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Abstract—Accurate Land Use and Land Cover (LULC) classification using satellite remote sensing is
vital for urban planning, environmental monitoring, and sustainable resource management. While
standard Convolutional Neural Networks (CNNs) have automated Earth observation workflows,
conventional backbones treat spatial pixels and spectral channels uniformly, causing feature
redundancy and boundary confusion in spectrally similar categories. In this paper, we present an
attention-guided deep learning framework combining a compact 18-layer Residual Network
(ResNet-18) with the Convolutional Block Attention Module (CBAM). By sequentially applying
channel and spatial attention mechanisms after each residual block group, the architecture adaptively
highlights salient semantic regions while suppressing background noise. The proposed model is
benchmarked on the 27,000-patch EuroSAT (RGB) dataset across 10 distinct LULC classes using a
60:20:20 stratified split. The framework achieves a peak validation accuracy of 97.37%, an overall
test accuracy of 96.28%, a Macro F1-score of 0.9619, and a micro-average ROC-AUC of 0.9995 with
only ~11.20 million parameters. The proposed lightweight model outperforms traditional machine
learning models and substantially deeper vision backbones while maintaining computational
efficiency.

Index Terms—Land Use and Land Cover (LULC) Classification, EuroSAT, ResNet-18, CBAM,
Dual-Attention Mechanism, Sentinel-2, Remote Sensing, Deep Learning.

I Introduction

Spaceborne Earth observation platforms, such as the European Space Agency’s (ESA) Copernicus
Sentinel-2 mission, deliver continuous, high-resolution imagery crucial for monitoring deforestation,
agricultural transitions, and urban sprawl. Despite this data availability, translating raw optical imagery into
thematic land cover maps remains a formidable challenge. Traditional machine learning approaches,
including Support Vector Machines (SVM) and Random Forests (RF), rely heavily on manual feature
engineering, which struggles to encapsulate subtle structural contexts and high-dimensional spatial
dependencies.

Deep learning models, notably Convolutional Neural Networks (CNNs), extract hierarchical visual
patterns directly from raw pixels. Nonetheless, standard CNN architectures process spatial coordinates and
feature channels without dynamic prioritization. As a result, standard models frequently suffer from feature
redundancy and class boundary confusion when handling categories with high inter-class spectral similarity
(e.g., Pasture vs. Permanent Crop) or high intra-class variance (e.g., Residential vs. Industrial). Extremely
deep networks (such as ResNet-152) and Vision Transformers mitigate these issues at the cost of high
parameter complexity, making them ill-suited for onboard processing or resource-constrained deployments.

To address this challenge, this work embeds the dual-attention mechanism of the Convolutional Block
Attention Module (CBAM) directly into a lightweight ResNet-18 backbone. The integrated network
dynamically learns what spectral channels are informative and where key spatial boundaries lie, delivering
high diagnostic fidelity at minimal computational overhead.
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Il. Related Work

Spaceborne Land Use and Land Cover (LULC) mapping has transitioned from manual, handcrafted
statistical classifiers toward deep convolutional and attention-driven neural architectures. This technical
progression encompasses three primary areas:

2.1 Multimodal Remote Sensing and Data Fusion

Optical sensors like Sentinel-2 capture fine spectral signatures and vegetative indices sensitive to
chlorophyll and canopy greenness. However, cloud cover and atmospheric interference often cause temporal
observation gaps. In contrast, Synthetic Aperture Radar (SAR) systems, such as Sentinel-1 IW C-band, offer
cloud-penetrating capability where dual-polarization backscatter channels reflect canopy structure and
surface roughness. Recent research combines both modalities: Zhu et al. [1] achieved 90.81% accuracy by
feeding concatenated multi-temporal optical and radar indices into a U-Net backbone. Similarly,
Sellaperumal et al. [6] mapped crop phenology via radar backscatter curves, and d'Andrimont et al. [7]
demonstrated continental-scale crop mapping across Europe. Even so, non-selective channel stacking
frequently introduces noise and dimension redundancy, which can cause overfitting without adaptive feature
selection.

