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Abstract: Global warming is a serious threat to crop yield, which makes it imperative to
develop sophisticated forecasting tools to aid climate adaptation. This study investigates Al-
based agrometeorological forecasting models for predicting weather fluctuations, soil water
content, and crop yields to guide farmers' data-driven decisions. Four machine learning
algorithms, namely Random Forest, Long Short-Term Memory (LSTM), Support Vector
Regression (SVR), and XGBoost, were applied and compared on their predictability.
Experimental findings showed that LSTM had the highest prediction accuracy with an R2
value of 0.94, followed by XGBoost (0.91), Random Forest (0.89), and SVR (0.85). LSTM's
sequential data processing ability made it particularly suitable for long-term projections,
while XGBoost had the best in computational power. Comparative analysis against
conventional forecasting techniques showed a 32% increase in prediction accuracy and a 25%
decrease in forecasting errors with Al models. The work stresses the merger of Al with
satellite imaging and loT-based sensor devices in field to boost decision-making in real time.
Further studies must examine hybrid Al methodologies and adaptive learning models for
regional forecasting improvement. This study signifies the revolutionizable potential of Al
for climate-resilient farming by presenting an actionable solution in preventing the climatic ill
impacts on food availability.

Keywords: Agrometeorological forecasting, Al-driven models, climate change, crop
productivity, machine learning.

. INTRODUCTION

Agricultural yields are increasingly facing the impacts of global warming in the form of
unstable weather patterns, erratic temperatures, extended droughts, and altered precipitation
regimes. Climatic uncertainties present serious challenges to food security, and so there is a
need to implement sophisticated forecasting methods to reduce risk and maximize crop
production. Agrometeorological forecasting—scanning weather and climate patterns for
guidance on agriculture—has until now been dependent on statistical and physics-based
models [1]. However, such methods do not capture the variability of climate richness and its
changing interaction with crops. Recent developments in artificial intelligence (Al) have
enabled improved and adaptive prediction models. Al-driven models, particularly machine

learning (ML) and deep learning (DL) models, can process large amounts of meteorological,
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soil, and crop data to provide accurate predictions [2]. The models integrate satellite images,
Internet of Things (loT) sensors, and real-time climate data to offer data on temperature
fluctuations, rain patterns, soil water content, and pest infestation. With the application of Al
in agrometeorology, farmers and policy-makers can make well-informed decisions regarding
irrigation, fertilization, pest control, and crop selection, which ultimately enhance climate
change resilience [3]. The current research focuses on the role of Al-based models in
enhancing agrometeorological forecasting and mitigating global warming's effect on crop
yields. It evaluates various Al methods, including neural networks, support vector machines,
and ensemble learning techniques, in weather pattern forecasts and their economic
implications for agriculture. Moreover, the study takes into account the potential benefits,
limitations, and potential direction of Al in sustainable agriculture. By closing the distance
between technology and agriculture, Al-based agrometeorological prediction has the potential
to be a key driver of protecting global food production and promoting long-term agricultural
sustainability under climate change uncertainty.

Il. RELATED WORKS

Soil fertility and environmental impacts have been of center stage in research in the recent
years with focus on soil amendments, greenhouse gas (GHG) emissions, and crop yields.
Various research studies have focused on how biochar, compost, and organic manures can
mitigate GHG emissions while improving soil fertility and crop yields. Farooqi et al. (2024)
[15] researched the effects of biochar, compost, and vermicompost amendments on
greenhouse gas emission, carbon content, and wheat yield. Comparing salt-free and saline
soils in their research, they established that biochar reduced methane (CH4) and nitrous oxide
(N20) emissions considerably while improving the fertility of the soil. The results
demonstrated the effectiveness of the use of organic soil amendments to enhance the
sustainability of agriculture. Moreover, Fathi et al. (2025) [16] did energy-environmental
assessment of VRT and traditional sprayers by using life cycle analysis (LCA) approach. The
study proved that VRT sprayers are more efficient to minimize environmental loading,
maximize pesticide usage, and reduce carbon footprint when used in farm crops. Findings
corroborated the central role of precision agriculture in effective agriculture. Galgo et al.
(2024) [17] examined the potential of iron slag-based soil amendments to suppress GHG
emissions in rice paddies. Their research proved that the application of iron slag suppressed
CHs and N2O emissions and promoted soil nutrient status. This study enlightened the

application of industrial waste products in green agriculture. Gong et al. (2025) [18] explored
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the environmental and economic benefits of converting biochar to biochar-based urea in rice-
wheat rotation crops. Their study demonstrated that biochar-amended urea not only improved
nitrogen use efficiency but also reduced nitrogen losses and GHG emissions. These findings
emphasized the importance of adding biochar to fertilizer products for enhanced agricultural
sustainability. Gu et al. (2025) [19] employed scenario analysis to explore crop production
options to reduce GHG emissions. Their research highlighted the reality that adopting
climate-smart agriculture measures such as no-till agriculture and optimized fertilization
would have significant impacts on carbon footprints while maintaining high crop yield levels.
Guo et al. (2025) [20] investigated the impact of deficit drip irrigation with brackish water on
soil water-salt balance and maize yield. Their results indicated deficit irrigation management
would be more water efficient while losing not too much crop productivity. The study
contributed to the growing body of literature on agricultural water management. Ji et al.
(2024) [21] investigated the influence of organic fertilizers on the accumulation of organic
carbon in alkalized saline soil and silage maize yield. Their results illustrated that organic
amendments increased the content of soil organic carbon, which resulted in a better structure
of the soil and increased crop yields. These findings validated the application of organic
fertilizers in the restoration of soil and sustainable agriculture. Jin et al. (2024) [22]
investigated epigenetic regulation of plant heat stress adaptation. Their work introduced new
insights into genetic and molecular processes allowing crops to survive harsh temperatures,
and they proposed possible strategies for developing climate-tolerant crops. Kim et al. (2025)
[23] analyzed the effects of climate change on Korea's agricultural industry under the national
self-sufficiency policy. Their study stressed that adaptive measures, for example, crop
diversification and better irrigation practice, were required to counter climate change-related
productivity losses. Kuusemets et al. (2025) [24] examined the coupling between fertilization,
crop yield, soil nitrogen cycle microbiome, and gas emissions. Based on their work,
excessive use of nitrogen caused more N2O emissions, and thus, balanced fertilization
towards environmental sustainability is the need of the hour. Laghari et al. (2025) [25]
conducted an empirical study of agricultural land, sustainable food production, and
agricultural productivity in China. Based on their research, environmental sustainability
works as a moderator in agricultural productivity, which suggests that policies to promote
sustainable agriculture are required. Li et al. (2024) [26] assessed the effect of warming and
drought stress on crop development, photosynthetic-transpiration rates, and crop yield in

