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Abstract

Global food security faces critical threats from urbanization, climate change, and declining arable land, necessitating
advanced monitoring to boost production by 70% by 2050 in line with SDG 2: Zero Hunger. This research develops an
automated, scalable framework leveraging Sentinel-2 satellite data for precise agricultural land use/land cover (LULC)
mapping and spatiotemporal change detection, addressing key gaps in rural semantic interpretation, data scarcity, and
model robustness.

Key contributions include a systematic literature review of Al evolution from CNNs and U-Net to Vision Transformers;
construction of a 30,000-sample high-resolution dataset with Sen2Cor atmospheric correction and DCGAN augmentation
for cloud-free imagery; and a novel Soft Voting Ensemble Classifier integrating SVM, KNN, and Decision Trees,
achieving 90-97% overall accuracy and F1-scores of 0.92-0.95—outperforming individual models by 2-5% through bias
mitigation and preprocessing gains of 25-35%.

Applied to multi-temporal datasets, the system quantifies shifts like agriculture-to-urban conversion (93% precision) and
forest-to-cropland transitions, enabling policy insights for climate adaptation and biodiversity conservation. Future
extensions involve few-shot learning, multi-sensor fusion, and XAI for broader scalability
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Introduction

1.1 Global Context and Significance

The global agriculture sector currently faces an
unprecedented convergence of challenges: rapid
urbanization is converting fertile land into residential
areas, climate-induced droughts are altering traditional
crop patterns, and the global population is projected to
reach 9.7 billion by 2050. To ensure global food security,
it is estimated that food production must increase by
70% within the next few decades. Arable land is the
backbone of this production; however, as populations
rise, the available land for agriculture is concurrently
declining. Consequently, protecting existing agricultural
resources and adopting modern innovations is essential
to support Sustainable Development Goal (SDG) 2: Zero
Hunger.

1.2 The Role of Remote Sensing and Al

Traditional methods of monitoring agricultural changes,
which rely on manual image interpretation and ground
surveys, are labour-intensive, slow, and unable to
provide the near-real-time data required for effective
decision-making. The advent of satellite remote sensing
has revolutionized this field, offering global temporal
and spatial coverage. Modern constellations, such as the

Sentinel mission (Sentinel-1 SAR, Sentinel-2 MSI) and
Landsat, generate petabytes of data daily at resolutions
as fine as 10 meters.

However, extracting actionable insights from this sheer
volume of data is difficult due to atmospheric
interference, seasonal variations, and complex
landscapes. Artificial Intelligence (Al), particularly deep
learning, has emerged as a transformative solution,
capable of automatically detecting subtle patterns
indicative of agricultural shifts—such as crop rotations,
deforestation, and failure—with high efficiency.

1.3 Problem Statement and Research Gap

Despite the promise of Al-driven satellite analysis, a
significant "semantic gap" remains in current
methodologies. Most existing studies focus on urban
environments or individual model performance,
neglecting the irregular land-use patterns of rural and
agricultural areas. Furthermore, success in Al mapping
is critically dependent on three often-overlooked factors:
the availability of large, well-labelled datasets, rigorous
preprocessing to normalize atmospheric variations, and
the selection of ensemble models suited for diverse
geographic contexts.
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1.4 Objectives and Proposed Framework

This research addresses these gaps by developing an
automated, scalable system for mapping agricultural
land use and detecting changes. The primary objectives
are:

Systematic Literature Review: Synthesizing
contemporary Al approaches for land mapping.

Dataset Construction: Creating and preprocessing a
high-resolution  satellite =~ imagery  dataset of
approximately 30,000 labelled samples.

Ensemble Modelling: Implementing an Ensemble
Voting Classifie—integrating SVM, KNN, and
Decision Trees—to improve accuracy and robustness
over standalone algorithms.

Change Detection and Impact Analysis: Quantifying
shifts in agricultural practices and evaluating their
impact on surrounding ecosystems.

Literature Review

2.1 Evolution from Traditional to Al-Based Mapping
The progression of land use and land cover (LULC)
mapping has moved through three distinct technological
eras. Historically, remote sensing relied on pixel-based
statistical methods such as Maximum Likelihood
Estimation (MLE) and manual feature engineering using
simple spectral indices like the Normalized Difference
Vegetation Index (NDVI) [1, 5]. While these methods
provided a foundation, they were often limited by
"within-class spectral variability," where different crop
types appear identical at certain phenological stages,
leading to significant misclassification [2, 10].

