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Abstract

Remote sensing scene classification is important for accu-
rate earth observation, environmental monitoring, and ge-
ographic analysis. However, intra-class diversity and do-
main-specific-variations make this classification quite dif-
ficult. This study aims to design a model that can general-
ize well on cross-domain datasets without accessing target
domain data. For this purpose, a novel deep learning model
“MSC-D3Net” is proposed that combines CNN and ViT
features within hierarchical domain disentanglement and
cross-scale semantic alignment. An adversarial domain
discriminator module, along with uncertainty calibration,
is also integrated. The model is trained and tested on three
publicly available datasets and achieved very high in-do-
main accuracies above 98% and cross-domain accuracies
above 93% on all datasets. The model also demonstrates
low-uncertainty errors and outperforms existing architec-
tures by a large margin.

Introduction

Background and Motivation

Deep learning (DL) has emerged as the prevailing method
of interpreting Remote Sensing (RS) images (Q. Liu et al.,
2025). This is evidenced by the high level of performance
achieved through the use of DL techniques for various RS
applications (i.e., scene classification, land-cover mapping,
and large-scale Earth observation analysis) (Huang et al.,
2025). CNN-based models, as well as Vision Transformer
(ViT), are highly capable of capturing both multi-scale spa-
tial relationships and long-range contextual dependencies
that exist in high-dimensional aerial imagery and satellite
imagery (i.e., use of different ends to generate a single im-
age) (Li et al., 2025). In the majority of cases, DL based
methods have been developed under the closed-domain
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premise that training and test datasets are drawn from the
same distribution; unfortunately, in reality, this premise
does not hold, and therefore, DL based methods have never
been validated in a representative manner within the context
of their intended use cases (Gorriz et al., 2023). In real-
world scenarios, RS images generally reflect highly hetero-
geneous characteristics due to differences among RS sens-
ing technologies, their various spatial resolutions, how the
images were collected (i.e., observing platforms), types of
geographical conditions (i.e., seasons), etc (Jafarbiglu &
Pourreza, 2022). Due to these considerable cross-domain
variations, a significant domain shift will occur, which will
greatly impair the ability of DL models to generalize to data
outside the source dataset used for training. This essentially
creates a situation where the use of a source dataset is pos-
sibly neither scalable nor reliable with respect to future use
of the model.

Problem Statement

Complex scene understanding represents one of the hardest
problems in the context of cross-domain generalization due
to high intra-class diversity and low inter-class reparability
of semantic categories (D. Wang et al., 2025). The primary
approach used by traditional domain adaptation methods
when addressing this problem has been to align feature dis-
tributions between the source and target domains while re-
lying on access to target-domain data during training (M.
Xie et al., 2025). However, in many instances, target-do-
main data is not available or is too difficult to obtain in RS
cases, thereby necessitating the use of domain-generalized
models that can function without needing target-domain su-
pervision (Ghazaei & Aptoula, 2025). Therefore, given a
Sy} with distribution P, (x, y)

source domain Dg = {(x;
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and an unknown target domain D, with distribu-
tion P.(x,y) # P;(x,y), the objective is to learn a classifier
f:X =Y from Dy that generalizes to D, without having any
access to the target domain data during training.

Related Work

The focus of current research into RS image comprehension
has been to enhance in-domain model performance using
DL architectures, especially CNNs and recently, ViTs. The
capabilities of the methodologies were significantly im-
proved by using DL approaches to learn both spatial and
contextual discriminating features. Despite their successes
in identifying features, the application of such techniques on
previously unseen domains results in large performance
drops because of the inherent distributional shifts associated
with RS data, such as (C. Liu et al., 2025) proposed, the
HMPNet framework uses a hypergraph-based and multi-
modal prototype approach by constructing calibrated image-
text prototypes to capture entity relationships that exist in
RS scenes. Furthermore, HMPNet achieves state-of-the-art
results on the task of generating RS scene graphs. An ad-
vanced MinkUNet structure is proposed by (Zhou et al.,
2025) as an approach for automated highway roadside point
cloud classification with the Highways dataset and occlu-
sion-aware augmented data for semi-supervised training, re-
sulting in substantially improved mloU and increased relia-
bility on sparse outdoor scenes at the same time. Similarly,
(Duan et al., 2025) developed a Swin Transformer with
Multi-scale Fusing (STMSF) for RS scene analysis to com-
pensate for the limited multi-scale modelling capability of
conventional ViTs by adding multi-scale feature fusion ca-
pabilities and a spatial attention pyramid network. This
STMSF has shown to yield superior performance than tradi-
tional CNNs or Transformer-based techniques across bench-
mark datasets.

