop independent learning capabilities in
addition to learning from the teacher models, we pass FS

1 through another decoder to
obtain feature FS

2 . We then concatenate the teacher-learned feature FS
3 with the self-learned

feature FS
2 from the student model S to provide a more informative input. This feature

fusion enables the student model to benefit from both the guidance of the teacher model and
its own learning process for improvement. As a result, the student model is able to improve
its ability to learn independently and boost its overall performance. The concatenated
feature is defined as

FS = FS
2 ⊕ FS

3 (15)

Then, we introduce a supervised learning objective LCE, which is defined as

LCE = − 1
NB

∑ P(xi, xj) log( f S(xi, xj)), (16)

where f S(xi, xj) is the output of the DKD module. P(xi, xj) is the ground truth, indicating
that xi and xj are different modality representations of the same scene.

The final objective function of the student model is a weighted combination of these
two losses:

LS = λ ×LTT + LCE. (17)

Here, λ is a hyperparameter that determines the balance between feature alignment and
independent learning. We will determine the optimal λ through experiments.

C

PAN

C

MS

Teachers

Student MLP

MLP

MLP

Classification

PANF

PANT

MST
MSF

S

MLP

FF

1

SF 2

SF

3

SF

TF
CEL

Dual-modal Knowledge Distillation

C concatenate

ix

jx

SF

Frozen

Sf
TTL

S TT CEL L L=  +

Figure 5. We freeze the parameters of the teacher models and extract features through them. Our
student model not only receives guidance from the teacher models but also develops independent
learning capabilities.

Through DKD, the knowledge from the teacher model has been successfully conveyed
to the student model and we significantly compress the size of the student model. Moreover,
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the application of DKD enables the effective fusion of dual-source information and leads to
a considerable improvement in the classification accuracy.

4. Experimental Results
4.1. Dataset Description

In order to assess the performance of the proposed method, we perform extensive
experiments on three different datasets. The goal of these experiments is to validate the
practicality and effectiveness of our approach. The details of the datasets are provided below.

4.1.1. Hohhot

As shown in Figure 6a, the Hohhot dataset comprises both MS and PAN imagery. The
MS data offer four spectral channels with a spatial resolution of 3.2 m, and the dimensions
are 2001 × 2001 × 4. In contrast, the PAN imagery includes a single spectral band at a
higher resolution of 0.8 m, sized at 8401 × 8401 × 1. This dataset is divided into 11 land
cover classes.

Water

Road

Bareland

Vegetation

Sparse Building

Intensive Building

Suburb Building

Farmland

White Building

Red Building

Blue Building

                                

728

1437

1483

729

2159

2011

1115

1014

774

773

738

14952

38429

25548

10998

50252

41963

29471

15199

7825

8756

30652

Water

Road1

Bareland

Vegetation

Red Building

Blue Building

Intensive Building

White Building

Sparse Building

Road2

Lowvegetation

1600

1858

1114

2012

1663

272

3467

604

530

254

644

58236

54239

43403

61715

53864

12054

126012

17621

8583

11737

15397

Water

Road1

Bareland

Road2

Suburb Building

Intensive Building

White Building

Sparse Building

Tree

Lowvegetation

Farmland

Workshop Building

2676

1558

125251

65447

1817

2566

3617

5578

4175

4086

8309

14055

4018

3437

96698

116160

157373

255036

189697

169072

341197

581470

165888

145348

(a)

(b)

(c)

Figure 6. The experiments were conducted using three datasets: (a) Hohhot, (b) Nanjing and
(c) Xi’an. Each figure is organized into five columns, representing the MS image, PAN image, training
dataset, testing dataset and corresponding labels. The label column displays, from left to right, the
representative color, the class label, the count of training samples and the count of testing samples.

4.1.2. Nanjing

As shown in Figure 6b, the Nanjing dataset contains both MS and PAN imagery. The
MS imagery includes four spectral bands with a spatial resolution of 4 m and a size of
2000 × 2500 × 4. In comparison, the PAN imagery provides a finer resolution of 1 m and
covers an area of 8000 × 10,000 × 1 pixels. This dataset is categorized into 11 distinct land
cover classes.

4.1.3. Xi’an

As shown in Figure 6c, the Xi’an dataset consists of both MS and PAN imagery. The
MS imagery is composed of four spectral bands with a spatial resolution of 8 m, covering
an area of 4548 × 4541 × 4 pixels. The PAN imagery offers a higher spatial resolution of
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2 m and has dimensions of 18,192 × 18,164 × 1. This dataset is organized into 12 land
cover classes.

