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Highlights

What are the main findings?

* Anovel land cover classification network (CALCNet) is developed from scratch, com-
bining a contracting and restoration backbone with cross-module attention for enhanced
spatial and multi-scale feature representation

* A differential evolution-based neuron pruning strategy is developed that produces a
compressed CALCNet variant that maintains high classification accuracy with reduced
computational cost.

What are the implications of the main findings?

® The proposed CALCNet architecture improves performance in complex remote sensing
scenarios beyond fine-tuned pre-trained models.

* The efficient and lightweight design enables practical deployment of LCC models in
real-world and large-scale remote sensing applications.

Abstract

Land cover classification (LCC) is a fundamental task in remote sensing, which enables
effective environmental monitoring, agricultural planning, and disaster management. The
existing approaches often rely on fine-tuning pre-trained models, which are not specifically
designed for LCC, which lead to suboptimal performance in complex scenarios. To address
these limitations, we propose the Cross-Module Attention Land Cover Network (CALC-
Net), a novel architecture developed from scratch. CALCNet follows a contracting and
restoration backbone, where the contracting path extracts progressively abstract semantic
features while reducing spatial resolution, and the restoration path recovers fine-grained
spatial details through upsampling and skip connections. In addition, CALCNet integrates
a cross-module attention mechanism that combines spatial attention and multi-scale fea-
ture selection to enhance feature representation. Furthermore, we applied a differential
evolution-based neuron pruning strategy to create a compressed CALCNet variant, which
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retains high classification performance while reducing computational cost. The CALCNet is
evaluated on four benchmark LCC datasets, AID, UCMerced_LandUse, NWPU_RESISC45,
and EuroSAT, demonstrating strong performance across all benchmarks. Specifically, the
model achieves classification accuracies of 98.09%, 99.47%, 99.19%, and 99.19%, respec-
tively. The compressed CALCNet variant reduces computational cost to 78.55 million
floating point operations (FLOPs) with a model size of 43 MB, while achieving improved
inference speeds (38.32 frames/sec on CPU and 118.3 frames/sec on GPU), representing
approximately 45-50% reduction in FLOPs and model storage. These results highlight that
CALCNet is both highly accurate and computationally efficient, making it well suited for
real-world LCC applications.

Keywords: remote sensing; satellite image analysis; land cover classification; land area
images; cross attention

1. Introduction

The rapid development of remote sensing (RS) technologies has generated the large-
scale availability of earth observation data, from high-resolution multispectral and hyper-
spectral satellite imagery to radar and LiDAR. These datasets make significant contributions
to a wide range of applications, which include global environmental monitoring, agricul-
tural management, disaster response, climate change analysis, and especially land cover
classification (LCC) [1]. Accurate and robust LCC is essential for geo-observation, support-
ing agricultural zoning, biodiversity conservation, promoting urban expansion, and reliable
natural resource management [2]. Accurate classification is the core of abstraction and
rules at a higher level in many of these types of systems, and errors here can impact the
entire pipeline, which lead to policies or interventions that are inadequate. For example,
the misclassification of croplands as being barren land could mislead agricultural planning,
and mixing urban and forested areas would affect both sustainable city development and
environmental protection efforts. Diverse approaches to classifying LCC have been intro-
duced in the literature, which include both the existing techniques and the advanced deep
learning (DL) techniques.

Conventional LCC methods often rely on hand-crafted features such as color his-
tograms, pixel intensities, spectral indices, and texture descriptors [3]. Conventional
machine learning algorithms, such as Support Vector Machines (SVMs) [4], Random Forests
(RFs) [5], and K-means clustering [6] have been effectively applied in various scenarios in
definitions for traditional approaches, but their performance remains limited by the high
complexity and heterogeneity of RS data in various applications [7,8]. These methods have
an inherent inability to capture contextual and hierarchical spatial patterns, which restricts
their performance in regards to challenging land cover categories with high intra-class
variability and low inter-class variance.

With the development of Deep Learning (DL), LCC has undergone tremendous
progress in terms of automatic and hierarchical feature abstraction. For example, Convolu-
tional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and more recently,
Transformer-based architectures are being used in order to capture the spatial and/or
spectral as well as temporal dependencies in RS data. These models have shown significant
advances in classification accuracy and robustness over traditional methods. The inte-
gration of LCC into more knowledge-based systems which include precision agriculture,
as well as real-time and scalable classification outputs, are critical to applications, such
as environmental monitoring, and urban planning, which have also been enabled by the
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performance increases from DL. LCC has consequently evolved from a purely classification
task into a critical enabler of intelligent decision-support systems in remote sensing. Despite
these advancements, many challenges are associated with DL, which are elaborated on in
the next section, along with their respective solutions. The compact Transformer and hybrid
CNN-Transformer models, such as Swin-T and ConvNeXt variants have shown competi-
tive performance on general scene classification tasks, so CALCNet is specifically designed
in order to capture fine-grained spatial-spectral features in remote sensing imagery through
a contracting-expanding backbone with cross-module attention and multi-scale feature
selection, which makes it particularly effective for land cover classification as well as
maintaining computational efficiency.

1.1. Main Challenges
The main challenges outlined in the literature are as follows:

1.  Most of the existing approaches rely on fine-tuning pre-trained models that are not
specifically designed for LCC, which result in suboptimal feature representation for
remote sensing imagery.

2. The previous methods often use shallow architectures or attention mechanisms in
isolation, but there is no comprehensive study that integrates both attention and
multi-scale feature selection for robust feature extraction.

3. DL models for LCC are typically computationally expensive, and no effective prun-
ing or compression strategies have been applied in order to reduce model size and
inference latency.

4.  The performance of the existing models is often insufficient for real-time deployment,
limiting their practical applicability in resource-constrained and large-scale remote
sensing scenarios.

1.2. Contributions
The contributions of this work are as follows:

¢ CALCNet is developed from scratch using an encoder-decoder architecture with
contracting and expansive paths. The contracting path captures hierarchical semantic
information while gradually reducing the spatial resolution, whereas the expansive
path reconstructs fine-grained details through upsampling and skip connections. This
architecture allows the network to effectively learn the spatial and spectral variations
that are inherent in remote sensing imagery.

*  We integrate a cross-module attention mechanism that combines channel attention
with multi-scale feature selection (MSFS). Channel attention strengthens informative
feature maps, whereas MSFS gathers features across multiple scales, which help
the network emphasize dominant patterns and maintain robustness under diverse
environmental conditions.

¢ A neuron pruning strategy based on differential evolution is used to obtain a com-
pressed variant of CALCNet. Despite compression, the algorithm maintains high
classification performance, which allows for deployment in near-real-time on resource-
limited platforms.

e CALCNet achieves a significantly higher classification accuracy performance than
existing baseline methods over different datasets while being computationally efficient.
These properties allow it to be suitable for practical applications, such as especially
large-scale remote sensing scenarios.
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1.3. Study Outline

The rest of this paper is organized as follows. Section 2 discusses related work on LCC,
the details of the proposed CALCNet in Section 3, and datasets, experimental setup, and
evaluation metrics followed by results and discussion in Section 4. Section 5 concludes the
paper and outlines avenues for future work.

2. Related Work

Land cover classification is considered one of the major domains in remote sens-
ing. For land cover classification, early methods relying on the manually defined rules
called traditional machine learning (ML) were applied to images [9]. These traditional
ML methods employing hand-crafted features are mostly constrained to low-level descrip-
tors, such as spectral indices, color, and texture. Consequently, they fail to adequately
capture complex land structures and interactions, which leads to limitations in their overall
classification ability.