Domain Invariant Feature Learning (DIFL) approach, cur-
rently being researched, involves exploring methods for de-
veloping features that are independent of domain and there-
fore can be transferred from one domain to multiple other
domains (W. Xie et al., 2025). Although this approach has
provided some level of robustness against domain shifts, it
has not provided a consistently reliable way of balancing the
discriminative representation learning and domain-invari-
ance requirements. Additionally, majority of the research to
date evaluating research on domain-invariant feature learn-
ing has been conducted under a limited set of domain con-
ditions; thus, only limited evidence exists as to how well
these techniques would be able to generalize to other, more
diverse or previously unseen RS domains.

Research Gaps

Although existing techniques provide some robustness, sev-
eral critical gaps remain that need to be addressed. These
gaps include the limited feature representation, as current
approaches mostly learned a single shared feature space that

is either too domain-specific or generic, which fail to sepa-
rate the domain-specific and domain-invariant features. In
addition, despite exploring the multi-scale feature extraction
in RS imagery, current methods cannot align the semantic
consistency across various scales for cross-domain robust-
ness. Passive domain invariance and the lack of uncertainty
quantification are also major limitations of existing archi-
tectures. So, the question arises: how can we design a neural
network that explicitly disentangles domain-specific, do-
main-invariant, and semantic-discriminative features while
incorporating multi-scale semantic consistency and uncer-
tainty quantification to achieve robust cross-domain gener-
alization without accessing target-domain data? This ques-
tion encompasses several challenges, such as, how to sepa-
rate features into orthogonal subspaces; how to maintain se-
mantic consistency across scales; how to quantify the uncer-
tainty of model predictions, and how to combine CNNs and
ViTs effectively for cross-domain RS scene understanding.
Contributions

To overcome these challenges, this research introduces
“MSC-D3Net” (Multi-Scale Cross-Domain Dynamic Dis-
entanglement Network), a novel DL framework that enables
cross-domain generalization of RS images, with an empha-
sis on creating robust and transferable feature representa-
tions for complex scenes. It is expected that by reducing do-
main dependence at the level of the feature representation
and maintaining semantic consistency across domains, gen-
eralization can be enhanced without requiring a target do-
main dataset. Our specific contributions are:

e A hierarchical domain disentanglement module is
proposed that explicitly disentangles the domain-
specific, domain-invariant, and semantic-discrimi-
native features into orthogonal subspaces.

e A Cross-Scale Semantic Alignment mechanism is
introduced that aggregates patch-level, region-
level, and global features and maintains semantic
consistency across them through prototype-based
contrastive learning.

e Unlike passive domain invariance approaches, an
Adversarial Domain Diversification (ADD) Mod-
ule is incorporated that generates synthetic domain
variations and trains a domain discriminator to dis-
tinguish domains.

e An evidential deep learning framework based on
Dirichlet distributions is designed to quantify un-
certainty in model predictions.

Proposed Architecture

Figure 1 shows the complete architecture of the proposed
MSC-D3Net, which comprises five key modules, including



a Dual-branch encoder that fuses a CNN with ViT to extract
both local and global features.

Multi-Scale Cross-Domain Deep
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Figure 1: Proposed MSC-D3Net architecture for remote sensing scene classification

A hierarchical domain disentanglement module to separate
orthogonal features into subspaces, a cross-scale semantic
alignment mechanism to ensure semantic consistency via
prototype contrastive learning, and an evidential uncertainty
quantification algorithm based on Dirichlet distributions to
quantify model predictions.