4.2. Experimental Setup

We use the overall accuracy (OA), average accuracy (AA) and Kappa coefficient
(Kappa) to evaluate our work and facilitate a comparison with the performance of other
models. Our training and testing sets are completely separated. As shown in Figure 6, the
labels contain information about the color, class name, training set and testing set. The
training datasets clearly exhibit the prevalent issue of sample imbalance. For instance, in
the Hohhot dataset, class c5 (intensive building) includes 2159 instances, whereas class
c11 (blue building) has only 738. Similarly, the Nanjing dataset shows a large disparity,
with the most represented class having 3467 samples and the least represented only 254. In
the Xi’an dataset, this imbalance is even more pronounced, as the largest class comprises
14,055 samples, while the smallest contains merely 1558. Table 1 presents the detailed
parameters of DEFC-Net. As mentioned earlier, the resolution ratio between the MS and
PAN images is 1:4, while the channel ratio is 4:1. Therefore, the pixel block sizes for MS
and PAN are set to 16 × 16 × 4 and 64 × 64 × 1, respectively. To align with the LELM
module, we evenly divide the dataset into three parts, corresponding to DH , DM and DT ,
in both modalities. We optimize the network with the best hyperparameters and repeat the
experiments 5 times, taking the average as the final result.

In terms of training details, we use the Adam optimizer throughout all modules. For
the six sub-classifiers in the LELM module, we set the learning rate to 1 × 10−4 and train
for 20 epochs. Each main classifier, TMS and TPAN , is supervised by three corresponding
sub-classifiers and trained with a learning rate of 1 × 10−5 for 20 epochs. In the DKD
module, the training is also conducted with Adam, using a learning rate of 1 × 10−5 for
25 epochs.

Table 1. Hyperparameters.

Stage Operation MS_Branch PAN_Branch Output

Intra-Class Diversity
Identification and

Splitting

PCA DMS
O (16 × 16 × 4) DPAN

O (64 × 64 × 1)
MP(3)
PP(3)

Variance MP(3) PP(3) SPi

Splitting DMS
O (16 × 16 × 4)

MP(3)
DPAN

O (64 × 64 × 1)
PP(3)

DMS(16 × 16 × 4)
DPAN(64 × 64 × 1)

Single-Modal Classification
Enhancement Module

STi
Training DMS(16 × 16 × 4) DPAN(64 × 64 × 1) STi

T
Training

DMS(16 × 16 × 4)
STi

DPAN(64 × 64 × 1)
STi

TMS

TPAN

Dual-Modal Knowledge
Distillation

TMS DMS
O (16 × 16 × 4) - FMS(NB × 512)

TPAN - DPAN
O (64 × 64 × 1) FPAN(NB × 512)

S DMS
O (16 × 16 × 4) DPAN

O (64 × 64 × 1) Class

4.3. Hyperparameter Analysis

In this section, we aim to determine some important hyperparameters through ex-
periments. In the DKD module, to determine the value of λ in the loss function through
experiments, we adopt the method of controlled experiments by varying only the parameter
λ, aiming to identify its optimal value through the experimental results and analyze the
underlying reasons for its performance.
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In detail, we select a step size of 0.1 and test the maximum value of λ from 0.1 to 0.9,
obtaining the results shown in Figure 7. The figure indicates that the model achieves its best
performance when λ = 0.5. When λ is too large, the performance decreases. Conversely,
when λ is too small, the teacher model loses its guidance on the intra-class diversity features,
resulting in a decline in performance. Therefore, we choose λ = 0.5 for training.
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

O
A
(%
)
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79.9

78

74.9

Figure 7. Experimental results regarding different values of the hyperparameter λ on different
datasets.

4.4. Experimental Results

In the table of our experimental results, the numbers in bold highlight the best-
performing model, whereas the underlined numbers signify the second-best performance.

4.4.1. Hohhot Dataset

This section presents an extensive evaluation of various networks on the Hohhot
dataset, aiming to demonstrate the efficacy of our proposed approach. The quantitative
results are presented in Table 2, while the qualitative performance is illustrated in Figure 8.

Table 2. Hohhot.