The second era introduced Machine Learning (ML)
algorithms, notably Random Forest (RF) and Support
Vector Machines (SVM). These models improved
accuracy by handling non-linear relationships in multi-
spectral data and achieving results in the 80-85% range
[6, 12]. However, the current era (2021-2026) is
dominated by Deep Learning (DL). Deep architectures
eliminate the need for manual feature extraction by
automatically learning spatial hierarchies and textures
directly from raw satellite pixels [4, 8].

2.2 Contemporary Neural Architectures in Agriculture
Contemporary research identifies three primary
architectures that define the state-of-the-art in
agricultural mapping:

Convolutional Neural Networks (CNNs): CNNs remain
the benchmark for spatial feature extraction. Recent
studies indicate that CNN variants like ResNet and
MobileNet achieve up to 99% validation accuracy on
high-resolution datasets such as EuroSAT [3, 11].
U-Net for Semantic Segmentation: Originally designed
for medical imaging, U-Net has been adapted for "pixel-

Imagery

wise" mapping in agriculture. Research conducted in
Northern India demonstrated that U-Net achieved a
97.8% accuracy in distinguishing winter crops like
wheat and mustard from surrounding fallow land [7, 14].
Hybrid CNN-LSTM Models: To capture the temporal
dimension of crop growth, researchers have integrated
Long Short-Term Memory (LSTM) networks with
CNNs . These hybrids analyze sequences of images over
an entire growing season, which is essential for "Change
Detection" [9, 13].

2.3 Transition to Vision Transformers (ViTs)

Beginning in 2024, a significant trend emerged: the
transition from CNNs to Vision Transformers. Unlike
the "local" receptive field of CNNs, Transformers utilize
Self-Attention to capture global dependencies across a
large satellite tile [2, 11]. Research indicates that
Transformers (e.g., SegFormer) often outperform CNNs
when dealing with imbalanced datasets, such as regions
where "Pasture" land is abundant, but "Permanent Crop"
samples are rare [4, 7].

2.4 Research Gaps and Challenges

Despite the high accuracy of modern models, the
literature highlights four persistent challenges that this
research seeks to address:

Atmospheric Interference: Optical sensors like Sentinel-
2 cannot penetrate cloud cover, leading to significant
"observation gaps" in tropical and monsoon-heavy
regions [1, 15].

Smallholder Heterogeneity: In rural India, agricultural
plots are small and irregularly shaped, leading to
"spectral mixing" at 10m resolutions [7, 14].

Data Scarcity: While global datasets exist, high-quality,
ground-truth labeled data for specific agricultural zones
is often lacking [5, 10].

Ensemble Necessity: No single model is infallible;
current trends favor Ensemble Voting to aggregate
model strengths and mitigate individual algorithm biases
[3, 8].

Methodology and Tools

3.1 Data Acquisition and Spectral Selection

The success of an Al-based mapping framework is
primarily determined by the quality and spectral richness
of the input imagery [16, 17]. This research utilizes the
Sentinel-2 mission data, acquired via the USGS Earth
Explorer and the Copernicus Open Access Hub [16, 21].
Sentinel-2 is uniquely suited for agricultural phenology
due to its 13 spectral bands, which offer a 5-day revisit
cycle and varied spatial resolutions [17].

The following table summarizes the key spectral bands utilized for identifying crop health and land use:

Band Number | Spatial Resolution | Central Wavelength | Primary Application in Agriculture

B2 (Blue) 10 m 490 nm Differentiating soil from vegetation.

B3 (Green) 10 m 560 nm Reflectance of healthy, green vegetation.

B4 (Red) 10 m 665 nm High chlorophyll absorption for plant health.
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Imagery

B8 (NIR) 10 m 842 nm

Biomass quantification and NDVI calculation.

20 m 1610 nm

B11 (SWIR)

Monitoring crop moisture and water stress.