Data Flow

Given an input RS image x € R?24¥224%3  the dual branch
encoder produces fused features F(x) € R7%8. These fused
features passed through the HDD module, which processes
these features into disentangled subspaces and then com-
bines them in a single representation Fyz4(x) € R%'2. The
CSSA module takes this feature representation as input and
projects it to different semantic scales. Output from all
scales is aggregated F,;(x) € R5'2 and their similarities
with learned prototypes are calculated. The aggregated
multi-semantic feature representation is then passed to the
ADD module, where domain perturbations are applied dur-
ing the training stage to produce Fy,, (x) € R32. The uncer-
tainty calibration module takes these perturbed representa-
tions to estimate evidence for each class, providing both
class predictions and uncertainty scores. Finally, a linear
classifier produces logits for K semantic classes.

Dual Branch Encoder

RS images contain spatial textures, regional structures, and
global information, which require both local and global fea-
ture extraction. For this purpose, a dual-branch encoder is
introduced that combines CNN (extract local features) with
ViT(excels at capturing global information) to produce a

fused and compact feature representation. This module con-
sists of two parallel branches: a CNN branch and a ViT
branch. The CNN branch is composed of three sequential
layers of Convolutional-»BatchNorm—ReL U where the 1st
convolutional layer maps 3 input channels to 64 output
channels through a 7x7 kernel size with a stride of 2 and
padding of 3. The 2™ convolutional layer, with a filter size
of 3x3, maps these 64 channels to 128 channels, while the
3rd 3x3 convolutional layer maps them to a 256-channel fea-
ture representation. After the first sequential layer, a 3x3
MaxPooling layer with stride of 2 is added to down sample
the feature representation while an adaptive average pooling
is added after 3 sequential layer. Mathematically, it can be
defined as:

Feyy =M <h3 (hz (U (h1(x)))>> (D

Where

hi(x) = o(TIW; ® x + b)), i € {1,2,3} (2)

Here, U and M represents MaxPooling and adaptive average
pooling layers, o represents ReLU activation, [ denotes
batch normalization and ® denotes a convolutional opera-
tion. W; represents the convolutional weights and b; repre-
sents bias terms of convolutional layers.

On the other hand, the ViT branch comprises a pretrained
Swin Tiny transformer with 4 stages. In the 1, 2"  and 4
stages, 2 swin transformer blocks preceded by patch merg-
ing are present, while in the 3™ stage, 6 swin transformer
blocks are integrated.
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Figure 2: Proposed Hierarchical Domain Disentanglement Module, Cross-Scale Scene Alignment Module, Adversarial Do-
main Diversification Module and Dual Branch Encoder Module

F,it = SwinTinyTransformer(x) (3)
For efficiency, Swin Transformer computes self-attention
within local windows rather than globally.

AQ,K,V) = 1/)(%+B>V @)

Here, 1 denotes SoftMax activation, B represents a learna-
ble position bias, and attention is computed within 7x7 win-
dows. Shifting windows in alternating blocks enables cross-
window connections for global modeling. These CNN and
VIiT features are fused together through a linear transfor-
mation, which can be represented as:

F(x) = Wg[Fenn®Fpie] + bp (5)

Here, @ denotes concatenation operation, Wy and by repre-
sents the weights and bias term of the linear layer. A visual
representation of the dual-branch encoder is shown in Figure
2.

Hierarchical Domain Disentanglement Module
Traditional feature learning confuses domain-specific vari-
ations with semantic information, which results in poor per-
formance on real-world data. The proposed HDD module
disentangles the encoded features into domain-specific, do-
main-invariant, and semantic discriminative subspaces. Fea-
tures are processed through dedicated projection layers sim-
ultaneously, where each layer consists of a linear layer fol-
lowed by ReLU activation and a dropout layer (rate = 0.3).
The original feature representation is also passed through
the attention module, which is composed of a linear layer
followed by a SoftMax activation to produce importance
weights for all orthogonal features. The generated weights
are multiplied by their corresponding feature representa-
tions, and the resulting weighted representations are then

summed to produce the unified feature map. Mathemati-
cally:
Fraa = wy. fas(x) + wy. fa;(x) + ws. f54(x) (6)
Where
fds(x) = P(U(st-x + bds)) @)
fai(x) = p(6(Wgi. x + bg)) (8)
fsa(x) = p(o-(Wsd-x + bsd)) ©
wy, Wy, W = Y(Wy.x + by) (10)
Here, p denotes dropout layer, W;g, Wy;, Wi, Wy represents
the weights of linear layers while b, bg;, bsg, by represents
the corresponding bias terms.
Other than weighted addition, all the learned orthogonal fea-
tures undergo concatenation followed by a linear layer to
ensure subspace independence.
fortho(x) = VVo[fds(x)@fdi(x) @ fsd(x)] + bo (11)
After that, normalized inner products between all pairs of
subspace features are computed to calculate orthogonality
loss.