Methods IHS+ResNet NNC-Net MFT-Net AM3-Net CRHFF-Net GCF-Net ISSP-Net DEFC-Net

c1 84.60 87.55 96.18 92.02 95.80 86.70 92.45 89.20
c2 69.14 75.40 76.46 76.39 81.48 62.20 82.82 85.39
c3 90.13 84.76 81.99 84.44 88.48 68.84 84.01 84.79
c4 79.20 85.24 69.03 84.38 87.85 76.07 79.24 84.12
c5 66.45 67.63 54.23 56.88 59.57 58.99 63.79 67.57
c6 59.90 60.41 60.83 65.17 60.56 61.91 64.18 63.74
c7 78.01 73.94 67.83 86.66 69.98 70.10 71.92 79.36
c8 90.10 91.94 91.36 92.59 93.53 89.51 95.12 89.98
c9 63.1 52.93 58.79 55.63 55.16 54.46 62.65 61.51
c10 53.75 57.38 82.46 74.00 78.50 32.37 72.32 71.74
c11 77.81 59.86 75.04 67.77 77.11 32.03 78.13 69.12

OA 71.72 70.85 69.33 72.31 72.21 63.77 73.77 74.93
AA 73.84 72.46 74.02 75.91 77.09 63.01 76.97 77.96

Kappa 68.04 67.00 65.47 68.95 68.82 58.99 70.39 71.63
Time 131.39 83.42 15.62 81.62 150.86 265.81 145.18 173.24

The numbers in bold indicate the best-performing model, while the underlined numbers denote the second-best
performance.

IHS+ResNet first applies the IHS transformation to fuse the MS and PAN images. The
resulting fused images are then fed into a ResNet classifier for classification. However,
as mentioned in the Introduction, the fusion process may introduce noise and spectral
distortions, potentially leading to a decline in classification accuracy.
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GCF-Net [37] adopts a global patch-free classification framework to prevent patch-
based methods from disrupting the spatial structure and connectivity of images. Addi-
tionally, it integrates a collaborative fusion structure to capture both shallow-to-deep and
cross-modal features. However, significant confusion arises among three categories—c9
(white building), c10 (red building) and c11 (blue building)—indicating that the network
performs poorly in terms of color-based classification accuracy.

(a1) (a2) (b1) (b2)

(c1) (c2) (d1) (d2)

(e1) (e2) (f1) (f2)

Figure 8. Performance comparison of various models on the Hohhot dataset. The left column
displays the ground truth labels, while the right column presents the corresponding full-scene
outputs. (a1,a2) correspond to the results of NNC-Net; (b1,b2) depict MFT-Net; (c1,c2) represent
AM3-Net; (d1,d2) illustrate CRHFF-Net; (e1,e2) present GCF-Net; and (f1,f2) show the performance
of DEFC-Net.

MFT-Net [38] incorporates a Vision Transformer by integrating the Transformer en-
coder with the multi-head cross-patch attention (mCrossPA) mechanism. The attention
mechanism enables the class token (CLS token) derived from multi-modal data to be fused
with HSI patch tokens within the Transformer network, enhancing feature integration. Our
findings indicate that this architecture exhibits exceptional color perception capabilities.
However, its classification accuracy remains sub-optimal for categories such as c5 (intensive
building), c6 (sparse building) and c7 (suburb building), which rely primarily on spatial
information for differentiation.

Compared to MFT-Net, NNC-Net [39] has a more comprehensive ability to perceive
spatial features. NNC-Net achieves higher accuracy on classes c5 (intensive building), c6
(sparse building) and c7 (suburb building). This network introduces a data augmentation
strategy based on nearest-neighbor relationships, leveraging the semantic similarities
among adjacent regions to enhance the inter-modal semantic consistency. Furthermore, it
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incorporates a bilinear attention fusion module to strengthen feature interactions across
multiple modalities.

CRHFF-Net demonstrates excellent accuracy for large-area land cover types, includ-
ing c1 (water), c2 (road), c3 (bareland) and c4 (vegetation). It also performs well in the
color-based classification for c9 (white building), c10 (red building) and c11 (blue building).
CRHFF-Net integrates features from shallow to deep layers and from local to global, alleviat-
ing the issue of inconsistent feature representations in local patches. It also introduces an au-
toencoder (AE) network to fuse intermediate hidden-layer features of different resolutions.
The network’s local-to-global attention improves the accuracy for large-scale land cover,
while the multi-level feature extraction captures more comprehensive color information.

Additionally, AM3-Net [40] achieves competitive classification performance. It is the
first to employ the involution operator to effectively explore and quantify the channel-wise
feature responses of individual samples. Furthermore, it introduces an adaptive multi-
scale strategy combined with mutual learning to enhance feature transfer and cross-modal
interaction. The network’s excellent feature extraction and fusion capabilities enable it to
achieve high accuracy across various classes.

ISSP-Net [41] is a multi-modal classification network designed to improve feature
extraction by combining pixel-guided spatial enhancement and time–frequency spectral
enhancement. It leverages spatial attention and adaptive frequency weighting to better
capture both dominant and complementary features from different modalities. Therefore,
it achieves superior performance on the majority of classes and obtains higher overall OA.
In particular, it performs exceptionally well on classes c2 (road), c6 (sparse building), c8
(farmland), c9 (white building) and c11 (blue building).