DL in particular has recently gained significant popularity as a powerful tool for LCC,
because it automatically learns multi-scale and hierarchical features from large-scale remote
sensing images (RSIs), which result in enhanced detection and classification accuracy and
robustness [10]. DL-based techniques can generally be defined in terms of the spatial
representation of their labels, which are patch-level and pixel-level methods. Patch-level
approaches are commonly applied to medium-resolution RSIs, where fine structural details
are limited [11]. Li et al. [12] introduced a patch-based recursive neural network (RNN),
and Lv et al. [13] introduced a lightweight CNN model in land cover mapping. In contrast,
pixel-based methods seek to label a pixel, similar to semantic segmentation in natural
images. Pixel-level LCC baseline models generally assume the encoder—decoder network
architecture to encode local and global contextual clues with multiple receptive fields [14,15].
McDonnell et al. [16] extended a stacked U-Net for semantic segmentation of RGB RSIs,
and Liu et al. [17] utilized a compact dilated CNN to integrate contextual information at
multiple scales.

Multisource data fusion is another promising research direction to improve classifica-
tion performance, particularly given the limitations of individual RS sensors in providing
high temporal, spatial, or spectral resolutions. Multisource fusion strategies usually consist
of two stages that include (i) fusing heterogeneous data, and (ii) ML-based classification.
For instance, in the studies by Iervolino et al. [18] and Kulkarni et al. [19], ML-based classi-
fiers, such as genetic algorithms, SVM [20], or Markov random field-based models [21], are
employed after the fusion process. Nonetheless, traditional hand-crafted feature methods
are still restricted due to their low expressive power, which makes it difficult to accurately
represent high-level semantic information.

The recent advancements in multimodal DL models have largely supplanted tradi-
tional approaches. Chen et al. [22] developed a two-branch DL approach that leverages
two CNNs for feature extraction from multisource data, such as multi/hyperspectral and
LiDAR data, which is followed by a fully connected Deep Neural Network (DNN) for
feature fusion. Hughes et al. [23] proposed a pseudo-Siamese CNN in order to identify
the corresponding patches in high-resolution optical and Synthetic Aperture Radar (SAR)
images, by integrating information through concatenation and 1 x 1 convolutions at the
decision stage. These types of advances have been made, but patch-based multimodal
models do not typically have the granularity that is needed in order to perform pixel-level
classification in high-resolution RSIs. To address this issue, Xu and Li et al. [24] developed
a two-branch CNN architecture to classify the pixels at the pixel level, which combines
both hyperspectral imagery and multisensors. Others have studied the concept of early
and late fusion in the urban segmentation process. In particular, Audebert et al. [25] tried a
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combination approach, where the late-fusion strategy learns to encapsulate the errors at
the harder pixels, and where early-fusion approaches, like V-FesuNet, learn to generate
strong multimodal features, and are less sensitive to missing or noise-influenced input.
A fusion-fully convolutional network (FCN) model and Data , Hyperspectral + LiDAR +
high-resolution imagery was used [26]. Capilez et al. [27] designed an M3 fusion network,
which is a combination of CNNs and RNNs with the ability to utilize both spatial and
temporal data.

In summary, the conventional multimodal DL approaches to LCC typically extract
features of both modalities and combine the features before making a classification. In con-
trast, the proposed CALCNet employs a cross-module attention mechanism that jointly
integrates spatial and multi-scale discriminative features. The design not only enables the
efficient combination of multimodal information but also captures details in each modality,
improving the network’s ability to distinguish between diverse, complex land cover types.
As a result, CALCNet achieves superior classification performance across diverse remote
sensing datasets while maintaining computational efficiency.

3. Proposed Method

The proposed CALCNet framework is illustrated in Figure 1, which consist of three
primary modules that include feature extraction, cross-module attention, and multi-scale
feature selection, and it is followed by classification. Each module of the CALCNet is briefly
discussed in the subsequent sections.
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Figure 1. High-level framework for the CALCNet for land cover classification, where (a) represents
the attention module and (b) is the feature selection module.

3.1. Backbone Feature Extraction

Let X € RH*WxC be the input image. Each Feature Extraction Module (FEM) applies
two convolutional layers followed by batch normalization (BN) and pooling. For the /-th
layer in FEM, the convolutional operation is defined as:

F® = Conv(F¢-D, why 4 p0), 1)
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where W) and b(!) are the weights and biases, respectively, and F(O) = X. The output of
BN is given by

. — 4
£ — 7P’7(1) + 80, )
(D)2 +e

where 1(!) and ¢!) are the batch mean and variance, and (), B(!) are learnable parameters.
After activation
EY) = ReLU(ED), 3)

act —

a max-pooling layer reduces spatial dimensions:

) | = MaxPool(F(l) ks,s), 4)

poo act’ s

where k; is the kernel size and s the stride.

3.2. Contracting Path

The contracting path follows the encoder-style structure, where the main goal is to
capture high-level semantic information as well as reduce the spatial dimensions of the
input. At each stage, the spatial resolution decreases due to pooling, while the feature
channels are doubled:

W

H,
C1=2C, Hum=—, W=+ ®)

This architecture is characterized by a gradual reduction in the input image into a smaller
latent representation. The higher channels enable the network to represent finer hierarchies
of the features, such as textures, edges, and region-level data, and the reduced spatial
resolution promotes invariance to local deformations. The contracting path provides insight
into the global context and develops strong discriminative elements.

3.3. Expansive Path

In contrast, the expansive path aims to reconstruct the spatial resolution and refine
the localization of the features. It performs a symmetric decoding process, where each
upsampling step doubles the resolution while halving the number of channels:

C
Ciy1= 71 Hiy =2H;, Wi =2W,. (6)

To obtain larger feature maps, interpolation or transposed convolutional operations are
used to upsample the features. Notably, skip connections from the contracting path are
concatenated with the upsampled features to regain fine-grained details lost during down-
sampling. By combining low-level spatial details with high-level semantics, the network
maintains both localization accuracy and contextual understanding. Thus, the expansive
path does not oppose the contracting path. it refines spatial information through the learned
hierarchical features.

3.4. Cross-Module Attention

Cross-module attention enhances feature maps from FEMs using both channel and
spatial attention. Let F be the input feature map of size H x W x C.

3.4.1. Channel Attention

Channel attention is designed to weigh the feature maps channel-wise, which allow
the network to pay more attention to informative feature responses. This is done by con-
solidating both average pooling and maximum pooling over the entire channel, which
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provides insights into the general distribution of activations as well as emphasizing salient
features. A shared multi-layer perceptron (MLP) takes these pooled features as input to
output the channel weights. Formally,

LY
Favg = Fi,j,:/ 7)
HxW 54
Fmax = II}E]IX Fi,j,:/ (8)
z = (T(Wzé(wﬂFavg‘f‘Fmax)))/ (9)

where § denotes the ReLU activation and ¢ denotes the sigmoid activation. The re-
fined channel-attended feature representation is obtained by reweighting the original
feature map:

Fhn=Foz (10)

3.4.2. Multi-Scale Feature Selection Module (MSFSM)

The objects in complex visual scenes, such as LCC regions are heterogeneous and
widely vary in size, shape, and appearance. A single receptive field is often insufficient
in order to capture these types of variations. We introduce a Multi-Scale Feature Selection
Module (MSFSM) that captures informative features at various scales and fuses them to
enhance the discriminative ability. This design preserves not only the fine-grained details
captured by small kernels, but also larger contextual structures. By doing so, this design
increases the robustness of the network under scaling variations and strengthens its capacity
to distinguish land areas.

