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Abstract

In this research, Al and Big Data analytics is integrated in the fit of climate change adaptation strategies
for afforestation and deforestation agriculture. As weather patterns become increasingly difficult to
predict and there is a growing need for the development of sustainable food systems, the need for data
driven approaches to agriculture decisions becomes more and more pressing. For this study, four Al
algorithms are applied to analyse climate, soil and crop yield datasets: “Random Forest, Support Vector
Machine (SVM), Long Short Term Memory (LSTM) and Gradient Boosting.” First we aim to quantify
the ways in which these algorithms can reliably predict optimal adaptation strategies, which include crop
selection, irrigation scheduling and yield forecasting. Testing results show that LSTM is the best
classification method for yield forecasting and yielded 92.3% prediction accuracy while Gradient
Boosting followed with 89.7%, SVM with 85.2% and Random Forest with 87.5%. Additionally, the
study compares to past works, and represents improved precision, recall and F1 score metrics for all the
models. The results indicate that Al based models significantly improve agricultural adaptation decisions
accuracy and reliability under climate change. Also, this research adds to the growing proof of the
capability of big data frameworks to provide real-time, scalable, and local solutions for smart agriculture.
The results will help establish robust climate resilient agricultural systems on a global scale.

Keywords: Artificial intelligence, big data, climate change adaptation, smart agriculture, yield
forecasting

Introduction

On a global scale, climate change threatens the stability of food systems and affects crop
yields, soil fertility, water availability, among other things. Already, rising temperatures,
shifting precipitation patterns and the higher frequency of extreme weather events, are
disrupting farming practice and threatening the livelihoods of millions of people worldwide.
Facing the increasing challenges of the agriculture sector, there is an increasing demand for an
adaptation strategy to increase resilience and sustainability. In this vein, the combination of
Artificial Intelligence (Al) and Big Data represents a paradigmatic way to tackle climate
change based on its dynamic dynamics within agriculture ™. Yet, Al techniques like machine
learning and deep learning can mine through very large and heterogeneous datasets like
weather forecasts, soil conditions, satellite imagery, and crop performance data to produce
predictive insight and real time decisions 2. With Big Data and Al, enormous structured and
unstructured data are collected, stored, processed from different sources, and when combined
with Al can be leveraged in determining proactive adaptation strategies specific to regions and
crops [, There is a research to apply Al and Big Data technologies to model the climate
change adaptation strategies for Agriculture. In order to find ways to create data driven models
for forecast climate based risks, design models to optimize crop planning, model the resource
use to increase agricultural productivity and resilience, it would explore. The study examines
current trends, frameworks, case studies in order to showcase how these technologies can be
used to support sustainable agricultural development in a changing climate. This research is
expected to provide useful findings to policy makers, smart farming practice and the broader
objective of food security under environmental uncertainty.
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Related Works

Past integration of big data analytics and artificial intelligence
(Al) across various sectors has progressively been
transformative with agriculture, environmental management,
sustainability and disasters risk mitigation having emerged as
strong candidates. What follows is this body of literature that
will be useful to think about how modern technologies shape,
change, and transform traditional systems in order to make
decisions in better ways and help foster resilience. For
agriculture, big data has changed the poultry farming face to
has made monitoring of the real time, improved productivity
and quality and also the biosecure. According to Franzo et al.
(%] big data has a potential to improve health management,
traceability, and resource utilization in improving poultry
production systems. Therefore, Giannakopoulos et al. [
mentioned about the combined application of Al-powered
digital marketing analytics and agroeconomic indexes. The
work they present describes how, under the constraint of data-
driven decision making, agri-food industries are able to more
effectively plan their strategy and allocate their resources.

