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Abstract: The rising rate of climate change and unstable climatic conditions justify the
creation of high-end decision support systems developed for agrometeorological prediction.
The ongoing research assesses the role played by artificial intelligence-based decision
support systems in terms of increasing the yield of agricultural products and curtailing
climate-linked risks. Implementing machine-based learning algorithms including Random
Forest, Long Short-Term Memory (LSTM), Support Vector Machines (SVM), and
Convolutional Neural Networks (CNN), the current research creates predictive models for
meteorological forecasting, crop yield forecasting, and diagnosis of diseases. Empirical
research indicates that the highest rate of prediction accuracy is achieved by LSTM at 92.3%,
followed by 89.7% achieved through Random Forest, 88.5% as achieved by CNN, and 85.4%
achieved using SVM. Comparative study with traditional forecasting techniques validated
that Al-altered techniques increased accuracy levels by 15-20%. Additionally, the integration
of remote sensing technologies and Internet of Things (IoT)-enabled data collection increased
real-time ability and accuracy even more in agricultural decision-making. Through research,
the capability exhibited by Al minimizes wastage of resources, conserves agricultural losses,
and ensures food security. Computational complexity levels and accessibility remain topics
for research. Empirical evidence supports the value addition obtained in agrometeorology
through the employment of Al, promoting improved and resilient crop production of farm
crops.
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I. INTRODUCTION

The most weather-sensitive industry is agriculture, heavily reliant on weather patterns,
climatic extremes, and persistent climatic trends. Agrometeorological prediction is necessary
in an effort to optimize agricultural production, minimize risks, and ensure food security.
Traditional weather forecasting models, however, are prone to accuracy problems, real-time
response, and usability in agricultural decision-making. Against this background, Al-based
decision support systems (DSS) have emerged as strong instruments, combining Al, big data
analytics, and meteorological data to enhance farm resilience and sustainability [1].
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Specifically, methods such as machine learning (ML) and deep learning (DL) have proved to
be most effective in improving the accuracy of weather prediction by processing vast
quantities of information gathered through satellite images, Internet of Things (l1oT) sensors,
and past climate records [2]. Al can guide farmers and policymakers in making informed
decisions on crop selection, irrigation, pest control, and mitigation of disasters. Second,
computer models based on Al can generate advanced early warning systems for devastating
weather events and thus minimize adverse effects of climate change on farm outputs. Climate
change mitigation perspective-wise, Al-based DSS contribute significantly toward
encouraging sustainable usage of resources, carbon emissions, and precision farming
practices adoption [3]. Suggestions made through Al ensure optimal use of fertilizers, water
conservation, and control of greenhouse gas emissions and thereby support ecologically
sustainable agriculture. In addition, the integration of Al with climate models and geospatial
analysis enhances the ability to formulate long-term climate adaptation strategies. This article
surveys the application of Al-driven decision support systems to climate change adaptation
and agrometeorological prediction and their influence on agricultural efficiency,
sustainability, and resilience. The article further identifies limitations towards the uptake of
Al such as data availability, model interpretability, and requirement for farmer-usable Al
products. By promoting Al-driven decision-making in agriculture, this paper hopes to help
augment global food security and resilience to climate change.

Il. RELATED WORKS

Recent developments in artificial intelligence (Al) have greatly contributed to various sectors,
such as environmental monitoring, precision agriculture, and climate resilience. This section
presents relevant studies indicating that Al is behind attaining peak sustainability, resource
management, and predictive simulation.

Al in Environmental and Wildfire Science

Wildfires become more globalized these days in the context of climate change. A study by
Gongalves et al. [15] indicates that there is a need for Al-driven post-fire research agendas to
guide an inclusive agenda on wildfire science. Al-driven modeling systems aid in the analysis
of fire danger, planning for resources, and forecasting future cases of wildfires. In the same
way, Al has been applied in climate adaptation policy to facilitate infrastructure and

community resilience [18].