Formally, the MSFSM begins by splitting the input feature map into n subsets along the
channel dimension, the feature map obtained from the Class Activation Map (CAM) module:

Fsplit = Split(FCAM/n)/ (11)

where 7 is the number of subsets of channels. All the subsets are then convolved with a set
of kernels of size k; that are intended to capture features at a specific scale:

Fl = Convi, (Fiei), i =1,...,m. 12)

Finally, the outputs from all scales are concatenated to form a unified multi-scale feature
representation:
Fuvsrsm = Concat(F, Fj, ..., E)). (13)

The MSFSM combines complementary information across several receptive fields,
which thereby enriches the feature space and improves the model’s robustness in clas-
sification and detection. In our model deployment, the MSESM splits the input feature
map into a channel subset of 4, denoted as n. Conventional kernels of sizes 1 x 1, 3 x 3,
5 x 5,and 7 x 7 are applied to each subset, and thus, the network is able to extract features
at different receptive fields. In the channel attention mechanism, a common multi-layer
perceptron (MLP) is used with a reduction ratio of 16. The design minimizes the complexity
of computation and still provides good channel-wise feature recalibration.

3.5. Contracting and Expanding Path Fusion

One of the main concepts of the proposed model is feature fusion between the contract-
ing which is the encoder path, and expansive which s the decoder path. The contracting
path offers abundant semantic content that has been extracted at successively coarser scales,
and the expansive path restores spatial resolution in order to further refine localization.
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The direct use of features from one path is not very effective at capturing fine detail or
lacks semantic abstraction. To address this, a skip-connection approach, which combines
information at both levels, was used in the proposed model. In particular, cross-module
attention initially enhances features of the contracting path to maintain scale-conscious
representations. The fused enriched features are then further combined with corresponding
expansive path features to build a balanced formulation which maintains world semantics
and fine-grained spatial detail.

Let Ff°" be the output from the contracting path at level / and FleXp from the expansive
path. The fused feature representation is given by

Flfused — FZEXP 4 FZCAM (14)

The fused features are then upsampled to increase the spatial resolution, preparing them
for subsequent layers of the expansive path:

F'F = UpSample(F["**4, 2). (15)

This combined approach enables the network to effectively leverage the complementary
strengths of both paths, which include semantic abstraction from the contracting path
and spatial refinement from the expansive path, which results in more effective feature
representations for the final classification.

3.6. Proposed Network Architecture

The proposed CALCNet network follows a contracting—expanding path structure with
skip connections, which enable it to simultaneously capture high-level semantic features
and preserve spatial localization. The input image of size 64 x 64 x C is initially fed into a
series of four Feature Extraction Modules (FEMs). Each FEM comprises two convolutional
layers with a kernel size of 3 x 3, which is followed by batch normalization and ReLU
activation. The pooling layers reduce the spatial resolution by a factor of 2 at each stage,
whereas the number of convolutional filters progressively doubles (16, 32, 64, 128) in order
to extract increasingly abstract representations of the land cover types. The contracting
path focuses on capturing discriminative features from the input data as well as gradually
reduce the spatial dimensions.

After each FEM in the contracting path, the extracted feature maps are passed to
the cross-module attention, which incorporates both channel and MSFS mechanisms.
The channel attention module enhances the most informative features as well as suppresses
irrelevant or noisy information, which ensure that the network focuses on key land cover
structures whereas the MSFS further refines the features by splitting the attention-enhanced
feature maps into multiple channel subsets. Each subset undergoes convolutional opera-
tions with different receptive fields, which capture multi-scale contextual information that
is essential for distinguishing complex land cover patterns. The outputs of the MSFSM are
concatenated along the channel dimension to generate a rich and diverse feature represen-
tation. In our implementation, the cross-module attention, including both channel attention
and MSFSM, is applied after each Feature Extraction Module (FEM) in the contracting path.
This results in four attention-enhanced stages, enabling progressive refinement of feature
representations at different levels of abstraction.

The expansive path mirrors the contracting path in reverse, using upsampling layers
to gradually restore spatial resolution while halving the number of channels at each stage.
Skip connections fuse features from the corresponding contracting path FEMs, including
the outputs from CAM, preserving fine-grained spatial details for pixel-level classification.
Global max pooling aggregates the fused features across spatial dimensions, reducing
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dimensionality while retaining the most critical information followed by a classification
head with two fully connected layers. The final classification layer employs a SoftMax
activation function to generate probability distributions over the land cover classes.

Although the proposed CALCNet is designed for scene classification, the inclusion
of the expansive (decoder) path plays a crucial role in preserving and refining spatial
information. The complexity of spatial structures, textures, and relationships between
objects are critical for differentiating similar land cover types in remote sensing images.
Skip connections with the decoder path help to combine high-level semantic features and
low-level spatial information together, helping to form more discriminative feature graphs.
To further investigate this design choice, we also evaluated an encoder-only version of the
model lacking the expansive path. These results suggest that the removal of the decoder
degrades classification performance, especially on datasets with spatial variability. This
indicates that the decoder enhances feature representation, even in a classification setting.

For the training, we ran the network for 100 epochs using an Adam optimizer with a
learning rate of 0.001 and a batch size of 64. A categorical cross-entropy loss function is
used to optimize the pixel-level predictions. Some data augmentation techniques, such as
random rotations, flipping, and scaling were used in order to improve model generalization.
This combination of hierarchical feature extraction, attention-guided multi-scale feature
selection, and contracting-expanding path fusion, enables CALCNet to achieve a robust
and accurate land cover classification. A summary of the training hyperparameters used in
this study is provided in Table 1.

Table 1. Training hyperparameters used for the CALCNet and baseline models.

Parameter Value/Configuration

Optimizer Adam

Initial learning rate 0.001

Learning rate schedule Fixed (no decay)

Batch size 32

Number of epochs 100

Loss function Categorical cross-entropy

Input image size 64 x 64 x C

Weight initialization Default Keras initialization

Activation function ReLU (hidden layers), SoftMax (output layer)
Data augmentation Random rotation, horizontal /vertical flipping, scaling
Normalization Pixel values scaled to [0, 1]

Random seed 42

Hardware NVIDIA RTX 3090 Ti GPU, Intel i9-14900K CPU
Framework Keras 2.10.0 with TensorFlow 2.10.0 backend

3.7. CALCNet Compression via Differential Evolution

For practical deployment of LCC, the proposed model remains efficient in terms
of both computation and memory usage. Deep networks perform well, but they come
with a high number of parameters that leads to inference latency and demand higher
storage space, which are unsuitable for edge devices. We applied a compression strategy
in order to mitigate this, which was based on a differential evolution(DE)-driven neuron
pruning method.

https:/ /doi.org/10.3390/rs18081218


https://doi.org/10.3390/rs18081218

Remote Sens. 2026, 18, 1218

10 of 28

Binary Encoding of Neurons

Consider a hidden layer with Nj neurons. We represent a pruning configuration as a
binary vector v € {0, 1}, where

0 neuron i is removed,
v; = N . (16)
1 neuron i is retained.