_1 fas _fai fas _fsd
Lortno = §(|<Ilfds|| ’ ||fdi||)| + |(||fds|| ’ ||fsd||) +

fai fsd |) 12
|(||fdi||'||fsd||) (12)
This orthogonality loss is minimized to enforce pairwise or-

thogonality. A visual representation of this HDD Module is
shown in Figure 2.

Cross-Scale Semantic Alignment Module

Remote sensing data has an inherent multi-scale nature, in
which some classes are distinguished by texture, while oth-
ers are distinguished by regional structure or global layout.
To ensure semantic consistency across various scales, the




CSSA module is introduced, which extracts hierarchical fea-
tures through three parallel projection layers. The patch pro-
jection layer captures low-level fine-grained patterns, the re-
gion projection layer captures mid-level regional patterns,
and the global projection layer captures the overall layout.
All these feature representations are aggregated and scaled
by 1/3 to ensure equal contribution of each scale. Mathemat-
ically:
Fns = 3 (W00 + WA () + () (13)
Here, W,,, W,. and W, represents the weight metrics of patch,
region, and global projection layers. To handle the intra-
class diversity of RS imagery, we introduced prototype con-
trastive learning, where we maintain M = 5 prototypes for
cach of the K classes. These prototypes P € RE*M*512 gre
randomly initialized from ' (0,0.02) where V' represents
the normal distribution. Multiple prototypes per class handle
the diversity within each category, providing robustness
against intra-class variations across domains.
For the feature vector F,, the normalized cosine similarity
to all the prototypes is calculated. For a prototype m € M,
the similarity to class k € K is computed as:

_ Fms(x)TP km
Sem () = e otz (Y
Where Py, € R512 is the m-th prototype of class k. The
prototypes for class k are aggregated together using Max-
Pooling, which selects the most representative prototype for
each class.
s(x) = max  spm(x) (15)
mef1,..,M}
To enforce that features are more similar to correct class-
prototypes, prototype contrastive loss is introduced, which
can be defined as:

Lproto(x' y) = ]Ex,y max (0, max s, (x) — Sy(x) +vy

k*y

(16)
Where, E,, represents the expected value over all (x,y)
pairs, y denotes the true class label, s,,(x) is the similarity
to the correct class while max s, (x) is the maximum simi-

Ty
larity to any incorrect class and y = 0.5 is the marginal hy-
perparameter. The objective is to increase the margin be-
tween correct and incorrect class similarities. This contras-
tive learning ensures semantic consistency by pulling the
features towards their class prototypes. The visual represen-
tation of the CSSA module is shown in Figure 2.
Adversarial Domain Diversification Module
Training on limited data from a source domain might not be
enough to model cross-domain variations. Therefore, the
ADD module is incorporated in the network that generates
perturbations in feature space to simulate domain variations.
For this purpose, a perturbation generator is designed, which
is composed of a linear layer followed by a tanh activation
function, which bounds the perturbations to [-0.1, 0.1] to

prevent extreme variations. The generated perturbations are
then added to the original feature space.
§(x) = 0.1 x tanh(Wp,;(Fs(x)) + b,y) (17)
Fper(x) = Fms(x) + 5(36) (18)
Here, W,4 and by, represents the

These perturbed features are then passed to the domain
discriminator, which is designed to give adversarial feed-
back by trying to predict the domain of the features. This
domain discriminator is composed of two linear layers,
where 1% linear layer maps the feature space to 256 chan-
nels, and 2nd layer maps these 256 channels to the number
of domains. A ReLU activation followed by the dropout
layer (rate = 0.3) is present between both layers. If this dis-
criminator successfully predicts the correct domain, it
means that the feature extractor has not removed sufficient
domain-specific patterns. An adversarial loss is computed
from a module whose objective is to confuse the discrimi-
nator by making features indistinguishable across domains.
It can be defined as:

Ladv = DkL <l,l) (d(Fper)) ” u(Ndomians)> (19)

Here, Dy, (.ll.) represents Kullback-Leibler divergence,
U(Ngomians) represents uniform distribution over domains,
and d(.) represents the domain discriminator. Perturbations
are applied only during training and model is penalized for
producing domain-discriminative features.