Compared to all previous methods, our DEFC-Net performs well across all categories,
perfectly extracting both color and spatial information. Our network performs well across
the vast majority of classes, especially for classes c3 (bareland), c6 (sparse building) and c9
(white building), which exhibit strong intra-class diversity in both modalities. By using
IDIS to split the classes and extracting their features in detail through the LELM, followed
by integration via DKD, we achieve improved classification accuracy.

4.4.2. Nanjing and Xi’an Datasets

We conducted the same experiments on the Nanjing and Xi’an datasets and obtained
the experimental results. Our DEFC-Net still achieves the best OA, AA and Kappa.

The experimental results for the Nanjing dataset are shown in Figure 9 and Table 3. We
select three well-performing models for further analysis. ISSP-Net still performs excellently
on class c3 (bareland) and shows good performance on class c5 (building1). CRHFF-Net
still achieves outstanding accuracy for large-area land cover types, including c2 (road1), c3
(bareland) and c4 (vegetation1). NNC-Net has a more comprehensive ability to perceive
spatial features, thus performing well in most “building”-related categories. Compared
to the best existing algorithm, we improve the accuracy by at least 3%. In particular, the
precision in categories c1 (water), c5 (building1) and c6 (building2) increases significantly.
For other categories, our algorithm performs at a comparable level, demonstrating its
strong stability.

Figure 10 and Table 4 show the performance of various models on the Xi’an dataset. We
also select three well-performing models for further analysis. ISSP-Net works excellently on
class c3 (road2) and class c5 (low vegetation), as well as on the majority of the other classes.
CRHFF-Net and NNC-Net continue to demonstrate stable classification performance across
most categories. Our model achieves improvements in four categories. The accuracy for
c1 (water) and c4 (bareland) is higher than that of other algorithms. This is because our
algorithm addresses intra-class diversity in these two categories, reducing the classification



Remote Sens. 2025, 17, 1998 16 of 20

confusion caused by intra-class variability. Our model trains two teacher networks to
perform targeted feature extraction on dual-source data, followed by effective feature fusion
strategies. Our network also performs well on challenging classes such as c6 (farmland)
and c8 (intensive building).

(a1)

(c1)

(a2) (b1) (b2)

(c2) (d1) (d2)

(e1) (e2) (f1) (f2)

Figure 9. Performance comparison of various models on the Nanjing dataset. The left column
displays the ground truth labels, while the right column presents the corresponding full-scene
outputs. (a1,a2) correspond to the results of NNC-Net; (b1,b2) depict MFT-Net; (c1,c2) represent
AM3-Net; (d1,d2) illustrate CRHFF-Net; (e1,e2) present GCF-Net; and (f1,f2) show the performance
of DEFC-Net.

Table 3. Nanjing.

Method IHS+ResNet NNC-Net MFT-Net AM3-Net CRHFF-Net GCF-Net ISSP-Net DEFC-Net

c1 91.74 94.77 94.23 88.44 94.86 93.45 94.24 95.96
c2 25.47 67.25 64.21 40.62 72.96 37.36 59.47 70.27
c3 86.26 88.19 91.84 54.10 94.24 84.98 94.50 92.97
c4 85.94 75.83 76.58 71.55 84.85 78.65 80.80 84.53
c5 63.92 77.94 75.54 67.85 77.61 24.98 78.04 84.98
c6 94.53 93.03 91.60 93.66 95.59 44.95 95.33 97.27
c7 72.55 75.72 64.48 74.96 59.08 64.42 69.34 66.53
c8 81.61 84.37 75.73 90.98 81.76 64.74 58.44 82.13
c9 35.96 47.68 38.92 80.99 53.61 45.62 52.80 51.54

c10 58.88 53.03 34.21 91.86 43.07 13.58 33.90 48.30
c11 85.38 66.78 63.27 43.96 62.74 47.84 59.09 58.43

OA 71.29 77.77 73.35 70.22 75.52 61.65 75.01 78.05
AA 71.11 74.96 70.06 72.63 74.58 54.60 70.54 75.72

Kappa 66.31 74.03 69.11 65.02 71.77 55.01 71.03 74.56
Time 158.73 142.89 28.57 140.97 206.27 198.96 286.71 241.34

The numbers in bold indicate the best-performing model, while the underlined numbers denote the second-best
performance.
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Table 4. Xi’an.