Given three distinct candidate solutions v,, vy, v¢, a donor vector u is generated as

u=uv,+F- (v —vc), (17)

where F € (0,1) is the mutation factor (we use F = 0.45). Each component is binarized as

1 if u; 2 T,
u; = (18)
0 otherwise.

A trial vector z is constructed by mixing the donor u with a target solution v;:

U; ifr; < C,,
zi=% ' ol ' 19)
(v¢); otherwise,

where r; ~ U(0,1) and C, is the crossover rate, which is fixed at 0.7.
Each candidate is evaluated using a fitness function that balances compression
and accuracy:

F(z)=ua- (1 - Nreo‘) + B - Acc(z), (20)
Norig

where Niq is the reduced neuron count, Noyig is the original count, Acc(z) is the accuracy
achieved under configuration z, and &, 8 are balancing weights.
The better candidate for the next iteration is chosen as

z if F(z) > F(v),
o @) > (o) -
v; otherwise.

This pruning approach removes redundant neurons and minimizes parameters as well as
preserve model accuracy. The compressed CALCNet consequentlt yields a higher efficiency
(lower computational cost and smaller memory footprint) and a faster inference while
outperforming conventional baseline models. The C-CALCNet is the lightweight variant of
CALCNet, designed to retain all essential features of CALCNet while being more feasible
for both real-time and resource-constrained deployments.

4. Experimental Setup

In this section, we describe the experimental setup including our dataset, evalua-
tion metrics, and comparison against baselines. The experiments were performed on a
workstation Intel(R) Core(TM) i9-14900K CPU at 3.20 GHz, NVIDIA GeForce RTX 3090 Ti
GPU, and Samsung 990 PRO 2 TB SSD. The DL algorithm was implemented using Keras
over TensorFlow.

4.1. Datasets

We tested our method CALCNet on four widely used benchmarked datasets, which
included AID [28], UCMerced_LandUse [29], NWPU [30], and EuroSAT [31]. These di-
verse datasets were selected in order to exhibit complementary aspects of scene diversity,
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scale variation, spatial resolution, and spectral content for a holistic assessment of the
proposed model.

The AID dataset is a large-scale aerial scene classification benchmark, which provides
30 classes with large inter-class variation and a complex scene structure. AID is appropriate
for the evaluation of the robustness of classification models under practical remote sens-
ing situations. The UCMerced_LandUse dataset contains 21 land use classes, and each
class has 100 images of 256 x 256 pixels. The dataset is one of the most popular aerial
datasets due to its careful curation, diverse notation per class with a balanced sample set,
and comprehensive coverage of representative aerial scene categories, which render it as
an important benchmark for assessing classification accuracy under controlled settings.

The NWPU dataset is a more challenging large-scale benchmark that contains more
scene categories and significant variations in the scales, viewpoints, background, and
illumination conditions of objects. It also makes it especially convenient to evaluate the
generalization power of DL models in a complex and diverse space. In contrast, Eu-
roSAT is based on Sentinel-2 satellite imagery and contains 10 classes with approximately
3000 images per class. Compared with the aerial image datasets, EuroSAT provides richer
spectral-spatial information and is therefore useful for evaluating the ability of the model
to learn discriminative representations from satellite-based land cover imagery.

These datasets share the common goal of land cover and land use scene classification,
and they also present different strengths and limitations. AID and NWPU provide higher
scene diversity and more challenging class variability, but they also introduce stronger
inter-class similarity and intra-class complexity. UCMerced_LandUse is balanced and
carefully curated, which is beneficial for standard benchmarking, but its relatively smaller
size limits the diversity of real-world variations. EuroSAT benefits from multispectral
satellite data and a relatively large number of samples per class, but it includes fewer
categories than AID and NWPU. Therefore, each dataset captures different aspects of the
land cover classification problem. A summary of the key characteristics of these datasets is
presented in Table 2.

Table 2. Summary and comparison of benchmark datasets used in this study.

Dataset Type Classes Images  Format  Strengths/Limitations
AID Aerial 30 10,000 JPG The dataset is large, with a high degree of intra-class variabil-
imagery ity and complex scene composition, which makes it suitable for
evaluating robustness and generalization. However, inter-class
similarity is relatively high which complicates the classification.
UCMerced- Aerial 21 2100 TIFF A well-curated and balanced benchmark dataset with clear scene
LandUse imagery categories that is commonly used for classification evaluation.
Its major drawback is the limited dataset size, which could limit
diversity and with it real-world variability.
NWPU- Aerial 45 31,500 JPG Massive and difficult dataset with significant variations in scale
RESISC45 imagery and viewpoint, in addition to background complexity and illumi-
nation. This makes it particularly useful for testing generalization,
but the large volume of classes leads to increased confusion be-
tween classes.
EuroSAT Satellite 10 27,000 JPG This is a dataset of satellite images from the Sentinel-1 satellite
imagery between 2016 and August 2020, and it can be utilized for spec-

tral-spatial representation learning evaluations. It contains a high
number of samples per class, which slowly impacts the diversity
of scenes that outstrips AID and NWPU with its minimalistic
category count.
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We noticed in our experiments that each individual dataset can lack either enough cate-
gories or enough diversity, which limits the generalization of trained models in “real-world”
conditions. Assessing CALCNet on these supplementary datasets allows us to perform a
more rigorous evaluation of its robustness, classification performance, and generalizability
across diverse remote sensing scenarios. A unified data splitting strategy was adopted
across all experiments, with 70%, 20%, and 10% of the data used for training, validation,
and testing, respectively. To ensure reproducibility, a fixed random seed (42) was used
during dataset shuffling and splitting. Furthermore, care was taken to avoid any data
leakage, ensuring that no overlapping images or scenes were present across the training,
validation, and testing sets. Although alternative protocols such as 20% or 50% training
splits are commonly used for datasets like AID and NWPU-RESISC45, we adopted a unified
splitting strategy across all datasets to maintain consistency and enable fair comparative
evaluation. Sample images from these datasets are shown in Figure 2.

EuroSat
Annual Crop Highway Pasture

-5

//

Beach

Airplane

/

Runway Forest

Storage tanks Parkinglot Chappral

Figure 2. Sample images of different datasets.

4.2. Data Preprocessing

All input images from the AID, UCMerced_LandUse, NWPU-RESISC45, and EuroSAT
datasets were resized to a fixed resolution of 64 x 64 pixels to ensure a consistent input
size for the network. For the EuroSAT dataset, only the RGB channels were used instead
of the full 13-band multispectral data, allowing uniform input representation across all
datasets. Images were all normalized to the range of [0, 1] and then trained. All the models
(including the proposed (CALCNet) and the other baseline architectures) had the same
preprocessing pipeline, including resizing, channel selection, and normalization. This helps
make a fair comparison by eliminating differences caused by input differences.