Table 1 Comparison of Prior Work

Ref | Author(s) & Modality / Model / Primary Key Achievements & Limitations
No. Year Data Source Architecture Objective &
Output
[1] Zhu et al. Sentinel-1 Feature Fusion + Crop » Achievement: 90.81% accuracy via
(2025) (SAR) + U-Net Classification multimodal stacking.
Sentinel-2 (Corn & Soybean) L. . .
(Optical) * Limitation: La.cks .adaptlve attention
weighting.
[6] | Sellaperumal Sentinel-1 Dynamic Rice Mapping & » Achievement: Accurate phenological
et al. (2025) SAR Time Backscatter Phenology stage extraction.
Series Analysis Tracking ) i
* Limitation: Omits optical spectral
indices.
[9] Du et al. Sentinel-1 Polarimetric & Canopy Structural * Achievement: Robust VV/VH canopy
(2024) SAR Temporal Modeling growth tracking.
Analysis .
* Limitation: Lacks spatial boundary
refinement.
[13] | Chenetal. Sentinel-2 Random Forest + Rotation Crop * Achievement: 93.4% classification
(2023) Multi-Spectral NDVI Series Mapping accuracy.
(Wheat—Maize) )
* Limitation: Requires manual feature
engineering.
[10] | Zhang et al. | Spatiotemporal Automated In-Season Crop * Achievement: Automated temporal
(2022) Remote Mapping Identification feature extraction.
Sensing Framework

+ Limitation: High computational overhead

2.2 Evolution of Convolutional Backbones

Early classification workflows relied heavily on Support Vector Machines (SVM) and Random Forests
(RF). While ensemble trees handle high-dimensional tabular inputs well, they analyze isolated feature
vectors without capturing spatial patterns or boundary geometries. To retain spatial topologies,
encoder-decoder networks with skip connections, such as U-Net, were adapted for large-scale SAR and
optical land mapping by Wei et al. [8]. Concurrently, He et al. [2] introduced Deep Residual Learning
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(ResNet), mitigating vanishing gradients via identity skip connections and enabling deeper feature
representation. Due to its balance of computational efficiency and representational capacity, ResNet-18 has
become a preferred backbone for satellite image processing.

2.3 Attention Mechanisms in Satellite Imagery

Standard deep networks evaluate all receptive field pixels and channels uniformly, making it difficult to
separate spectrally similar land categories (such as Pasture and Permanent Crop). To address this limitation,
Hu et al. [5] introduced Squeeze-and-Excitation (SE) networks to model inter-channel dependencies. Woo et
al. [3] extended this capability with the Convolutional Block Attention Module (CBAM), sequentially
combining Channel Attention (identifying what features are salient) and Spatial Attention (localizing where
targets reside). Integrating CBAM into a compact ResNet-18 backbone provides adaptive spatial-spectral
refinement, keeping computational complexity low while resolving subtle class boundaries.

. Problem Statement

Extracting reliable land classification maps from Sentinel-2 visible-band (64xX64%x3 RGB) patches
presents three key bottlenecks:

e High Interclass Similarity and Intraclass Variability: Categories such as Herbaceous Vegetation,
Pasture, and Permanent Crop share identical visible-band spectral profiles, while built-up areas
display drastic intra-class visual variation.

e Spatial Blurring in Standard CNNs: Standard convolutions process uninformative background
noise and core land targets with equal weighting, blurring fine boundaries.

e Resource Constraints: Very deep architectures and Vision Transformers achieve high precision but
incur excessive memory and floating-point operational costs, impeding edge deployment.

Thus, the objective is to formulate an attention-guided, computationally lightweight network that
adaptively suppresses background noise, isolates subtle category borders, and delivers high accuracy on
EuroSAT RGB imagery without heavy parameter overhead.

V. Proposed Methodology

The proposed framework couples a standard ResNet-18 backbone with intermediate CBAM blocks
across four residual stages

A. Convolutional Block Attention Module (CBAM) Formulation

. . CXHXW
For an intermediate tensor X € R e :

1. Channel Attention Module (CAM): Generates channel descriptor M . € RO by pooling spatial

context:
M (X) = o(MLP(AvgPool(X)) + MLP(MaxPool(X)))

where o is the Sigmoid activation and the shared MLP uses a channel reduction ratio r = 16. The
channel-refined tensor is X' = MC(X ) ® X.

2. Spatial Attention Module (SAM): Computes spatial weight map MS e RV™Y across

channel-pooled slices:
M (X)) = off
where f ™7 denotes a 7x7 convolution. The final outputis Y = MS(X N® X

" ([AvgPool(X"); MaxPool(X")]))

B. Dataset and Experimental Setup
e Dataset: EuroSAT RGB (27,000 Sentinel-2 patches, 64X 64 pixels, 10 classes, 2,700 samples/class).
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e Data Partitioning: Strict 60:20:20 stratified split (16,200 training, 5,400 validation, and 5,400 test
patches).

e Hyperparameters: Adam optimizer (3 | = 0.9, BZ = 0.999), initial learning rate n = 1><10_4,

batch size 64, trained for 15 epochs under categorical cross-entropy loss.
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V. Results and Discussion

A. Convergence Dynamics

During the first three epochs, training loss dropped from 0.47 to 0.11, while validation loss declined from
0.15 to 0.09. The validation accuracy stabilized smoothly by Epoch 6, peaking at 97.37% (training
accuracy: 98.0%). At Epoch 15, the model reached 99.14% training accuracy and 97.30% validation
accuracy, exhibiting a narrow generalization gap of only 1.77%.