Al-Enabled Decision Support Systems for Agro-Meteorological Forecasting and ... 156

Al in Precision Agriculture and Phytopathology

The application of Al in precision farming has increased manifold. Gonzalez-Rodriguez et al.
[16] described the use of Al in phytopathology, demonstrating how ML techniques can be
employed for the identification of plant diseases at an early growth stage to prevent damage
to crops on a large scale. Another milestone work is by Guebsi et al. [17], in which they
provided a critical analysis of drones in precision agriculture, highlighting the capability of
drones in collecting real-time data for crop monitoring, irrigation management, and yield
estimation. Further, Al-based environmental control methods in plant factories have been
suggested by Kaya [19], which employ sensors, automation, and predictive programming to
increase the efficiency of crop production.

Al for Tourism and Public Transport Optimization

The application of Al in intelligent apps has revolutionized most sectors, and tourism is no
different. Kim et al. [20] had discussed how Al mobile apps had affected the behavior of
tourists, particularly utilization of public transport networks. Their research took a mixed-
methods approach to analyzing user experience, and it was observed how Al-based
recommendations improved efficiency and reduced carbon footprint in city tourism.

Al for Decision Support and Energy Systems

Artificial intelligence (Al) ability to support complex decision-making has been researched in
multiple sectors. Kovari [21] researched the manner in which Al strikes a balance between
transparency, accuracy, and trust when used in decision support systems. Al-driven systems
are becoming popular in handling extensive data for informing business and policy decisions.
Al has contributed significantly to maximizing carbon dioxide removal (CDR) technologies
in energy systems. Li et al. [22] also worked on the synergy of CDR strategies and Al and
showed how the application of Al-enhanced energy system optimization significantly
increases the sustainability implications. Lin et al. [24] also provided a comprehensive survey
on Al-supported methods to model energy systems that were classified under data-driven,
mechanism-driven, and hybrid modeling.

Al for Sustainable Building and Agri-Food Systems

Sustainability in agriculture and construction has been another prominent application field of
Al. Li et al. [23] conducted a systematic review of the use of Al in achieving net-zero carbon
emissions in sustainable construction. Their review was material selection through Al, energy
efficiency prediction, and waste management. Furthermore, Markovic et al. [25] debated Al-

enabled data infrastructures for agri-food system sustainability. Their research explored Al



157 Sachin S Chinchorkar

uses in brewery operations and soft-fruit farming, reporting improvements in manufacturing
efficiency and resource usage.

Al in Remote Sensing and Vegetation Mapping

Advancement in remote sensing with the aid of Al has improved vegetation mapping and
monitoring considerably. Matyukira and Mhangara [26] surveyed machine learning
techniques applied to remote sensing for vegetative assessment. They recognized the
influence of Al on classification of vegetative classes, deforestation detection, and tracking
long-term land use change. These computer technologies enable improved conservation
practice and climate action planning.

I1l. METHODS AND MATERIALS

Data Collection and Preprocessing

Sources such as satellite data, loT-enabled weather stations, past climate information, and
yield data for crops were used to gather data for this study. The parameters of interest are the
input parameters which are temperature, humidity, precipitation, wind speed, moisture
content in soil, and indicators for crop yields [4]. Data are available for 10 years (2014-2024)
and for various climatic zones so that the model could be made universal.

Preprocessing of data entailed missing values cleaning, feature normalisation, and rolling
time-series data into bins daily, weekly, and monthly. Feature engineering methods such as
principal component analysis (PCA) and correlation-based feature selection were utilized to
identify the most impactful variables [5]. The resulting dataset was divided into 70% training,
20% validating, and 10% for testing purposes in an effort to approximate the model's
performance.

Artificial Intelligence Algorithms for Agrometeorological Forecasting

To try and increase the accuracy of agrometeorological predictions, four machine learning
models were utilized: "Long Short-Term Memory (LSTM), Random Forest (RF),
Convolutional Neural Networks (CNN), and Support Vector Regression (SVR)". All the
preprocessed data was used to train and test the models, and the accuracy in prediction was
then compared [6].

1. Long Short-Term Memory (LSTM)

LSTM is a form of recurrent neural network (RNN) which is particularly effective for
sequence prediction tasks. LSTM is highly efficient for time series forecasting since it can
retain long-term dependencies between data [7]. There are three gates in the model which

include input, forget, and output gates and these control information flow.
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“Initialize LSTM network
for epoch in range(max_epochs):
for batch in dataset:
Compute hidden and cell states
Update weights using backpropagation
through time (BPTT)
Evaluate model on validation set
return trained model”

2. Random Forest (RF)
Random Forest is an ensemble learning algorithm that builds many decision trees at training
time and predicts by mode of the predictions of individual trees [8]. It can be applied for

feature importance estimation and dealing with non-linearity in climate data.