4.3. Evaluation Metrics

We used several evaluation metrics to quantitatively evaluate the proposed CALC-
Net model’s performance in land cover classification, including precision (P), recall (p),
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F1-score (F1), and accuracy (Acc). These measures give a precise understanding of the
model in the true classification of land cover classes as well as false positives and false
negatives. Precision is the ratio of correctly predicted positive samples over all samples
predicted to be positive:

True Positives

P . . — 7 22
TeCISION = e Positives + False Positives @

Recall measures the proportion of correctly predicted positive samples among all actual

positive samples:

True Positives
Recall = 23
eca True Positives + False Negatives 23)

The F1-score provides a harmonic mean of precision and recall, balancing both metrics:

Precision - Recall
F1- =2. 24
score Precision + Recall (24)

Accuracy indicates the proportion of correctly classified samples over the total number
of samples:

u = Ve

25)

4.4. Ablation Study

We performed a highly thorough ablation study in order to thoroughly assess the
contribution of each architectural component in the proposed CALCNet. The experiments
are constructed to vary the influence of several essential components such as spatial
attention and multi-scale feature extraction. More specifically, we evaluated four model
variants that include (1) the base network with no additional enhancement modules,
(2) the base network plus spatial attention, (3) the base network plus multi-scale feature
selection, and (4) the full CALCNet model combining both spatial attention and feature
selection modules. Moreover, several advanced CNNSs, including EfficientNetB3, ResNet50,
ResNet101, InceptionV3, DenseNet121, VGG16, Xception, and MobileNetV2, were used as
baseline models to enable a comprehensive comparative analysis. The ablation studies were
performed over four commonly used RS scene classification datasets, namely AID, EuroSAT,
NWPU, and UCMerced LandUse. All evaluations were performed under identical training
configurations to maintain fairness, and the results are summarized in Tables 3 and 4.

The outcomes clearly indicate the efficiency of the suggested architectural improve-
ments. Across all datasets, the base CALCNet model outperforms traditional CNN archi-
tectures, demonstrating the effectiveness of its underlying feature extraction backbone.
The discriminative power is further enhanced by introducing the spatial attention mech-
anism that adaptively focuses on the relevant spatial areas in input imagery, leading to
increased precision and recall. On the same note, the multi-scale feature selection block is
added to enhance our understanding of the context by incorporating hierarchical informa-
tion across multiple receptive fields, enabling the network to learn both small-scale and
large-scale patterns of the scene.
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Table 3. Ablation study and comparison of various CNN models and proposed CALCNet variants
for AID and EuroSAT datasets.

Method r R F1 ACC
AID Dataset
EfficientNetB3 93.12 93.07 93.09 95.14
ResNet50 91.05 91.12 91.08 93.21
ResNet101 92.04 92.18 92.10 94.12
InceptionV3 90.13 90.05 90.09 92.23
DenseNet121 91.01 91.09 91.04 93.18
Xception 92.08 92.03 92.05 94.09
MobileNetV2 89.15 89.09 89.12 91.14
VGG16 88.12 88.09 88.11 94.10
Base CALCNet 94.08 94.13 94.10 96.18
Base + Spatial Attention 95.12 95.09 95.10 97.16
Base + Feature Selection 95.09 95.13 95.11 97.11
CALCNet 96.07 98.06 97.04 98.09
EuroSAT Dataset
EfficientNetB3 96.12 96.07 96.09 97.15
ResNet50 95.09 95.13 95.11 96.14
ResNet101 96.07 96.13 96.10 97.17
InceptionV3 95.08 95.11 95.09 96.13
DenseNet121 95.12 95.08 96.10 96.09
Xception 96.04 96.07 96.05 97.12
MobileNetV2 94.09 94.11 94.10 95.14
VGG16 93.11 93.07 93.09 94.12
Base CALCNet 97.06 97.09 97.07 98.13
Base + Spatial Attention 98.03 98.09 98.05 98.14
Base + Feature Selection 98.08 98.12 98.10 98.09
CALCNet 99.07 99.11 99.09 99.19

Table 4. Ablation study and comparison of various CNN models and proposed CALCNet variants
for NWPU and UCMerced LandUse datasets.

Method r R F1 ACC
NWPU Dataset
EfficientNetB3 88.07 87.12 87.59 89.14
ResNet50 85.09 84.13 84.60 86.18
ResNet101 86.11 86.08 86.09 87.17
InceptionV3 84.09 83.12 83.60 85.15
DenseNet121 91.12 92.14 91.62 91.17
Xception 86.15 86.09 86.11 87.13
MobileNetV2 83.13 82.11 82.62 84.18
VGG16 82.08 81.12 81.59 83.16
Base CALCNet 89.12 88.09 88.60 90.19
Base + Spatial Attention 96.11 96.08 96.09 95.16
Base + Feature Selection 96.07 96.13 96.10 96.17
CALCNet 98.10 98.44 98.26 98.53
UCMerced LandUse Dataset
EfficientNetB3 96.08 96.13 96.10 97.12
ResNet50 94.11 94.08 94.09 95.09
ResNet101 95.09 95.13 95.11 96.15
InceptionV3 94.13 94.08 94.10 95.11
DenseNet121 95.07 95.12 95.09 96.09
Xception 95.08 95.09 95.08 96.14
MobileNetV2 93.09 93.11 93.10 94.12
VGGl16 92.07 92.13 92.09 93.15
Base CALCNet 96.09 96.11 96.10 97.12
Base + Spatial Attention 97.07 97.09 97.08 98.11
Base + Feature Selection 97.11 97.08 97.09 98.13
CALCNet 99.09 98.96 99.02 99.47

The proposed model that integrates spatial attention and multi-scale features selection
obtained a higher performance in terms of all evaluation metrics over the targeted datasets.
The results highlight the complementary roles of the two modules. Spatial attention im-
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proves local discriminability, whereas feature selection enhances global robustness and
cross-scale representation. Notable improvements on complex datasets such as NWPU
and AID demonstrate that CALCNet reduces feature redundancy and overfitting as well
as maintains strong generalization. The training and validation accuracy and loss curves
further confirm the model’s stability and robustness, which are shown in Figure 3.
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Figure 3. Training and validation accuracy and loss of the CALCNet for all the datasets.

CALCNet exhibits smooth and consistent convergence behavior with minimal os-
cillations, reflecting effective feature learning and well-regularized optimization. These
findings collectively demonstrate that each component of CALCNet plays a vital role in
enhancing classification performance, and their integration results in a powerful, efficient,
and generalizable model for large-scale remote sensing applications.

The proposed attention module and MSFSM have a relatively small overhead in terms
of computational complexity. The increment in the number of additional parameters and
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floating point operations (FLOPs) is projected to be about 3-5 percent more than the base
architecture. This is a lightweight design that makes sure that the enhanced performance
of CALCNet is realized without the need to heavily generalize the computational load.

5. Comparison with State-of-the-Art Methods

To further support the effectiveness and generalization capacity of the proposed CALC-
Net, we have compared its results with a variety of state-of-the-art (SOTA) methods on four
benchmark datasets. The comparative analysis shows that CALCNet has been performing
better than traditional CNN-based and Transformer-based architectures, demonstrating
that it is better at extracting discriminative, spatially significant features. This improvement
in performance can be explained by CALCNet’s integration of spatial attention and multi-
scale feature selection mechanisms, which enable the system to dynamically highlight the
most informative regions whilst maintaining global contextual relationships. In contrast to
traditional models, which use fixed convolutional filters, CALCNet is an adaptive modula-
tor of feature activations at scale and can be more robust to changes in texture, illumination,
and spatial resolution.