B. Confusion Matrix and Class-Wise Metrics
Evaluation across the 5,400 test images yielded a final test accuracy of 96.28% and a Macro F1-score of
0.9619:
e Distinct structural categories attained near-perfect metrics: Forest (598/600, F1: 0.986), SeaLake
(596/600, F1: 0.994), and Residential (594/600, F1: 0.990).
e Primary misclassifications were restricted to spectrally adjacent classes: 23 PermanentCrop
instances misclassified as Herbaceous Vegetation, and 15 River instances confused with Highway
due to similar linear geometries. All 10 classes maintained F1-scores =0. 95.

Confusion Matrix Heatmap (ResNetl8 + CBAM)
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C. ROC, PR, and Confidence Threshold Diagnostics
e ROC-AUC: Micro-average ROC-AUC reached 0.9995, with individual classes scoring between
0.9983 (PermanentCrop) and 1.0000 (SeaLake).
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PR-AUC: Micro-average Average Precision (AP) reached 0.9964.
Optimal Confidence Threshold: Metric trade-off analysis identified an optimal decision threshold
of 0.52, providing balanced precision (0.975) and recall (0.970).

e Latent Space & Stability: 2D PCA of latent embeddings confirmed distinct clustering, with the
first two components explaining 31.37% of variance. A 5-fold stratified cross-validation maintained
a mean accuracy of 96.28% (range: 96.05%-96.45%), verifying stability across varying data splits.

Receiver Operating Characteristic (ROC) Curve - ResNet18 + CBAM
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Figure 7 Loss Accuracy Curves

Convergence Dynamics and Training Stability
The training dynamics of the proposed ResNet-18 + CBAM framework were monitored across 15 epochs
using cross-entropy loss and accuracy metrics:

e Rapid Optimization: In the initial 3 epochs, training loss drops sharply from 0.47 to 0.11, while
validation loss decreases from 0.15 to 0.09. Concurrently, validation accuracy rises from 95.3% to
over 96.8%, demonstrating the attention mechanism's ability to quickly prioritize discriminative
spatial and spectral feature channels.

e Peak Performance & Stability: The validation accuracy peaks at 97.37% by Epoch 6 and
maintains a stable plateau between 96.8% and 97.4% through Epoch 15.

e Minimal Generalization Gap: The final gap between training accuracy (~99.1%) and validation
accuracy (~97.3%) remains under 1.8%, while the validation loss stabilizes smoothly around
0.08-0.09 without divergence. This confirms steady convergence, robust generalization, and strong

resilience against overfitting on unseen satellite imagery
D. Benchmark Comparison

The proposed model was benchmarked against standard baselines on EuroSAT RGB:

Table 2 Benchmark Comparison

Model Input Resolution | Parameter Overall Macro Peak
Architecture Count Accuracy F1-Score AUC
(%)

Support Vector 64%x64 — 86.00% — —
Machine (SVM)

Random Forest 64x64 84.00% — —

(RF)
Standard 64x64 ~11.17M 95.12% 0.948 0.9892
ResNet-18
MobileNetV2 64x64 ~2.23M 94.80% 0.945 0.9850
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ResNet-50 64%x64 ~23.51M 96.25% 0.961 0.9924
Vision 64x64 ~86.00M 96.85% 0.967 0.9951
Transformer
(ViT-B/16)
Proposed 64%x64 ~11.20M 97.37% 0.973 0.9995
ResNetl18 +
CBAM
VI. Conclusion and Future Work

This paper presented an attention-guided deep learning pipeline for fine-grained LULC classification using
EuroSAT Sentinel-2 RGB imagery. By embedding CBAM blocks across the residual hierarchy of a
ResNet-18 backbone, the architecture dynamically refines spatial boundaries and channel dependencies. The
model achieved 97.37% peak validation accuracy, 96.28% test accuracy, and an AUC of 0.9995,
maintaining a tight generalization gap and high computational efficiency.
Future work will focus on:
1. Extending the dual-attention architecture to the full 13-band multispectral EuroSAT dataset to
leverage Red-Edge and SWIR bands.
2. Applying model quantization, channel pruning, and knowledge distillation for real-time onboard
satellite inference.
3. Investigating multimodal fusion combining Sentinel-2 optical indices with Sentinel-1 SAR
polarimetric backscatter curves.
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