The availability of big data technologies has another
beneficiary domain, i.e., environmental sustainability. In her
write up on the application of big data in environmental and
water resource management, Gohil et al. [7] state that it aids
in improving forecasting, water quality monitoring and
adaptive infrastructure development. This is complemented
with Mahmood et al. ! that determine the effectiveness of a
nature based solution using big earth data, measuring how
much subsequent mangrove plantations in Bangladesh help in
the long term environmental effects. As the authors conclude
in their study, data with high temporal and spatial resolution
are essential when achieving the ecological restoration. Data
analytics have also rendered great progress in the areas of
climate change and disaster management. Hsu and Sharma [*8]
address the contribution of big data to the management of
outdoor recreation and tourism with climate change. The
authors find that data driven models can dramatically improve
emergency preparedness and mitigate environmental damage.
Ikegwu et al. [ also model the emerging big data methods of
climate change effects and propose using advanced analytics
and machine learning to forecast climate patterns and develop
mitigation policies.

Jamarani et al. 2! provide a wide dress systematic review of
big data and predictive analytics application in different
industries. To illustrate, they explain that the reliance of the
system on big data systems that have been enhanced by Al
results in more accurate predictions and efficiency in
operations. Kumar et al. 2 also agree with this view, and
hence suggest that this was the co-evolution of Al and big
data, where Al algorithms unlock deeper insights from the
complex data sets to result with innovation in each sector.
From a technical point of view, integration of TinyML and
Internet of Things (1oT) in big data management is found as a
scalable and efficient solution for the deployment on large
scale. TinyML algorithms designed for handling big data in
IoT systems are introduced by Karras et al. Y. Their work
exemplifies that lightweight edge Al models that process data
in real time are possible, especially when data is bandwidth
limited or remote.

With more and more of the small and medium sized
enterprises (SMEs) being evaluated over sustainability with
data driven models, In a contribution by Levente Péter Balint
et al. [, an altered Ecocanvas model is suggested to explore
the factors affecting SMEs’ potential to pursue sustainability.
Big data is used in their approach by which they assist
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organisations in making environmentally friendly practices
and strategic planning in business operations. In related
fashion, Luyckx and Reins 4 criticise the use of predictive
tools in EU agriculture, namely their reliance on algorithmic
forecasts rather than transparent and contextual models.
COVID-19 pandemic, with its challenging and uncertain
nature, was also a great time to get adoption of Al in the agri-
food supply chain. Mishra et al. 8 try to explain these
barriers, such as data privacy fears, infrastructural drawback,
and digital illiteracy. While the pandemic compressed a
transformation in digital, their study shows that it also pointed
to inherent shortcomings in how Al can be applied to
agriculture that need fixing (Payal Mishra et al, 2024) (51,
These studies, together, highlight both the multiple faces of
big data and Al in boosting agricultural productivity,
environmental conservation, climate resilience, and business
sustainability. The authors show a consensus building for
applications of these technologies which are about more than
techno innovation, but also ethical, infrastructural and
organizational readiness.

Methods and Materials

This study takes a data-driven strategy to simulate climate
change adaptation in agriculture through the use of artificial
intelligence (Al) algorithms and big data analytics. The
section details the data sources employed, the chosen Al
algorithms, their implementation, and their application in
forecasting and optimizing agricultural decisions under
altered climatic conditions [4],

Data Collection and Preparation

The dataset applied in this study consists of past and present-
day agricultural and climate data that were gathered from a
number of reliable sources. They include:

Climatic Data: Day-by-day temperature, precipitation,
humidity, and solar radiation taken from global databases
like NASA POWER and WorldClim I,

Soil Characteristics: Information on pH of the soil,
moisture levels, organic carbon, and texture acquired
from regional soil survey associations.

Crop Yield Records: Historical records for major crops
(e.g., wheat, maize, rice) from FAO and national
agriculture ministries.

Remote Sensing Data: Satellite imagery to identify land
use changes, vegetation index (NDVI), and drought stress
indicators.

Data collected were preprocessed, comprising data cleaning,
normalization, and imputation of missing values with
interpolation methods. Feature engineering was utilized to
extract meaningful indicators like rainfall deviation index,
temperature anomalies, and crop-specific growth stages [©.