UCMerced LandUse: Previously used CNNs such as ResNet or InceptionV3 could
not perform well on this dataset, with a range of accuracy of 92% to 94%, which are
shown in Table 5. Models that were more dense such as DenseNet121 and such hybrid
models as OG-WOA-Bi-LSTM were relatively more successful, with an approximate
accuracy of 98.99 percent. Nevertheless, these models continued to be susceptible to poor
generalization across similar classes in appearance. The proposed CALCNet achieved the
best accuracy of 99.47%, with precision, recall, and F1-score of 99.09%, 98.96%, and 99.02%,
respectively. These scores are a relative improvement of about 1-3% percent over the
second-best model, which verifies that the dual attention and feature selection approach of
CALCNet greatly increases the separability of the classes and minimizes confusion among
similar patterns of land use.

Table 5. Comparison of SOTA methods and the proposed CALCNet on the UCMerced Lan-
dUse dataset.

Method ACC (%) P (%) R (%) F1 (%)
ResNet [32] 92.00 88.00 86.00 86.00
Inception V3 [33] 94.00 88.00 87.00 87.00
Hybrid model [34] 98.00 96.00 96.00 96.00
ViT [35] 98.00 - - -
DAS-RHDIS [36] 56.00 65.00 70.00 67.00
DenseNet121 [37] 98.00 98.00 98.00 98.00
AlexNet [38] 94.00 - - -
GoogLeNet [28] 97.00 - - -
Transformer based [39] 96.00 92.00 90.00 94.00
Inception V3 [10] 92.00 93.00 92.00 92.00
KL [40] 98.06 - - -
GCN [41] 89.00 - - -
EfficientNet-B3-Attn-2 [42] 98.00 - - -
OG-WOA-Bi-LSTM [43] 97.09 - - -
DenseNet201 [44] 94.00 95.00 94.00 94.00
TEX-Net [45] 97.00 - - -
Proposed CALCNet 99.47 99.09 98.96 99.02

Moreover, Figure 4 indicates the classification performance of the proposed model
in various categories of land use. The average precision, recall, and F1-score of the model
were 99.09%, 98.96%, 99.02%, which demonstrated a high level of accuracy and reliability of
the model in terms of classification. Based on the analysis by classes, it was possible to find
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several categories, airplane, beach, and tennis court, which obtained a perfect classification
result of 100 percent precision, recall, and F1-score, indicating that the model is capable of
successfully defining specific scene patterns. Likewise, classes such as harbor, runway, and
storage tanks achieved very high Fl-scores of over 99.8 per cent, indicating an excellent
performance of the model in identifying well-structured objects in aerial imagery. Other
classes like agricultural, parkinglot, overpass and chaparral scored Fl-scores of above
99 percent, and residential classes like dense residential, medium residential, mobile home
park, and sparse residential scored high with above 98 percent F1-scores. Forest and golf
course slightly underperformed, and this could be because of similar patterns of vegetation
and complicated textures. In general, the findings indicate that the proposed model offers
strong, consistent classification performance across various aerial scene categories.
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Figure 4. Classification report of the proposed model using UCMerced LandUse dataset.
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AID: The AID dataset is more difficult due to increased intra-class variability and com-
plex spatial layouts. Table 6 illustrates that more complex hybrid models, such as DNNE-
SWA and OG-WOA -Bi-LSTM are able to achieve 97% accuracy because of increased gener-
alization (ACC = 89%) in earlier DL models such as SceneNet and DenseNet201. CALCNet
surpassed these methods by achieving a 98.09% accuracy, along with precision = 96.07%,
recall = 98.06%, and F1-score = 97.04%. This enhancement demonstrates that CALCNet
can learn both global appearance semantics and localized discriminative features, which
can be used to classify images accurately, even in visually ambiguous categories such as
residential / dense residential or industrial /storage tanks.

Table 6. Comparative analysis of the proposed method with baselines over the AID dataset.

Method ACC (%) P (%) R (%) F1 (%)
DNNE-SWA [46] 97.00 97.00 97.00 97.00
CNN [47] 96.00 97.00 97.00 97.00
TEX-Net [45] 95.00 - - -
CaffeNet [28] 89.00 - - -
KL [40] 96.00 - - -
GCN [41] 95.00 - - -
ViT [35] 94.00 - - -
EfficientNet-B3-Attn-2 [42] 96.00 - - -
SceneNet [48] 89.00 - - -
OG-WOA-Bi-LSTM [43] 97.00 - - -
DenseNet201 [44] 89.00 90.00 89.00 89.00
Proposed CALCNet 98.09 96.07 98.06 97.04

Figure 5 shows the classification results of the proposed model in the 30 scene cate-
gories. The model was found to have an average precision of 96.07%, recall of 98.06% and
an Fl-score of 97.04%, which means that it can classify various remote sensing scenes with
high and consistent precision. Based on the analysis by classes, a few class categories like
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BareLand, Desert, Farmland, River, and Port also performed remarkably well with an F1-
score of over 98%, indicating the effectiveness of the model in classifying the unique natural
and geographical features. Correspondingly, other classes such as Airport, DenseResiden-
tial, Parking, RailwayStation, and SparseResidential also performed well with an Fl1-score
of over 97%, indicating the capability of the model to predict urban infrastructure and
residential patterns. Moderate scores were noticed under the categories like Industrial,
Pond, School, and Playground with Fl-scores of about 95-96%, meaning that there was
slight confusion between man-made structures, which were visually similar. The F1-scores
of Church, Commercial, Resort, and Square were relatively lower and can be explained
by structural similarities and complicated spatial layouts on urban scenes. The findings
as a whole indicate that the given model will yield a strong, and stable classification per-
formance across natural and urban land use types, which makes it effective for large-scale
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Figure 5. Classification report of the proposed model using the AID dataset.

EuroSAT: The EuroSAT dataset includes Sentinel-2 imagery with varying spectral and
spatial resolutions. Table 7, shows that the earlier approaches, such as self-attention-fused
CNNs and Scale-Invariant Feature Transform (SIFT)-based models achieved relatively low ac-
curacies around 89-92%, which was primarily due to the limited cross-channel interaction and
contextual reasoning. Transformer-based models and deep transfer learning approaches
achieved up to 98% accuracy. The proposed CALCNet further advanced performance
to 99.19% accuracy, with a precision of 99.07%, recall of 99.11%, and F1-score of 99.09%.
The model’s superior generalization across heterogeneous land cover types confirms its effec-
tiveness in multispectral scene interpretation and robust spectral-spatial feature encoding.

Table 7. Comparison on the EuroSAT dataset.

Method ACC (%) P (%) R (%) F1 (%)
InceptionV3 [37] 98.00 98.00 98.00 98.00
TinyViT [49] 96.00 - - -
ViT [50] 95.00 - - -
Self-attention-fused CNN [51] 89.00 - - -
SIFT-based with CNN [52] 92.00 - - -
ResNet152+ViT [53] 94.00 - - -
Multi-branch DL [54] 96.00 - - -
BiLSTM UNet [55] 97.00 - - -
EfficientNetV2B0+ResNet152 [32] 97.00 - - -
PSO+CNN+SVM [56] 95.00 - - -
Deep transfer learning [57] 98.00 - - -
Transformer-based [39] 98.00 98.00 98.00 98.00
Proposed CALCNet 99.19 99.07 99.11 99.09
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Figure 6 illustrates the classification performance of the proposed model across the
EuroSAT scene categories. The model achieved an average precision of 99.07%, a recall of
99.11%, and an F1-score of 99.09%, which indicates a highly accurate and reliable classifica-
tion performance. Several categories, such as Industrial Buildings, Residential Buildings,
Forest, and Sea & Lake achieved extremely high performance with F1-scores above 99.5%,
from the class-wise analysis, which demonstrate the model’s strong capability in in order
to recognize well-defined land cover patterns. Similarly, classes including Highway, Per-
manent Crop, River, and Herbaceous Vegetation also showed strong performance with
Fl-scores close to 99%, highlighting the model’s effectiveness in distinguishing different
natural and man-made environments. Other categories such as AnnualCrop and Pasture
achieved slightly lower yet strong performance with F1-scores above 98%, which may be
attributed to similarities in vegetation textures and seasonal variations between agricultural
land types. Overall, the results demonstrate that the proposed model provides robust and
consistent classification performance across diverse land cover categories, confirming its
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Figure 6. Classification report of the proposed model using the EuroSAT dataset.