During testing stage, perturbations are disabled and model
used learned non-discriminative feature representations. A
complete diagram of ADD module is shown in Figure 2.
Uncertainty Calibration Module

Standard classifiers produce overconfident predictions with-
out quantifying their uncertainty, which may result in seri-
ous consequences in real-world scenarios. Therefore, we
proposed evidence-based uncertainty quantification, which
estimates evidence for each class instead of directly predict-
ing class probabilities. Besides going to the classifier, the
final feature representation also goes to the uncertainty cal-
ibration module, where it passes through Evidence-Net to
produce an evidence vector for K classes. Evidence-Net is
composed of two linear layers; the first one maps feature di-
mensions from 512 to 256 and 2"¢ one maps it further to the
number of classes. A ReLU activation is present between
both layers, and a SoftPlus activation is added after 2™ layer.
This Evidence-Net produces an evidence vector e =
[eq, ..., ex] where e, = 0 represents the amount of evidence
supporting class k. 1 is added to this evidence in order to
satisfy the Dirichlet distribution. So total evidence is defined
as:

S =YK 1 =T (e + 1) (20)

In addition, the Dirichlet distribution is represented as:

1 -
p(Pla) = ;=TT p* ™ @)

_EL ap) . N .
Here, B(a) = —%55—= is the multivariate beta function.
T(Zk=1 ag)
This Dirichlet distribution models the uncertainty over the
probability simplex, where high evidence concentrates the



distribution near a confident prediction and low evidence
spreads it uniformly. Thus, uncertainty is computed as:

u= g €[0,1] (22)

Where u = 0 means high evidence and confident prediction,
while u = 1 means low evidence and maximum uncer-
tainty.

An evidential loss is computed from this module to encour-
age the model to place evidence in the correct class. It is
defined as:

Lovig = IE:(x,y)~D [leg=1 I(y = k)(A(s) — A(ax))] (23)
Here, A(.) represents the digamma function A(.) =
:—xlogF(x) and I(y = k) is the indicator function, which
means 1 if true and 0 otherwise. Unlike cross-entropy, which
deals with probabilities, this evidential loss optimizes the
evidence distribution.

Classification Head and Loss Function

A simple linear classifier maps the final feature space to
class logits, where a SoftMax activation converts them into
probabilities. Other than SoftMax prediction, evidence-
based predictions are also computed to provide a dual cali-
bration mechanism. The total loss function is composed of
all the individual loss components. It can be defined as:
£Total = LCE + :“I-Levid + ﬂZ-Lortho + /"3-Lproto +
#4-Ladv (24)

Here, L represents total cross-entropy loss, which can be
defined as:

Lep = —Zkz1yilog () (25)

Levias Lortho> Lproto and L, are defined in Eq (23), (12),
(16) and (19) respectively and pu; = 0.3, p, = 0.2, u; =
0.3, u4 = 0.2 denotes the weighting parameters.

Experimental Setup

Three publicly available datasets are used to train and test
the proposed architecture. These datasets include EuroSAT
(Helber et al., 2019) (an open-source dataset with 27000 im-
ages categorized into 10 classes), NWPU (Haikel, 2021) (a
uni-label dataset comprising 10500 images divided into 12
classes) and PatternNet (Zhou et al., 2018) ( a high-resolu-
tion dataset with 38 classes, each containing 800 images). A
train-val-test split of 80:10:10 was applied on all the da-
tasets. Model was trained using AdamW optimizer with
learning rate of 1e-4. Epoch size was set to 100 while batch
size was set to 128. The entire experimental process for the
proposed model is performed on a dedicated server with 512
GB of total GPU memory and 1.5 TB of RAM.

Results and Discussion

Overall Performance

Table 1 shows the overall performance of the proposed
model on all three datasets. As shown, our proposed MSC-
D3Net demonstrates outstanding performance, achieving an

overall accuracy of 98.48%, 98.57%, and 99.73% on Eu-
roSAT, NWPU, and PatternNet datasets, respectively.

