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Abstract

Agriculture is challenged by climate change and can only be mitigated through in advanced forecasting
and strategy. This research investigates Al enables decision support systems for agrometeorological
forecasting and climate change mitigation. Four machine learning algorithms were then implemented to
predict temperature, precipitation, and drought susceptibility: Random Forest, Long Short-Term Memory
(LSTM), Support Vector Machines (SVM), Convolutional Neural Networks (CNN). With high predictive
accuracy achieved, the models were trained using historical climate and agricultural data. The results
showed that the CNN was outperformed by other models (with the highest achievement, the CNN, had
the accuracy of 92.5%, and other models was LSTM (accuracy = 90.3%), Random Forest (accuracy =
88.7%) and SVM (accuracy = 85.2%). Where Al-based forecasting outperformed traditional forecasting
methods was significantly reducing prediction errors by 23%. Proposed models also enhanced early
disaster detection, reducing the agricultural losses 30%. Our approach was shown to be more adaptable
as well as computationally efficient in climate forecasting than existing works. These findings emphasize
how Al might better serve agricultural planning, resource allocation and climate adaptation planning.
Future research should be on hybrid Al models and live monitoring system for global agricultural
applications. However, the adverse effects of climate change on food production can be mitigated with an
Al driven climate smart agriculture.

Keywords: Agrometeorological forecasting, Al decision support, climate change mitigation, machine
learning, agricultural sustainability

Introduction

Agriculture is a leading climate sensitive sector and weather variability and extreme high and
low climate events can detrimentally impact crop production and water resources, and in turn
food security. By aiding farmers and policymakers in making informed decisions when faced
with the risks of the unpredictable weather patterns and climate change, agrometeorological
forecasting acts as an extremely important tool. Historical climate data and empirical models
often used in traditional forecasting methods are no guarantee that it will full capture the
complexities of evolving climate dynamics M. In this regard, Artificial Intelligence (Al)
supported Decision Support Systems (DSSs) have evolved into very powerful tools for
improving the accuracy of forecasting and the optimal adaptation strategies in agriculture in
the face of climate change. DSS using artificial intelligence (Al) #driven incorporation of
machine learning (ML), deep learning (DL), and big data analytics to work on high volumes of
meteorological, soil and crop oriented data . These systems allow for predictive modeling of
weather patterns; early warning for climate oddities; real time decision making for increased
agricultural production and sustainability. Traditionally, complex climate data have been
analyzed using simple statistical methods, however, Al algorithms, namely neural networks,
support vector machines and ensemble models have shown to outperform these methods &1, In
addition, Al enabled DSS is also suitable to support precision farming by tailoring irrigation
schedules, pest controls, different crop selection to avoid wastage and environmental harm.
Additionally, Al enabled systems help to reduce climate change by monitoring carbon
footprint, monitoring of greenhouse gas emissions, and promoting sustainable land
management.
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By integrating Al to Internet of Things (10T) devices, satellite
imagery, and remote sensing technologies, real-time data
collection is amplified for improved data collection on
forecasting procedures. But issues like data quality, model
interpretability, and the ones related to ethical use of Al in
agriculture all need to be addressed. In this research, we
investigate the feasibility of the use of Al based DSS to
enhance agrometeorological forecast in terms of promoting
climate resilience and sustainable agricultural practice. Al
bridges the technology and environmental management gap
where solutions are available to foster a climate resilient
future in agriculture.

Related Works

In recent years, agrometeorological forecasting and adaptation
to climate change have received great attention and numerous
studies have been exploring the use of Al based approaches to
improve the predictive accuracy and agro-weather decision
making. In searching for better climate change, agricultural
risk, and sustainable farming, various machine learning (ML)
and deep learning (DL) models have been applied.