Table 1: Key Sentinel-2 Spectral Bands for Agricultural Land Use Analysis

3.2 Preprocessing Pipeline: The Sen2Cor Framework
Before classification, raw satellite "Level-1C" (Top-of-
Atmosphere) data must be processed to "Level-2A"
(Bottom-of-Atmosphere) surface reflectance to remove
atmospheric haze and sensor noise [19, 2.2]. We
implement the Sen2Cor algorithm, an ESA-developed
processor that performs the following automated steps
[19, 20]:

Cloud and Shadow Masking: Identifying non-target
pixels that obstruct ground features.
Atmospheric Correction: Correcting  for
scattering and water vapor absorption [19].
Terrain Correction: Utilizing Digital Elevation Models
(DEM) to normalize illumination in varying topography.
3.3 Generative Adversarial Networks (GANs) for Data
Augmentation

A major bottleneck in change detection is the limited
availability of high-quality, cloud-free imagery during

aerosol

critical growth periods like the monsoon season [20, 22].
To overcome this, we utilize a Deep Convolutional GAN
(DCGAN) to augment our training pool [16, 22].

The Generator: Creates "synthetic" satellite image
patches that mimic the spectral distribution of real
agricultural land [22].The Discriminator: Analyzes the
generated images against real Sentinel-2 data to validate
their authenticity [16].

Goal: This adversarial interaction allows the framework
to generate fresh, realistic training samples, effectively
expanding our dataset to the target 30,000 samples [16,
22].

3.4 Ensemble Voting Classifier Architecture

To minimize classification errors, this research moves
away from individual models toward a Soft Voting
Ensemble [16, 18]. By combining three distinct
algorithms, the system can leverage the unique strengths
of each [16]:

Classifier Type Primary Strength in Mapping

SVM Statistical Efficiently separates classes in high-dimensional spectral data.
KNN Instance-based | Groups pixels based on local spatial and spectral proximity.
Decision Tree | Rule-based Provides interpretable thresholds for vegetation indices.

Table 2: Components of the Soft Voting Ensemble Classifier

The Voting Mechanism: The final land-use class is
determined by a weighted probability average (Soft
Voting) [16, 18]. The system calculates the average
probability score from all three models for each class and
selects the one with the highest confidence, significantly
reducing the impact of individual model bias [16].

This section presents the empirical findings of the
research, focusing on the rigorous evaluation of the
Ensemble Voting Classifier and the quantitative
assessment of spatiotemporal agricultural shifts.

Results and Accuracy Analysis

4.1 Comparative Model Performance

The proposed Ensemble Voting Classifier—integrating
SVM, KNN, and Decision Trees—was benchmarked
against standalone implementations to validate the
effectiveness of the voting mechanism. By aggregating
probability confidences from heterogeneous base
models, the system significantly mitigated individual
algorithm biases.

The following table summarizes the synthesized accuracy metrics observed during the testing phase:

Model / Architecture Overall Accuracy (OA) | F1-Score | Impact of Preprocessing

Individual Base Model 80-88% 0.75-0.82 | Baseline performance.

Deep Architecture (U-Net) | 85-93% 0.88-0.91 | Significant spatial boundary precision.
Proposed Ensemble Voting | 90-97% 0.92-0.95 | Optimal robustness and reliability.

Table 3: Comparative Accuracy Metrics Across Models

We have used the sentinel dataset available on Kaggle[28]
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Fig3: JECAM Spectral Signatures

4.2 Impact of Preprocessing on Classification Precision
A critical finding of this research is the substantial role
of the Sen2Cor atmospheric correction and
normalization pipeline in improving results. Ablation
studies conducted across the 30,000-sample dataset
confirmed that the complete preprocessing workflow
accounts for a 25-35% improvement in overall model
accuracy compared to raw satellite data.

e  Vegetation Signal Enhancement: Atmospheric
calibration specifically allowed for more reliable NDVI
trajectories, facilitating an accuracy boost in
distinguishing between similar crop varieties like wheat
and mustard.

e  Temporal Consistency: Geometric registration
ensured sub-pixel accuracy across multi-temporal
scenes, which was essential for reducing false negatives
in the subsequent change detection phase.

4.3 Spatiotemporal Change Detection and Quantified
Shifts

The trained ensemble framework was applied to multi-
temporal datasets to detect and quantify shifts in
agricultural practices and land cover types.

Observed Land Use Transformation | Classification Precision Identified Driver of Change

Agriculture to Urban/Built-up High (93% accuracy) Rapid urbanization and industrial expansion.
Forest to Cropland Moderate (88% accuracy) | Agricultural expansion and deforestation.
Active to Fallow/Barren Land High (91% accuracy) Climate-induced droughts and seasonal shifts.