Selected Algorithms

For simulation of the adaptation strategies, four machine
learning models were chosen out of the following based on
how accurate, scalable, and understandable they are:

1. “Random Forest (RF)
2. Support Vector Machine (SVM)
3. Long Short-Term Memory (LSTM)

4. Gradient Boosting Machine (GBM)”

“Every model was trained and tested over an 80/20 train/test
split in the dataset and cross-validated using k-fold cross-
validation with k=5.”


https://www.mathsjournal.com/

International Journal of Statistics and Applied Mathematics

1. Random Forest (RF)

Random Forest is an ensemble learning algorithm that builds
a multitude of decision trees in training and yields the class
which is the mode of the classes (classification) or mean
prediction (regression) of the individual trees. In agriculture,
RF is extensively applied to estimate crop yields, land cover
classification, and estimation of soil parameters Il RF can
deal with large data and nonlinear relationships well and is
less vulnerable to overfitting than a single decision tree.

“Input: Training dataset D, number of trees T
Fort=1toT:

1. Sample D with replacement to create Dt

2. Train a decision tree model ht on Dt

3. At each node, select the best split among a random subset
of features

Output: Ensemble model H(x) = average (ht(x)) for

regression or majority vote for classification”

2. Support Vector Machine (SVM)

“SVM is a supervised learning algorithm that is efficient for
both linear and nonlinear classification and regression tasks.”
SVM operates by determining the hyperplane that optimally
separates the data into classes with maximum margin. In this
study, SVM has been applied in classifying regions according
to climate adaptability scores and forecasting yield responses
to variations in environmental conditions [, Kernel functions
like radial basis function (RBF) are used to enhance its
capacity in dealing with nonlinear data patterns.

function K,

“Input: Training data (X, vy), kernel

regularization parameter C

1. Maximize margin by solving:
Minimize %ljw||* + C Z &i
subject to yi(w-o(xi) + b) > 1-&i, & >0
2. Use Lagrange multipliers to find optimal a
3. Compute prediction: f(x) = sign (Z ai yi K(xi, X) + b)

https://www.mathsjournal.com

Output: Decision function f(x)”

3. Long Short-Term Memory (LSTM)

LSTM is a recurrent neural network (RNN) that can learn
from sequence and time series information. It is best suited to
model long-term dependencies and is, therefore, best used in
modeling crop growth phases, rain forecasting, and yield
prediction over time. LSTM employs memory cells and
gating units (input, forget, and output gates) in controlling the
information flow . This helps in reducing the vanishing
gradient problem associated with conventional RNNs.

“Input: Sequence of input vectors X = [x1, X2, .., Xt]

For each time step t:

ft = o(WTf - [ht-1, xt] + bf) // Forget gate

it = o(Wi - [ht-1, xt] + bi) // Input gate

Ct~ = tanh(WC - [ht-1, xt] + bC) // Candidate cell state
Ct=ft* Ct-1 + it * Ct~ // Cell state update

ot=o(Wo - [ht-1, xt] + bo) // Output gate

ht = ot * tanh(Ct) // Hidden state

SO~ LNE

Output: Final output hT”

4. Gradient Boosting Machine (GBM)

“Gradient Boosting Machine is a strong ensemble technique
that constructs trees sequentially, and each subsequent tree
tries to correct the mistakes of the previous tree.” It is
especially useful in regression tasks like crop yield prediction
and finding sensitive variables like temperature thresholds.
GBM works well on structured data and can be optimized
using learning rate and tree depth for best performance 1,

“Input: Training data (X, y), number of iterations N, learning

rate m

1. Initialize model: FO(x) = mean(y)

2. Form=1toN:

a) Compute residuals: rm =-98 L(y, Fm-1(x))/ 8 F
b) Fit regression tree to residuals: hm(x)

c) Update model: Fm(x) = Fm-1(x) +n * hm(x)