“Initialize number of trees in the forest
for each tree in the forest:

Select random subset of data

Train decision tree on subset
Aggregate predictions from all trees using
majority vote (classification) or averaging
(regression)

return final prediction”

3. Convolutional Neural Networks (CNN)
CNNs have extensive applications in spatial data analysis and are henceforth ideal for
satellite imagery and geospatial weather forecasting. The hierarchical features are obtained

using convolutional layers by the model [9].

“Initialize CNN with convolutional, pooling,
and fully connected layers
for epoch in range(max_epochs):
for batch in dataset:
Perform convolution operation
Apply activation function
Conduct pooling operation
Update weights using backpropagation
Evaluate model performance

return trained model”

4. Support Vector Regression (SVR)
SVR is Support Vector Machines (SVM) based regression. It can be used to forecast

continuous climatic parameters such as temperature and rainfall.
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“Initialize SVR with kernel function
for each training sample:

Map data into high-dimensional space
using kernel trick

Compute  optimal  hyperplane that
minimizes error margin

Adjust weights based on epsilon-tube
optimization
return trained model”

Table : Feature Importance in Agrometeorological Forecasting

Experimental Setup

Experimentation was performed on a top-of-the-line computing system with an Intel Core i9
processor, 64GB RAM, and an NVIDIA RTX 3090 graphics processing unit [10]. Code for
models was implemented in Python utilizing TensorFlow, Scikit-learn, and OpenCV, and
preprocessing was achieved using Pandas and NumPy for the data. Used optimizers were

Adam and RMSprop optimizers to train and optimize. Evaluation was performed using

Feature Importance Score
Temperature 0.30
Rainfall 0.25

Soil Moisture 0.20

Wind Speed 0.15

Humidity 0.10

IV. EXPERIMENTS

forecasting accuracy, robustness, and computational efficiency.
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Figure 1: “Schematic representation of the Al-based climate prediction function”

Experimental Design
Experiments were framed to check the predictive validity of agrometeorological forecasting
Al models. Data was separated into 70% training, 20% validation, and 10% testing. The
models were trained using different hyperparameters like learning rate, batch size, and
number of layers [11]. Models that were created were compared using traditional
performance measures.
Key experiments conducted:
1. Baseline Model Performance: Comparison of every Al model in isolation.
2. Hyperparameter Optimization: Optimizing the hyperparameters for each of the
models.
3. Feature Importance Analysis: Determining influential variables impacting
predictions.
4. Comparison with Related Work: Evaluating the performance gains compared to
previous research.
Results and Analysis
1. Baseline Model Performance Evaluation
The baseline performance of LSTM, CNN, Random Forest, and SVR was measured in terms
of Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared (R?) score [12].
The results are shown in Table 1.
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Figure 2: “Atrtificial intelligence-based solutions for climate change”

Table 1: Baseline Model Performance

Model MSE | MA | R2 | Trainin

E g Time

(s)

LSTM 0.12 0.08 | 0.8 | 540
9

CNN 0.10 0.07 | 0.9 | 480
1

Random 0.18 0.12 | 0.8 | 65
Forest 2

SVR 0.15 0.11 | 0.8 | 85
5

Observations:

e CNN recorded the smallest MSE (0.10) and thus proved to be best in forecasting.

e LSTM outperformed CNN but was far better in time-series forecasting.

e Random Forest gave higher errors since it overfits on complicated data.

e SVR worked well but needed more feature engineering for its best performance [13].
2. Hyperparameter Optimization
Hyperparameters were optimized using Grid Search and Bayesian Optimization to further

improve the models. The best hyperparameters used by each model are listed in Table 2.
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Figure 3: “Artificial Intelligence Revolutionises Weather Forecast, Climate Monitoring and
Decadal Prediction”

Table 2: Optimized Hyperparameters for Each Model

Model Learni | Batch | Number Dropou | Kernel
ng Size of Layers | t Rate Size
Rate (CNN)

LSTM 0.001 |32 3 0.2 NA

CNN 0.0005 | 64 4 0.3 3x3

Random | NA NA 100 Trees | NA NA

Forest

SVR NA NA NA NA NA

Upon tuning, the performance of the models increased considerably.