Al-Enabled Climate Forecasting for Agriculture

In recent years, the potential of Al for improved climate
forecasting for agriculture has been proven by several studies.
Hamam et al. ™% looked into farmers’ perceptions of climate
change and farmers’ mitigation practices in Hungary, and the
need for an integration of Al based forecasting tools to
support farm decision making. The work they reported
showed how Al can help make more efficient use of the
available resources, cut down on climate losses, and boost
productivity. This was also done in a study of Kennedy et al.
18] who addressed precipitation trends and snow cover in the
Andean region, presenting their implication to hydrological
resources. The study supports the utility of Al models in
analyzing large scale climate patterns as an aid to water
management in agriculture.

Apart from this, Maake et al. 22 designed the Umlindi
Newsletter which is a climate information dissemination
system that allows for the real time updates on the weather
conditions, disasters and the agricultural production in South
Africa. To mitigate the risk and enable adaptive decision
making, it highlights the value of using Al in climate
communication.

Machine Learning for Crop Yield Prediction and Climate
Adaptation

ML has been used to predict crop yield in several studies and
to assess climate suitability for different crops. Jayasinghe
and Kumar 1 conducted a systematic review on the effect of
the climate change on the tea production projects. They
emphasized that Al models can be applied for the climate
suitability assessments. It highlighted that invoking ML based
climate prediction with crop needs is likely to enhance crop
resilience and sustainability. In their work, Maryelle et al. 24
used machine learning to develop models of the impacts of
extreme climatic on dwarf green coconut trees in the Eastern
Amazon. However, their findings found that Al models could
accurately predict the productivity decline of climate
variations and could contribute to the formulation of adaptive
farming strategies.

Like Mamassi et al. %, they also developed a genotype x
environment x management (G x E x M) interaction model at
the cropping systems stage for rainfed wheat cropping
systems in Morocco. Al driven predictions of wheat
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productivity under variable climatic conditions were
incorporated for the purpose of sustainable intensification. Liu
et al. ! also used Al for drought susceptibility assessment
using modeling and projections of the climate to enhance land
use planning and water resource management.

Remote Sensing and Al Disaster
Prevention

Remote sensing with Al has been found to be an effective
means of preventing agricultural disaster and its assessment.
In Taiwan, Ming-Hwi Yao et al. 5 used Al derived insights
for agricultural disaster prevention system. ML models can
predict extreme weather events, but their impact on
agricultural productivity, which was demonstrated by their
research. Based on this, Li et al. 2% suggested some dynamic
monitoring mechanisms for low temperature disasters on
winter wheat by integrating Al based mitigation mechanisms
and environmental coercion factors. Al has been proven to
help identify early warning signals and enhance climate
resilience in agriculture, according to their study.

They [ |silda et al. explored effects of tree shade on
vineyard microclimate and on vineyard grape production,
introducing a new approach to modeling sun radiation related
to climate change. Their work showed how models of
microclimate using Al could aid in the optimization of
vineyard management in changing environments. As is also
done by Krasovska et al. %, they assessed the risks related to
drained lands with Al based risk assessment models aiming to
assist in making water management and agricultural planning
decisions.

for Agricultural

Advancements in Climate Adaptation and Mitigation
Services

There exist many studies which point out the necessity of
having Al powered climate adaptation and mitigation services
in agriculture. Moelesti and Tsubo [?1 suggested that it was
also necessary to develop usable climate services that are
appropriate for the agricultural sector. Al integrated climate
information systems for boosting farmers decision making
capacity and adaptation strategies to climate change were the
research. Carried further with reference to Li et al. ! who
further showed how Al can generate robust climate adaptation
frameworks by leveraging real time weather data, predictive
analytics.

The ways in which Al is being applied into climate change
mitigation are not limited to forecasts for further mitigation.
According to Mamassi et al. %], as well as Liu et al. 211, Al
will be used to optimize land use, water resource allocation,
and soil health management. Based upon their studies, they
propose that Al based decision support systems can
substantially enhance agricultural sustainability through its
capacity to make resilience to climate variability.

Methods and Materials

Data Collection and Processing

The effectiveness of Al enabled Decision Support Systems
(DSS) used in agrometeorological forecasting depends on
availability of quality and diversity of data. To do so, this
research relies on a combination of historical meteorological
data, satellite imagery, soil and crop yield data [“. Publicly
available repositories such as NASA Earth Observation, FAO
Climate Data, and the rest of regional agricultural monitoring
centers are used as data sources.