Output: Final prediction model FM(x)”

Table 1: Sample Input Features for Model Training

Feature Description Value Range
Rainfall (mm) Total monthly precipitation 0-400 mm
Temperature (°C) Average monthly temperature 10-45 °C
Soil Moisture (%) Water content in topsoil 5-35%
NDVI Vegetation index from satellite data -0.1-1.0
Crop Type Type of cultivated crop Wheat, Rice, Maize
Region Code Encoded identifier for geographic region 001-100

Experiments

1. Introduction to Experiments

To evaluate the performance of Al and Big Data in simulating
climate change adaptation plans in agriculture, a set of
experiments was performed on real-world and synthetically
enriched datasets. The experiments were designed to test how
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various algorithms—"Random Forest (RF), Support Vector
Machine (SVM), Long Short-Term Memory (LSTM), and
Gradient Boosting Machine (GBM)”—perform when
forecasting crop vyield, adaptive zone classification, and risk-
based adaptation decision modeling in the presence of climate
variability 4,
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Fig 1: “Framework for Climate Change Adaptation of Agriculture and Forestry”

The experiments targeted the three main crops (rice, wheat,
and maize) in five distinct agro-climatic zones. All the
algorithms were trained, validated, and tested using the same
preprocessing methods and metrics for evaluation.

2. Experimental Setup

Experimental setup was carried out in Python with Tensor
Flow, Scikit-learn, and XGBoost libraries. Google Earth
Engine was utilized for remote sensing data retrieval 2. The
below system setup was employed:

e  “Processor: Intel Corei7, 3.4 GHz

RAM: 32 GB

GPU: NVIDIA RTX 3080 (for LSTM training)

OS: Ubuntu 20.04”

“All the models were trained using 80% of the data and tested
on the remaining 20%. A 5-fold cross-validation was used for
ensuring robustness and avoiding overfitting.

Evaluation Metrics

e Accuracy

e Root Mean Square Error (RMSE)
e Mean Absolute Error (MAE)

e Fl-score (for classification)

e R2Score (for regression tasks)”

3. Algorithm-wise Results

3.1 Random Forest (RF)

Random Forest performed well in classification-based
adaptation and crop yield prediction. Its ensemble nature
minimized variance and facilitated feature importance
interpretation. It performed best in medium complexity
regions (Zone 2 and 3) with stable climatic trends 11,

Table 1: Random Forest Performance per Crop

Crop Accuracy (%) RMSE R2 Score

Wheat 88.2 4.1 0.89
Rice 87.4 4.3 0.86
Maize 89.1 3.9 0.91

The model indicated temperature and NDVI as the most important
variables.

3.2 Support Vector Machine (SVM)
SVM had fair performance for classification of climatic
adaptability zones. However, it was more time-consuming for
training based on kernel transformation. It achieved optimal
performance when data distribution regarding climate was
widely separable in different regions.
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Fig 2: “Farmers' Adaptation Strategies to Climate Change in Southeast Asia”
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Table 2: SVM Classification of Climate Adaptability Zones

https://www.mathsjournal.com

Table 3: LSTM Time-Series Forecast Accuracy

The radial basis kernel (RBF) performed well with non-linear
distributions of data, particularly edge-case classifications.

3.3 Long Short-Term Memory (LSTM)

LSTM gave superb performance in time-series prediction of
crop yield by picking up sequential trends. It identified
seasonal change and drought trends correctly [,
Computationally expensive training yielded the best temporal
predictions.

Crop | MAE | RMSE Accuracy (%) R2 Score
Zone Precision (%) Recall (%) Fl-score Wheat 2.9 3.4 91.2 0.93
Z1 84.5 82.3 83.4 Rice 3.1 3.6 90.7 0.91
Z2 81.6 79.2 80.4 Maize 2.7 3.2 92.3 0.94
Z3 85.2 84.7 84.9 LSTM showed robustness in yield prediction even under changing

rainfall windows and severe temperatures.