Method IHS+ResNet NNC-Net MFT-Net AM3-Net CRHFF-Net GCF-Net ISSP-Net DEFC-Net

c1 92.19 93.15 97.35 95.61 95.89 96.75 95.89 97.52
c2 9.72 34.16 16.82 1.72 18.35 17.46 26.29 32.32
c3 61.09 62.14 50.69 11.61 62.01 55.38 68.75 58.70
c4 65.03 69.01 64.58 67.74 66.45 66.46 72.70 74.35
c5 36.50 55.10 46.68 18.81 55.51 36.06 54.81 40.00
c6 63.91 68.41 51.69 76.35 69.74 64.31 71.42 80.29
c7 93.52 77.92 91.78 37.73 84.84 89.12 86.47 76.60
c8 94.97 74.62 62.85 72.44 77.59 72.65 74.57 84.01
c9 62.26 77.48 75.73 80.85 77.18 76.40 77.17 75.61

c10 94.26 96.81 91.90 99.81 95.51 97.81 95.47 96.56
c11 88.42 94.23 94.52 75.48 95.39 90.71 92.03 93.78
c12 62.48 76.02 72.87 45.00 75.33 66.36 67.29 74.92

OA 75.27 79.24 74.65 69.58 79.42 76.86 79.58 79.93
AA 68.70 73.25 68.12 56.93 72.81 69.05 73.64 73.72

Kappa 71.89 76.24 71.08 64.18 76.44 73.48 76.66 77.07
Time 423.34 756.16 140.23 1401.60 1159.40 2474.40 872.85 1867.91

The numbers in bold indicate the best-performing model, while the underlined numbers denote the second-best
performance.

(a1) (a2) (b1) (b2)

(c1) (c2) (d1) (d2)

(e1) (e2) (f1) (f2)

Figure 10. Performance comparison of various models on the Xi’an dataset. The left column
displays the ground truth labels, while the right column presents the corresponding full-scene
outputs. (a1,a2) correspond to the results of NNC-Net; (b1,b2) depict MFT-Net; (c1,c2) represent
AM3-Net; (d1,d2) illustrate CRHFF-Net; (e1,e2) present GCF-Net; and (f1,f2) show the performance
of DEFC-Net.

4.5. Ablation Study

In this section, we conduct ablation experiments using the Hohhot dataset. By applying
the controlled variable method, we aim to demonstrate the effectiveness of our modules.
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We use ResNet-18 as our baseline. DEFC-Net consists of three modules: IDIS, LELM and
DKD. As the DKD module plays a central role in transferring knowledge from the two
teacher models to the student model, its failure would render both the IDIS and LELM
strategies ineffective for student learning. In contrast, the DKD module alone, without
the complementary guidance of IDIS and LELM, would also be ineffective. Based on this,
when verifying the effectiveness of the IDIS and LELM modules, the DKD module must be
used. When ablation experiments are performed, if the DKD module is used, at least one of
the IDIS or LELM modules must be included in the experiment as well. The results of the
ablation experiments are shown in Table 5.

According to the results in Table 5, based on the presence of DKD, IDIS contributes
the most to the improvement in model OA, increasing it by 6% compared to the baseline.
IDIS divides classes with high intra-class diversity into multiple independent classes for
training, allowing for more precise feature extraction and reducing the classification errors
caused by excessive intra-class variation.

The LELM can also improve the model accuracy. Compared to the baseline, the OA
is improved 3% based on the presence of DKD. The LELM is used to handle the class
imbalance introduced by both natural long-tailed distributions and class splitting, further
enhancing the classification capabilities of the student model. When all components are
present, the complete network achieves the best performance.

Table 5. Ablation results on Hohhot.

Baseline IDIS LELM DKD OA AA Kappa

✓ 65.41 66.39 64.12
✓ ✓ ✓ 68.51 69.86 66.70
✓ ✓ ✓ 71.34 73.35 69.07
✓ ✓ ✓ ✓ 74.93 76.96 71.63

“✓” indicates the corresponding module is included in the model configuration.

5. Conclusions
This paper introduces DEFC-Net, a classification model tailored to multi-modal re-

mote sensing, aiming to tackle both intra-class diversity and dual-source imbalances. We
conduct experiments on three datasets, demonstrating the effectiveness and superiority
of the model. Our network first offers a novel approach to extracting intra-class diversity
features, effectively mitigating the decline in classification accuracy caused by such diver-
sity. Regarding the long-tailed problem, we propose an improved strategy to address class
imbalances. Finally, in the dual-source scenario, we introduce an enhanced knowledge
distillation model to facilitate cross-modal feature fusion. However, the model requires a
two-stage process involving diversity extraction and knowledge transfer, leading to long
training times. In future work, we plan to refine our model to achieve higher training
efficiency without compromising its effectiveness.
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