NWPU: The NWPU-RESISC45 dataset poses a higher degree of complexity due to
the large number of classes and varying intra-class spatial scales. Table 8 shows that
conventional networks such as GCN and ViT struggled with large-scale generalization
(ACC < 93%), whereas DenseNet121 and DNNE-SWA achieved accuracies of up to 97-98%.
The proposed CALCNet achieved a remarkable 98.53% accuracy, with precision of 98.10%,
recall of 98.44%, and an Fl-score of 98.26%, and it estalished a new state-of-the-art per-
formance on this challenging dataset. The superior results indicate CALCNet'’s ability to
model complex spatial dependencies and maintain discriminative capacity across wide
geographical diversity. Figure 7 depicts the classification performance of the proposed
model across 45 remote sensing scene categories. The model achieved an average precision
of 98.10%, a recall of 98.44%, and an F1-score of 98.26%, which demonstrates strong and
consistent classification capability across diverse aerial scenes. Several categories such as
cloud and harbor achieved perfect classification performances with 100% precision, recall,
and Fl-score from the class-wise analysis, which indicates that these classes contain highly
distinctive visual patterns. Similarly, classes including chaparral, island, runway, sea-ice,
and thermal-power-station achieved F1-scores above 99%, highlighting the model’s effec-
tiveness in identifying both natural landscapes and structured infrastructure. Many other
categories such as airplane, beach, bridge, circular-farmland, parking-lot, and tennis-court
also achieved strong performance with F1-scores above 98%, demonstrating the model’s ro-
bustness in recognizing diverse land use and object categories. Moderate performance was
observed for church, commercial-area, industrial-area, and medium-residential, with F1-
scores around 95-97%, which may be attributed to structural similarities and complex
spatial layouts within urban environments. Overall, the results indicate that the proposed

https://doi.org/10.3390/rs18081218


https://doi.org/10.3390/rs18081218

Remote Sens. 2026, 18, 1218

20 of 28

model provides robust and reliable classification performance across a wide range of re-
mote sensing scene categories, effectively capturing both natural and man-made features
in aerial imagery.

The balanced precision-recall trade-off and accuracy gains (2—4%) confirm that there
is a high level of generalization and resistance of the model to class imbalance. This
discussion affirms that our method, which relies on CALCNet, establishes a new state of the
art in remote sensing scene classification by effectively combining attention-based spatial
refinement with multi-scale contextual learning, providing both the highest performance
and interpretability for real-world remote sensing tasks. The performance of some baseline
models was similar across a few datasets, but CALCNet demonstrates better stability across
the entire set of benchmarks. This means that there are better generalization abilities in
the presence of varying data complexities and distributions within a scene. CALCNet also
offers a better trade-off between accuracy, recall, and computational efficiency, which is
more practical in real-world deployment settings.

Table 8. Comparison on the NWPU dataset.

Method ACC (0/0) P (0/0) R (0/0) F1 (0/0)
DenseNet121 [37] 98.00 98.00 98.00 98.00
DNNE-SWA [46] 97.00 97.00 97.00 97.00
Self-attention fused CNN [51] 92.00 - - -
KL [40] 94.00 - - -
WNN [58] 92.00 91.00 91.00 91.00
ViT [35] 93.00 - - -
GCN [41] 89.00 - - -
SceneNet [48] 95.00 - - -
OG-WOA-Bi-LSTM [43] 97.00 - - -
BestC [59] 95.00 - - 95.00
DenseNet201 [44] 93.00 93.00 93.00 93.00
Proposed CALCNet 98.53 98.10 98.44 98.26
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Figure 7. Classification report of the proposed model using the NWPU RESISC45 dataset.

5.1. Model Compression Analysis

We conducted a thorough model compression analysis using neuron pruning in order
to further assess the robustness, scalability, and deployment efficiency of the proposed
CALCNet. In this experiment, we used neuron pruning with compression ratios of 0%
(the uncompressed model) to 50%. After each compression step, redundant neurons that
contributed less to overall network activation were pruned, and the resulting models were
fine-tuned to restore representational balance. Table 9 presents the results of compres-
sion, showing the changes in precision (P), recall (R), and accuracy (ACC) at different
compression levels.
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Table 9. Performance of CALCNet under different neuron compression ratios for AID, EuroSAT,
NWPU, and UCMerced LandUse datasets. P = Precision, and R = recall, ACC = accuracy.

Dataset Compression (%) P (%) R (%) ACC (%)
0 96.07 98.06 98.09
10 95.80 95.85 97.95
20 95.40 95.45 97.70
AID 30 94.90 94.95 97.35
40 94.10 94.05 96.85
50 93.50 93.45 96.10
0 99.07 99.11 99.19
10 98.80 98.85 98.90
20 98.40 98.45 98.60
EuroSAT 30 98.00 98.05 98.20
40 97.50 97.55 97.80
50 97.00 97.05 97.20
0 98.10 98.44 98.53
10 98.04 98.35 98.40
20 97.80 97.75 98.10
NWPU 30 96.90 96.85 97.60
40 95.70 95.65 96.90
50 94.80 94.75 96.10
0 99.09 98.96 99.47
10 97.80 97.85 99.10
20 97.40 97.45 98.70
UCMerced LandUse 30 96.90 96.95 98.20
40 96.20 96.25 97.70
50 95.70 95.75 97.10

From the results, it is evident that CALCNet demonstrates strong resilience to com-
pression. At 10% and 20% pruning ratios, the performance degradation is minimal across
all datasets, with accuracy drops typically below 0.3%. This confirms that the network
architecture contains a certain degree of parameter redundancy, allowing moderate prun-
ing without affecting the discriminative power of the model. Even at 30% compression,
CALCNet sustains competitive accuracy, maintaining above 97% on AID and EuroSAT,
and above 98% on UCMerced LandUse. The ability to preserve such performance with
significantly fewer parameters suggests that the proposed cross-attentional feature learning
mechanism successfully captures essential spatial-spectral correlations within a compact
representation space. However, at higher compression ratios of 40% and 50%, a more
noticeable decline in performance is observed. The reduction in precision and recall be-
comes more prominent, particularly in datasets with higher inter-class similarity such
as NWPU and AID. Nevertheless, even at 50% compression, CALCNet retains satisfac-
tory accuracy levels above 96% for AID and EuroSAT, and around 97% for UCMerced
LandUse, indicating the robustness of its learned feature representations. This trend im-
plies that although aggressive pruning removes some fine-grained discriminative neurons,
the network still maintains its global scene understanding capability through multi-level
attention integration.