3.4 Gradient Boosting Machine (GBM)

GBM performed better than all other algorithms in predictive
accuracy. GBM effectively captured nonlinear relationships
and managed feature interactions. GBM performed especially
well for detecting climate sensitivity thresholds (e.g., rain
decline below 40 mm/month) 71,
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S

Y
A=

*d Tk ¥
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less use of fertilizers
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sustainable development

—

Fig 3: “Artificial intelligence-based solutions for climate change”

Table 4: GBM Yield Prediction Results

Table 5: Overall Algorithm Performance Comparison

Region | Predicted Yield (tons/ha) | Actual Yield | Error (% . Accurac R2 Trainin
y 3.85 ( : 3.90 1.2£§ : Algorithm | =00 Y |RMSE | MAE | 0 | Time (s?
B 2.92 3.00 2.67 RF 88.2 4.1 3.5 0.89 14.8
C 4.11 4.00 2.75 SVM 85.0 4.7 4.1 0.84 18.2
LSTM 91.4 3.4 2.9 0.93 34.5
Although with higher training times than RF, GBM GBM 921 33 2.7 | 0.94 227

performed well and consistently across zones and crop types.

4. Comparative Performance Analysis
To evaluate the overall effectiveness, each algorithm’s
performance was compared across major metrics.

~3g~

GBM and LSTM performed best on prediction-oriented tasks,
but RF provided great interpretability coupled with good
generalization. SVM, while a shade less precise, was still
dependable for classification 28],
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Additional Experimental Observations

Feature Importance; NDVI, rainfall, and soil moisture
were the top features in all models consistently.
Zone-wise Performance: All the algorithms performed
poorly in high variability zones (Zone 5), suggesting the
necessity of more detailed data or ensemble meta-models
[31]

Temporal Trends: LSTM could predict drought-onset
periods with a 93% accuracy, surpassing conventional
climate models 21,
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Increased NI

Without changes ™

Decreased IGG—_—

Substantially decreasec |—_—_S—

0 10 20 30 40 50 60 70

Farmers
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Fig 4: “Climate Change Perceptions and Adaptation Strategies’

Table 7: Feature Importance (GBM Output)

Feature Importance Score
NDVI 0.31
Rainfall 0.27
Soil Moisture 0.21
Temperature 0.13
Crop Type 0.08
Conclusion
Finally, this research has thoroughly investigated the

transformative nature of big data and artificial intelligence
across main sectors like agriculture, environmental
management and climate change mitigation and sustainable
business practices. The reviewed literature indicates how new
data driven systems drive the existing systems to
revolutionize them through more accurate, efficient, and
responsive solutions to complex challenges. Al and big data
integration reduces food loss and enhances sustainability in
poultry production and agroeconomic decision making, thus,
these in agriculture. The predictive capabilities of big earth
data for environmental and climate studies help to better
assess risk and plan for long term ecological planning.
Additionally, exploiting big data ecosystem with advanced
technologies such as TinyML and 10T helps to realize the data
processing in scalable and real time manner in resource
constrained environment. The pandemic also reinforced the
need for, and the hurdles of, deploying of Al in key
infrastructures, in showing the limitations of digital
preparedness and lack of access. Collectively, the research
affirms that while big data and Al hold immense potential for
positive change, their effectiveness hinges on ethical
implementation, robust infrastructure, and cross-sector
collaboration. The findings also highlight the importance of
context specific solution in sectors like agriculture,
agriculture, climate change with socio environmental factors
playing significant role in the outcome. In the end, with the
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merging of big data analytics and Al, there is potential for
such smarter, more resilient, and more sustainable systems,
but only if coupled with the right inclusive policies,
transparent practices, and continuous innovation. Finally, this
research provides a strong foundation for future studies of the
broader international applications of Al and big data in
assisting in achieving the global development goals.
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