Metric EUROSAT | NWPU | Pattern-
Net
ECE 0.0123 0.0138 0.0029
Brier Score 0.0256 0.0261 0.0052
Overall Accuracy 98.4815 98.5714 | 99.7368
(7o)
Precision (Micro) 0.9848 0.9857 0.9974
Recall (Micro) 0.9848 0.9857 0.9974
F1 Score (Micro) 0.9848 0.9857 0.9974
Precision (Macro) 0.9838 0.9836 0.9975
Recall (Macro) 0.9850 0.9849 0.9975
F1 Score (Macro) 0.9843 0.9839 0.9975
Precision 0.9850 0.9863 0.9974
(Weighted)
Recall (Weighted) 0.9848 0.9857 0.9974
F1 Score 0.9848 0.9858 0.9974
(Weighted)
Balanced Accu- 0.9850 0.9849 0.9975
racy
Average Specific- 0.9983 0.9987 0.9999
ity
MCC 0.9831 0.9843 0.9973
Cohen’s Kappa 0.9831 0.9843 0.9973
Failure Rate 0.0152 0.0143 0.0026
High-Confidence 0.0097 0.0124 0.0020
Failures
Mean Uncertainty 0.0263 0.0791 0.0537
Avg. Inference 44.0279 12.6631 | 41.2230
Time (ms)
Throughput (sam- | 2907.2473 | 10108.1 | 3105.059
ples/sec) 309 0

Table 1: Overall Performance of proposed "MSC-D3Net"
on EuroSAT, NWPU and PatternNet dataset

The micro, macro, and weighted precision, recall, and F1-
score values for all the datasets exceed 98%, which indicates
overall stable and balanced classification performance. Low
ECE (Expected Calibration Error) and Brier score values
suggest that model predictions are well calibrated and relia-
ble. Moreover, the balanced accuracy, average specificity,
MCC (Matthews Correlation Coefficient), and Cohen’s
Kappa score are close to 1, which indicates a highly reliable
and unbiased classification across all classes. These scores
confirm that the model can perform exceptionally well even
in imbalanced conditions and maintains a strong agreement
between actual and predicted labels. The failure rate and
high-confidence failures are also very small, which means
that the model is highly confident in its predictions and
rarely misclassifies while giving high confidence scores.
The average inference time of 44.02ms, 12.66ms, and 41.22
ms for EuroSAT, NWPU, and PatternNet datasets and high



throughput indicates that this model is well suited for real-
world deployment under resource-constrained environ-
ments.

Cross-Dataset Evaluation
Table 2 shows the results of cross-domain evaluation results
of proposed model.

Train Test Accu- | Preci- | Re- F1-
Dataset | Dataset | racy sion call | score
NWPU Eu- 94.67 | 93.98 | 94.37 | 94.12

roSAT
NWPU | Pattern- | 95.13 | 9498 | 95.01 | 94.99
Net
Eu- NWPU | 93.20 | 93.20 | 93.20 | 93.20
roSAT
Eu- Pattern- | 94.80 | 95.00 | 94.57 | 94.87
roSAT Net
Pattern- | NWPU | 95.16 | 95.16 | 95.00 | 95.43
Net
Pattern- Eu- 96.01 | 9534 | 95.99 | 95.89
Net roSAT

Table 2: Cross-domain evaluation results of proposed
"MSC-D3Net" model

The cross-dataset evaluation results demonstrate that the
proposed model can perform exceptionally well even on un-
seen domains. The strong cross-domain generalization is
one of the main objectives of this model, and these results
fully satisfied the rationale behind this architecture. As
shown in Table 2, when the model was trained on one da-
taset and tested on another, the accuracy remained above
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93% in all cases. The consistent accuracy, precision, recall,
and F1-score indicates that model does not overfit to a single
dataset. The best cross-domain performance was observed
when the model was trained on PatternNet and EuroSAT,
while the worst performance was observed when the train-
ing dataset was EuroSAT and the testing dataset was
NWPU. Overall, high cross-domain generalization results
proved the effectiveness of proposed domain-generalization
Sstrategy.