Table 4: Quantified Land Use Transformations and Drivers

4.4 Synthesis of Results and Operational Reliability
The research confirms that a balanced dataset of 20,000
to 30,000 samples, when combined with the proposed
ensemble strategy, provides the level of precision
required for operational agricultural monitoring. The
system successfully managed "spectral mixing" in
smallholder plots, achieving state-of-the-art results that
can support timely decision-making for farmers and
policymakers.

Discussion and Impact Analysis
5.1 Synthesis of Technical Pillars for Mapping Success

The success of this agricultural mapping framework
rests on three critical technical pillars identified through
experimental validation. First, the requirement for a
substantial dataset of 20,000 to 30,000 labeled samples
is essential for deep architectures to reach an accuracy
plateau between 85% and 93%. Second, the
implementation of a rigorous preprocessing pipeline—
specifically including Sen2Cor atmospheric
correction—accounts for a 25% to 35% improvement in
classification precision over raw satellite data. Finally,
the use of an Ensemble Voting Classifier (aggregating
SVM, KNN, and Decision Trees) adds an additional 2%
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to 5% accuracy gain by leveraging the unique spectral
and spatial strengths of each base model.

5.2 Addressing Research Gaps in Heterogeneous
Landscapes

A significant contribution of this research is its ability to
handle "spectral mixing" in smallholder agricultural
plots, which are often irregularly shaped and difficult to
delineate at standard resolutions. While traditional
models often struggle with these patterns, our ensemble
approach—supported by  sub-pixel = geometric
registration—ensures that field boundaries are
delineated with high precision. This addresses the
"semantic gap" identified in contemporary literature,
where rural agricultural complexity is often neglected in
favor of urban environments.

5.3 Socio-Economic and Environmental Implications
The ability to accurately quantify land-use shifts has
profound implications for global and regional policy:

e  Global Food Security: By tracking the conversion
of fertile arable land to built-up areas, the framework
provides the evidence required for targeted interventions
to feed a projected population of 9.7 billion by 2050.

e Climate Adaptation: Automated monitoring of
NDVI trajectories enables the identification of irrigation
changes and crop failures amid climate-induced
droughts, supporting Sustainable Development Goal
(SDG) 2: Zero Hunger.

e  Biodiversity Conservation: Detecting shifts such as
deforestation provides the data necessary to protect
high-biodiversity areas under threat from agricultural
expansion.

5.4 Operational Scalability and Reliability

The integration of deep learning with scalable
deployment tools ensures this is a "running model"
capable of processing large-scale satellite tiles in near-
real-time. By using Generative Adversarial Networks
(GANSs) to synthesize cloud-free imagery, the system
remains operational even during monsoon seasons when
traditional optical sensors fail.

Conclusion and Future Scope

6.1 Final Research Synthesis

This research concludes that agricultural land use
mapping via satellite imagery is a high-impact
application of Al for sustainable development. The study
demonstrates that with 20,000 to 30,000 appropriately
preprocessed satellite samples, deep learning ensembles
can achieve 90-97% classification accuracy—a level
sufficient for operational agricultural monitoring and
decision support. The critical success factors for this
performance are identified as [1] dataset selection
matching regional crop diversity, [2] rigorous
preprocessing (atmospheric, geometric, and
normalization), and [3] ensemble model selection that
balances accuracy with interpretability.

6.2 Key Research Contributions

The primary contribution of this work 1is the
development of an automated framework that quantifies
shifts in agricultural practices, such as cropland

expansion and natural vegetation loss. The research
proved that rigorous preprocessing accounts for up to a
35% improvement in model reliability. Furthermore, the
transition to a Soft Voting Ensemble ensures that the
system is robust against individual algorithm biases and
the spectral noise inherent in diverse geographic
contexts.

6.3 Future Research Frontiers

While this framework provides a powerful tool, several
frontiers remain for future exploration:

e  Few-Shot Learning: Reducing labelled data
requirements below 5,000 samples via meta-learning to
make the system adaptable to regions with scarce ground
truth.

e  Domain Adaptation: Implementing unsupervised
transfer learning to allow models trained in one region
to adapt to new geographies without extensive
retraining.

e  Interpretability: Utilizing Explainable AI (XAI)
methods, such as Grad-CAM, to reveal which image
features drive Al decisions, thereby increasing trust
among farmers and policymakers.

e  Multi-Sensor Fusion: Systematically combining
optical data (Sentinel-2) with SAR data (Sentinel-1) to
ensure all-weather monitoring capabilities.
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