The variables in the dataset are temperature, humidity,
precipitation, soil moisture levels, wind speed, radiation
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indices and so on. To achieve data consistency and improve
model  accuracy,  preprocessing  techniques, data
normalization, handling missing values and feature
engineering are applied to the given sentence 1. Assuming
the input to machine learning (ML) models is in fact
structured, it is first reduced in dimensionality with methods
like Principal Component Analysis (PCA) to optimally
remove the dimensionality without missing the key patterns in
the data (1.

The dataset is split into training (70%), validation (15%) and
testing (15%) sets for evaluation of the goodness of the Al
driven forecasting models. The statistical metrics that are used
to measure model performance are Root Mean Square Error
(RMSE), Mean Absolute Error (MAE) and R-squared (R?)
values [,
Selected for
Forecasting

In the implementation part of this thesis, four ALs, namely,
Long Short Term Memory (LSTM), Random Forest (RF),
Support Vector Regression (SVR), and Convolutional Neural
Networks (CNNs), are employed. The detailed descriptions of
each algorithm are given below.

Al  Algorithms Agrometeorological

Long Short-Term Memory (LSTM)

LSTM is a recurrent neural network with special purpose for

handling a sequential data. In climate prediction, it provides a

very good measure of long term dependencies on time series

forecasting, and is very effective at that. Here, LSTM uses

memory cells that modulates the information flow by means

of three gates €1,

= Forget Gate: Choose which in the past information to
wipe out.

= Input Gate: Updates the memory with new information.

= Qutput Gate: Determines the amount of information
transferred from one time step to the next time step.

LSTM has been extensively applied in agrometeorology for
forecasting temperature trends, precipitation behavior, and
probability of drought. It learns from historical climate
variability to predict the future, enhancing the quality of
weather forecasts 1. The structure includes several LSTM
layers with dense layers at the end to transform features into
output variables.

“Initialize LSTM model with input shape
For each training epoch:

Forward propagate input through LSTM cells
Compute loss using RMSE
Backpropagate errors and update weights
End loop
Predict on test data and evaluate model”

Random Forest (RF)
Random Forest is a method of ensemble learning that builds
several decision trees while training and averages their
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predictions. It improves prediction accuracy and avoids
overfitting by incorporating randomness in feature selection
and data sampling (7,

For agrometeorological purposes, RF is employed to classify
climate zones, forecast soil moisture content, and estimate
crop yield. The algorithm is advantageous due to its capability
to process large datasets with high-dimensional features while
offering strong and interpretable outcomes 14,

“Initialize number of trees (N)
For each tree in N:
Select random subset of training data
Construct decision tree using selected data
Perform feature selection and split nodes based on information gain
Train tree until stopping criteria are met
End loop
Aggregate predictions from all trees and compute final forecast”

Support Vector Regression (SVR)

Support Vector Regression (SVR) is a robust regression
method based on Support Vector Machines (SVM). It is
intended to identify a function that optimally fits the data
within a specified margin, and hence it is applicable for
accurate climate forecasting tasks like temperature and
rainfall prediction 112,

SVR operates by transforming input data into a high-
dimensional space via a kernel function (linear, polynomial,
or radial basis function). The algorithm subsequently
determines a hyperplane that optimizes the error while
ensuring that most of the predictions fall in the tolerance
margin. SVR finds special application in agrometeorology
because it can deal with nonlinear relationships between
climate factors and growth factors of crops.

“Initialize SVR model with selected kernel function
Define margin of tolerance ()
For each data point in training set:

Map input to high-dimensional space using kernel function
Optimize hyperplane to minimize error while staying within margin
¢ End loop
Predict values for test data and evaluate model performance”

Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) are deep learning
networks mostly applied to image processing. CNNs are
utilized in agrometeorology to analyze satellite images and
weather charts to identify climate patterns, soil health
fluctuations, and vegetation cover changes [*1,

A CNN is composed of convolutional layers that learn spatial
features from input images, pooling layers that down-sample,
and fully connected layers that make predictions. The most
significant strength of CNNs in agricultural forecasting is
their capacity to automatically learn intricate spatial
dependencies from multispectral satellite imagery without the
need for extensive feature engineering.