5.2. Visual Analysis

In Figure 8, we demonstrate a comparative visual analysis of the ensemble model,
DLAN, CALCNet (Original), and CALCNet (Compressed), using attention map activa-
tions. The ensemble model from the baseline gives us broad and diffuse activations with
low localization accuracy, which suggest an overall lack of ability to capture meaningful
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structures in the land cover data. In practice, DLAN generates only a marginal increase
in the quality of the (sampled) activation maps but is still inconsistent and insufficient for
detailed structural representation. The CALCNet (Original) and CALCNet (Compressed)
versions show clearer and more concentrated activations compared to the earlier models,
demonstrating the effectiveness of CALCNet in refining feature emphasis. However, even
CALCNet still fails to fully resolve complex contours and multi-scale patterns present in the
scene. These visual results qualitatively confirm that CALCNet (Original) and CALCNet
(Compressed) outperform all baseline variants, aligning with their superior quantitative
performance across remote sensing datasets.

Sample
Image

Ensembled
Model

DLAN

CALCNet
(Original)

CALCNet
(Compressed)

‘Q'ﬂt

Figure 8. Visual results of CALCNet and other models. CALCNet achieves higher accuracy than
other models.

5.3. Statistical Analysis Test

Table 10 illustrates the performance of the proposed model across five independent
experimental runs on four benchmark remote sensing datasets, which include AID, Eu-
roSAT, NWPU, and UCMerced LandUse. The proposed model achieved consistently high
performance across all datasets. The model obtained an average accuracy of 98.09% for the
AID dataset, and the best accuracy reached 98.76%. The mean accuracy with standard
deviation was 98.09 + 0.48 which indcates, stable performance with minimal variation
across the five runs. The model achieved an average accuracy of 99.19% for the EuroSAT
dataset, and the highest recorded accuracy was 99.31%. The mean + SD value of 99.19 + 0.10
demonstrates an extremely consistent performance and very low variability between exper-
imental runs. Similarly, on the NWPU dataset, the proposed approach achieved an average
accuracy of 98.53%, while the best performance reached 99.19%. The standard deviation of
1.17 indicates slightly higher variability compared to the other datasets, but the results still
confirm strong and reliable classification capability. For the UCMerced LandUse dataset,
the proposed model produced an average accuracy of 99.47%, with a peak accuracy of
99.62% across the five runs. The mean + SD value of 99.47 + 0.11 reflects a highly stable
and consistent classification performance.
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Table 10. Statistical analysis test with different runs.

Experiment AID EuroSAT NWPU UCMerced LandUse
1 97.35 99.13 96.50 99.61

2 97.92 99.06 98.80 99.29

3 98.44 99.29 99.19 99.38

4 98.76 99.31 99.00 99.49

5 97.98 99.16 99.16 99.56
Average 98.09 99.19 98.53 99.48

Best 98.76 99.31 99.19 99.62

Mean + SD 98.09 + 0.48 99.19 = 0.10 98.53 + 1.17 99.47 + 0.11

5.4. Time Complexity

We compare the computational efficiency of the proposed CALCNet in this section,
which include both in its original and compressed forms, with a number of state-of-the-art
(SOTA) models. The model size and the overall number of model parameters are the
determinants to inference time. Table 11 shows a comparative study of various models
on the basis of parameters (millions), model size (MB), latency (seconds), and accuracy
(%). ResNet-101 and VGG16 have high parameter counts (44 M and 138 M), and the larger
model sizes, which translate to inference times of 90 seconds and 93 seconds, respectively,
and moderate accuracy. The latency of lightweight models, such as MobileNet-V2 and
EfficientNet-B0 is lower, but their accuracy decreases compared to the accuracy of models
based on ensembles and transformers. The original CALCNet has a high precision 99%,
a moderate latency of 72 seconds, and a model size 85 MB that can be handled. Notably,
the compressed form of CALCNet can substantially reduce latency to 41 s and model size
to 43 MB, while still achieving a high accuracy of 98%, indicating a good trade-off between
model size, computational efficiency, and performance. This discussion points out that
CALCNet provides a trade-off between practical implementation and high accuracy, and
the compressed implementation further increases its usefulness in resource-limited systems.

Table 11. Comparison of computational time and model efficiency of various SOTA models with
original and compressed CALCNet.

Methods Parameters Size Latency
ResNet-101 [60] 44 171 90
Xception [61] 22 88 90
Inception-V3 [62] 23.9 92 67
MobileNet-V2 [63] 3.5 14 87
DenseNet-121 [64] 20.2 80 92
VGG16 [65] 138 528 93
Deep Ensembled Model [34] 64.7 247 32
DVIT [66] 6.6 - -
Swin Transformer [67] 4.6 - -
PlantXViT [68] 4.6 - -
DLAN [69] 23 84 71
CALCNet (Original) 23 85 72
CALCNet (Compressed) 12 43 41

Furthermore, Figure 9 shows the proposed model’s computational complexity in terms
of Flops, model size, and frames per second. The original CALCNet requires 150.53 M
FLOPs with a model size of 85 MB. After compression, the CALCNet-Compressed model
significantly reduces the computational cost to 78.55 M FLOPs and decreases the model
size to 43 MB, resulting in approximately 45-50% reduction in computational operations
and model storage. In terms of inference performance, the compressed model shows an im-
proved processing speed on both hardware platforms. The CPU inference speed increases
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from 25.45 to 38.32, while the GPU performance improves from 75.4 to 118.3, demonstrating
the efficiency of the compressed architecture. These improvements indicate that the com-
pressed model reduces computational overhead and accelerates inference without signifi-
cantly affecting the model’s effectiveness. Overall, the compressed CALCNet-Compressed
model provides a favorable balance between model efficiency and computational perfor-
mance, making it more suitable for deployment in real-world applications with limited
computational resources.

160
140
120

100

60
40
0

FLOPS (M) Size (MB) cPU GPU

B CALCNet m CALCNet-Compressed

Figure 9. The proposed model’s computational complexity in terms of Flops, model size, and frames
per second.

6. Conclusions

This paper presents a new dual attention network called CALCNet that combines spatial
attention and multi-scale feature selection towards land cover classification. Because of its
special architecture, CALCNet can simultaneously obtain spatial dependencies and multi-
scaled contextual information, and extract discriminative features that are important in making
appropriate decisions on which complex land cover types to correctly differentiate.

Extensive experiments carried out in four benchmark datasets, AID, EuroSAT, NWPU
or UCMerced LandUse, were used to test the robustness and generalization ability of
the new model. CALCNet has continually been ahead of conventional CNN designs
like ResNet, InceptionV3, EfficientNet, and others. Through these ablation findings, we
were able to validate that the spatial attention module and Multi-Scale Feature Selection
Module play an important role in improving the ability of models to capture relevant
features and improve classification performance. In particular, CALCNet is able to achieve
98.09%, 99.47%, 98.53%, and 99.19% overall classification accuracies on AID, UCMerced
LandUse, NWPU-RESISC45, and EuroSAT datasets, respectively, while the compressed
variant (C-CALCNet) greatly reduces parameters and FLOPs but suffers less than 1%
accuracy degradation.

Moreover, a compressed version of CALCNet was tested to assess computational
speed. The findings showed that the model is highly accurate with minimal performance
degradation, making it suitable for resource-constrained systems and real-time scenarios.

In future work, we will investigate integrating multimodal data, including optical
and SAR data, to enhance classification under adverse conditions. Future research in
lightweight model optimization and transfer learning in different parts of the world can
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help make CALCNet a more general task in the large-scale remote sensing and land cover
analysis processes.
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