Ablation Study

Figure 3 shows the results of an ablation study on both in-
domain and cross-domain configurations. The left graph
shows the individual effect of each component on the in-do-
main model performance. As shown in graph, full model
shows an overall accuracy of 98.48%, 98.57%, and 99.73%
on EuroSAT, NWPU, and PatternNet datasets, respectively.
This accuracy drops to ~3% on removing HDD module and
~3.5% on CSSA module, indicating the importance of these
modules. On removal of ADD module, a decline of ~1.5%
was observed and removing VIT branch from dual-branch
encoder results in decline of ~4% while removal of ViT re-
sults in decline of 3.5%. These results indicates the individ-
ual impact of each module where CNN affects the most, fol-
lowed by CSSA, ViT and HDD. Right graph shows cross-
domain generalization performance for this ablation study.
Graphs shows the average accuracy for all three datasets. A
similar pattern is observed in cross-domain performance,
but the accuracy drop is significantly larger than in-domain
performance. These results validate the individual contribu-
tion of each component, necessitating the combined frame-
work.

(b) Cross-Domain Generalization Performance
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Figure 3: Results of ablation study on In-domain and cross-domain performance
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Figure 4: Uncertainty distribution of incorrect vs correct model predictions on EuroSAT, NWPU and PatternNet dataset

Model Dataset Accu-
racy
Global Optimal structured loss 88.68
(Liu et al., 2020)
InceptionV1 (Szegedy et al., 88.51
2015) Eu-
MobileNetV2 (Sandler et al., roSAT 87.52
2018)
EfficientNet (Tan & Le, 2019) 85.23
Proposed 98.48
Global Optimal structured 90.30
loss(Liu et al., 2020)
IBNR-65 + Densenet-64 91.70
(Albarakati et al., 2024)
WSADAN-ResNet50 (Liming et | NWPU 92.63
al., 2024)
Khan, J.A., et al. (Khan et al., 93.3
2024)
Proposed 98.57
FusionNet-RS (Aparanji et al., 95.98%
2025)
ResNet-50 + HAPF (Hu et al., 97.46%
2025) Pattern-
HQSAN(R. Wang et al., 2025) Net 98.09%
VGG-16+HAPF (Hu et al., 98.19%
2025)
Proposed 99.73

Table 3: Comparative Analysis with SOTA models

Uncertainty Distribution

Figure 4 shows the uncertainty distribution of model for all
three datasets. As shown in the graphs, most correct predic-
tions have low uncertainty while the incorrect predictions
have high certainty. Only a small number of confident pre-
dictions are incorrect which indicates that model is well
aware of its confidence level and does not make random

confident guesses. This type of behavior is extremely im-
portant for real-world applications of remote sensing, where
incorrect confident predictions might result in serious con-
sequences. The proposed evidential framework successfully
discriminates between confident and uncertain predictions.
Comparative Analysis with SOTA

Table 3 shows the comparative analysis of proposed model
with SOTA architectures on all three datasets. The statistics
shown in table demonstrates the supremacy of proposed
technique over existing models on all three datasets. Our
proposed model achieved 98.48% accuracy on EuroSAT
which is higher than best existing model (88.68%). Simi-
larly, the 98.57% on the NWPU dataset easily surpassed the
existing model with 93.3% accuracy, and 99.73% accuracy
on PatternNet outperformed the compared best-performed
model (98.19%). These results highlight the superiority of
proposed architecture in both accuracy and robustness.
Hence, MSC-D3Net sets a new performance benchmark for
RS scene classification.

Conclusion

This paper presents “MSC-D3Net”, a dual-branch deep
learning architecture that fuses CNN and ViT features with
feature disentanglement and multi-scale semantic align-
ment. Additionally, modules like adversarial domain diver-
sification and Evidence-based uncertainty calibration are in-
tegrated to enhance robustness and reliability. The proposed
model achieved consistently high in-domain and cross-do-
main accuracies across the EuroSAT, NWPU, and Pattern-
Net datasets. Experimental results also demonstrates better
calibration, low failure rates and superior results compared
to existing DL techniques. However, despite the exceptional
performance, the proposed model exhibits certain limita-
tions, which includes the high architectural complexity,
which requires more computational resources during train-
ing. Future work should focus on making lightweight archi-
tectures and testing on diverse real-world remote sensing
domains.
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