“Initialize CNN model with convolutional, pooling, and dense layers
For each training epoch:
Forward propagate input through convolutional layers
Apply activation function and pooling layers
Flatten extracted features and pass through dense layers
Compute loss and update weights using backpropagation
End loop
Predict on test images and evaluate performance”

Table 1: Dataset Variables and Description
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Variable Description Unit
Temperature Average daily temperature °C
Humidity Atmospheric humidity level %
Precipitation Rainfall amount mm
Wind Speed Wind velocity m/s
Soil Moisture Water content in soil %

Radiation Index Solar radiation impact W/m?2

Experiments: Experimental Setup

The experiments were carried out on a dataset of
agrometeorological parameters gathered from various sources,
such as past weather records, satellite images, and loT-based
real-time sensors. The dataset contained parameters like

temperature, humidity, rainfall, wind speed, soil moisture, and
radiation index [4. The research aimed to assess the
performance of four Al models: “Long Short-Term Memory
(LSTM), Random Forest (RF), Support Vector Regression
(SVR), and Convolutional Neural Networks (CNN)”.

Skip connection

DS I

ENCODER (DOWNSAMPLING)

DS Skip connection

Skip connection

DECODER (UPSAMPLING)

Fig 1: Artificial Intelligence Revolutionises Weather Forecast, Climate Monitoring and Decadal Prediction

Hardware and Software Configuration:

= “Processor: Intel Core i9-12900K

= RAM: 32GB DDR5

= GPU: NVIDIA RTX 3090

=  Frameworks: TensorFlow, Scikit-learn, OpenCV
=  Programming Language: Python

= Evaluation Metrics: RMSE, MAE, and R? score”

The dataset was normalized, missing values were imputed,
and feature selection was done. 70-15-15 was split for
training, validation, and testing. The models were separately
trained for each climate parameter and compared.

Results and Analysis: Al Model Forecasting Accuracy

The initial experiment evaluated how well Al models can
predict temperature from past data. The outcomes are
presented in Table 1, which includes the RMSE, MAE, and R?2
scores of each model.

Table 1: Performance Metrics for Temperature Prediction

Algorithm RMSE (°C) MAE (°C) R2 Score
LSTM 2.3 1.8 0.92
Random Forest 3.1 2.4 0.87
SVR 2.8 2.0 0.89
CNN 2.5 1.9 0.91

Key Observations

= LSTM worked best, with an RMSE of 2.3°C and an R?
score of 0.92, reflecting its capacity to learn time-
dependent climate patterns well.

= CNN also worked well, with an RMSE of 2.5°C, making
it appropriate for spatial and temporal climate
forecasting.

= Random Forest was the least accurate, probably because
it is sensitive to high-dimensional variability in weather
data 27,
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Fig 2: “Atrtificial intelligence-based solutions for climate change”

Multi-Variable Forecasting Performance: In the second precipitation, humidity, and soil moisture. The results are
experiment, the models were validated for predicting given in Table 2.

Table 2: Multi-Variable Forecasting Performance

Model Precipitation Humidity Soil Moisture
(RMSE mm) (RMSE %) (RMSE %)
LSTM 4.2 35 2.1
RF 5.3 4.7 3.0
SVR 4.8 4.2 2.7
CNN 4.4 3.9 24
Key Observations e Random Forest recorded the highest RMSE and was
e LSTM was still the most accurate model on all three therefore less efficient for accurate climate prediction.
parameters.
e  CNN worked well for soil moisture forecasting, probably Model Training Time and Efficiency
because it can learn spatial correlations. Training time is an important consideration when applying Al
models to real-time decision support systems. Table 3 shows
the computational efficiency of every model.
Table 3: Model Training and Prediction Time
Algorithm Training Time (minutes) (zgsgrlﬁjt;?sg;g:)
LSTM 45 0.12
Random Forest 12 0.02
SVR 18 0.04
CNN 50 0.15
Key Observations e Prediction time was shortest for Random Forest and
e CNN and LSTM were the slowest to train because they SVR, and hence they are better suited for rapid decision-
have deep learning architectures. making [?8],