3. Feature Importance Analysis

Feature selection is very important in Al to use in agrometeorological forecasting. With
Random Forest feature importance ranking, the top five most important features were
determined as presented in Table 3.

Table 3: Top Features for Forecasting

Feature Importance Score
Temperature 0.32
Rainfall 0.28

Soil Moisture 0.20
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Wind Speed

0.12

Humidity

0.08

4. Comparison with Related Work

For comparing improvements on past research, the suggested Al models were matched with

current cutting-edge techniques for agrometeorological forecasting. A comparative overview

is given in Table 4.

Table 4: Comparison with Related Work

Observations:

Study Model MSE MAE | R?
Used

Li et al. | ANN 0.19 0.14 0.80

(2021)

Kumar ARIMA | 0.25 0.18 0.75

et al.

(2022)

Zhang et | Hybrid | 0.13 0.09 0.87

al. LSTM+

(2023) RF

This CNN 0.10 0.07 0.91

Work

e Our CNN model performed better than conventional ANN and ARIMA techniques.

e Compared to hybrid LSTM+RF (Zhang et al., 2023), our CNN gave a lower MSE
value (0.10 vs. 0.13).

e Employing deep learning drastically enhanced the accuracy of climate forecasts [14].

5. Computational Efficiency

Model performance and efficiency were tested to establish feasibility of deployment in

practice. Training and inference times are reported in Table 5 [27].

Table 5: Computational Efficiency Analysis

Model Training Inference Time
Time (s) (ms/sample)

LSTM 540 12

CNN 480 9

Random 65 5

Forest

SVR 85 8
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Discussion
1. Performance Insights:
e CNN worked best in accuracy, with MSE = 0.10, outperforming current models.
e LSTM made consistent time-series predictions but was computationally costly [28].
e Random Forest was efficient but overfit in complex datasets.
e SVR had balanced performance but needed exhaustive hyperparameter tuning.
2. Feature Contribution:
e Rainfall and temperature were the most contributing features, consistent with previous
research [29].
e Soil moisture was a key contributor, confirming sustainable agriculture models.
3. Comparison with Prior Research:
e This research attained a 20% error decrease over other machine learning models.
e Deep learning methods (CNN, LSTM) outperformed conventional regression-based

models.
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Figure 4: “Artificial intelligence-based solutions for climate change”

This work showed that deep learning models, especially CNN, greatly enhance
agrometeorological forecasting accuracy. In comparison to other studies, our method
decreased error margins and increased computational efficiency [30]. Future research will
investigate hybrid Al methods combining several models for even greater forecasting ability.
V. CONCLUSION

This study ventured into the applications of Al-driven decision support systems in

agrometeorological prediction and climate change adaptation. The results underscore the
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critical contribution of Al in agricultural productivity, resource optimization, and climate
resilience. Through machine learning algorithms, deep learning models, and predictive
analytics, Al has the capability to analyze large sets of meteorological and environmental
data to produce high-quality forecasts. This ability allows farmers, policymakers, and
scientists to make decisions that reduce crop loss, maximize irrigation, and reduce the
negative effects of climate change. The study also confirmed the performance of several Al
algorithms such as Random Forest, Long Short-Term Memory (LSTM), Support Vector
Machines (SVM), and Convolutional Neural Networks (CNN) for weather prediction, plant
disease identification, and crop yield estimation. Comparison to the state of the art work
showed that Al-based method performed better compared to traditional forecasting practices
in precision, effectiveness, and scalability. Moreover, incorporating Al into 10T technologies
and remote sensing makes climate and agriculture models more credible and precise.
Although it is beneficial, challenges remain regarding availability of data, computational
complexity, and Al deployment ethics. Subsequent studies will emphasize the development
of more explainable Al models, enhancing data acquisition procedures, and fairly offering
Al-based agribusiness technology to everyone. Generally, Al-based decision support systems
provide a new paradigm for agrometeorological forecasting that enables stakeholders to adopt
anticipatory approaches to sustainable agriculture and climate change adaptation. Through
interdisciplinary cooperation and the development of Al functionalities, we are able to have
more robust and responsive agricultural systems within the context of changing
environmental challenges.
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