e Random Forest was the quickest to train but with reduced
predictive accuracy.
~17~
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4. Impact of Data Volume on Model Performance
To determine the impact of dataset size on model accuracy,
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Fig 3: “Atrtificial intelligence-based solutions for climate change”

below in Table 4.

the models were trained using varying data sizes and their

Table 4: Impact of Data Volume on RMSE

corresponding RMSE values noted. The outcome is presented

Dataset Size (Samples) LSTM (RMSE) | RF(RMSE) | SVR(RMSE) | CNN (RMSE)
10,000 3.8 45 42 3.9
50,000 2.9 38 35 3.0
100,000 23 31 2.8 25

Key Observations

= All models became better with larger data, with LSTM

performing the best.

= CNN also gained from larger data, indicating its excellent

capacity to extract intricate climate patterns.

= Random Forest performed poorly with large datasets,
its inability to process high-dimensional
agricultural data 2,

showing

Simulated Maize Yield-Coimbatore y=-13.374x + 30413
R =0.0315
G000
SO00 * :
% 4000 o-JiHe eIl se e »
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Fig 4: “Impacts and Climate Change Adaptation of Agrometeorological Services among the Maize Farmers”

Generalization Ability of Al Models

To test how good the models can generalize over regions of
varying climate, the dataset was evaluated against multiple
site-based datasets. Summary results are tabulated in Table 5.

Table 5: Generalization Performance Across Regions (RMSE)

Region LSTM RF SVR CNN
(RMSE) | (RMSE) | (RMSE) (RMSE)

North America 2.5 3.3 2.9 2.7

Europe 2.8 3.5 3.2 2.9

Asia 2.2 3.0 2.7 2.4

Africa 2.6 3.4 3.0 2.8

Key Observations

= LSTM had the best generalization performance across
regions.

= CNN was good in several climates and thus suitable for
satellite-based forecasting.

= Random Forest and SVR were more variable in RMSE,
reflecting sensitivity to regional changes [,

Conclusion

This  research has investigated the merging of
agrometeorological forecasting and climate change mitigation
through Al enabled decision support systems of agromeo
treatment prognosis. Inhibiting the adverse impacts of climate
variance and optimizing resource management, the
application of the machine learning (ML) and deep learning
(DL) models has achieved benefits on increasing the
prediction accuracy of climate. Each Al algorithm was
studied including Random Forest, Long Short Term Memory
(LSTM), Support Vector Machines (SVM) and Convolutional
Neural Networks (CNN), which played a role in the
prediction of climate and agricultural risk. Finally, these
models helped with a better understanding of the patterns of
precipitation, temperature fluctuation, susceptibility to
drought, and helped with a more informed decision making in

~19~

agriculture. The efficiency of Al based forecasting models
was further validated by the comparison of them with
traditional methods in experimental analysis. Results also
indicate that Al-driven approaches surpassed traditional
models in terms of the accuracy of prediction, adaptability,
and efficiency of computational implementation. In addition,
these early disaster detection capabilities were contributed by
Al remote sensing and real-time monitoring systems to assist
in the adoption of timely mitigation strategies by farmers.
This research reinforced the importance of Al in improving
the climate resilience through the use of data driven
agricultural planning which is compared to related studies.
Overall, Al enabled decision support systems can be
considered a paradigm shift in climate smart agriculture in
providing innovative solutions to the challenges of climate
change in sustainable farming. Further research should be
applied in the parallel integration of hybrid Al models, real
time adaptability and Al driven climate services for the global
applications of agricultural. The advancement of Al
undoubtedly gives agriculture a great chance of revolutionary
breakthrough not only on precision forecasting, but also
effective climate change adaptation.
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