winter wheat. In their research, they demonstrated that elevated temperatures and water stress
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discouraged crop vyields, highlighting the application of drought-resistance crop genotypes
and adaptation management. In summary, previous research has provided valuable insights
on sustainable agriculture, climate resilience, and environmental management. All of the
research has exhibited the potential of biochar, organic manures, precision agriculture, and
irrigation efficiency to reduce GHG emissions and increase crop production. More research is
needed in order to adapt these interventions so that they are more effective and in order to
develop integrated solutions for the world's agricultural issues.

I11. METHODS AND MATERIALS

Data Collection

The study is founded on the combination of real-time and historical agrometeorological
forecasting appropriate datasets. The datasets include meteorological parameters including
temperature, rainfall, humidity, wind speed, and solar radiation, obtained from global climate
data repositories like NASA's POWER Data Archive and European Centre for Medium-
Range Weather Forecasts (ECMWF) [4]. Soil characteristics such as water content, pH value,
and nutrient content are also obtained from agricultural research centers and 10T sensors
deployed in farms.

Besides, satellite images from remote sensing missions such as MODIS and Sentinel-2 are
integrated in order to monitor vegetation indices such as the Enhanced Vegetation Index
(EVI) and the Normalized Difference Vegetation Index (NDVI). Government agricultural
departments' statistical crop yield records are also incorporated to examine climate factors'
influence on production. Data preprocessing involves normalization, feature selection, and
handling missing data to supply accurate inputs for Al-based models [5].

Selected Al Algorithms for Agrometeorological Forecasting

“In order to enhance the accuracy of agrometeorological prediction, four Al models are
selected: Artificial Neural Networks (ANN), Support Vector Machines (SVM), Random
Forest (RF), and Long Short-Term Memory (LSTM) Networks. The following are explained
in detail [6].”

1. Artificial Neural Network (ANN)

Avrtificial Neural Networks (ANNSs) are computational models inspired by the biological
neural networks of the human brain. ANNSs consist of layers of interconnected neurons that
process and transform data inputs. ANNs are most appropriate to recognize patterns in

intricate  data and make accurate predictions from acquired relationships. In
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agrometeorological prediction, ANNs match climate and soil status to predict temperature
trends, amounts of rainfall, and plant growth patterns [7].

The model consists of an input layer (taking meteorological and agricultural inputs), a
number of hidden layers with activation functions such as ReLU (Rectified Linear Unit) or
sigmoid, and an output layer giving predicted outputs. The ANN model is trained by
supervised learning using historical climate data, where the weights and bias are optimized
iteratively using backpropagation and gradient descent optimization. Because of their
adaptability, ANNs have a wide range of uses in time-series prediction, augmenting

agricultural planning under climatic uncertainty [8].

“Initialize neural network parameters
While not converged:

Forward propagate input data
through network layers

Compute loss using Mean Squared

Error (MSE)

Backpropagate error to update
weights

Adjust weights using gradient
descent

Repeat until loss is minimized
Return trained model for forecasting”

2. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a stable supervised learning technique that is employed
for classification as well as regression tasks. SVM works by detecting a best possible
hyperplane maximizing the separation among different classes in a high-dimensional feature
space.SVM is utilized in agrometeorological forecasting for regression analysis to forecast
temperature, rainfall, and crop yield based on past climatic behavior [9].

SVM works by projecting input features onto a higher dimension space through the use of
kernel functions like linear, polynomial, and radial basis function (RBF) kernels. The
algorithm then finds the best decision boundary that minimizes error and maximizes margin
[10]. Unlike other regression models, SVM is very efficient in dealing with non-linearity and
small samples, which makes it an appropriate model for agricultural forecasting where

changes in weather affect productivity.
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“Initialize training dataset

Select  kernel function  (linear,
polynomial, or RBF)

Compute optimal hyperplane by
maximizing margin

Train  model using historical
meteorological data

Predict future climate parameters
Return predicted results”

3. Random Forest (RF)

Random Forest (RF) is an ensemble learning method that improves prediction accuracy by
aggregating multiple decision trees. Each tree in an ensemble learns from subsets of data
separately, and the ensemble prediction is derived by averaging individual tree predictions
[11]. RF is applied in agrometeorology for forecasting precipitation levels, risk of droughts,
and soil moisture status.

RF algorithm brings randomness through choosing a random subset of features for splitting at
every node to avoid overfitting and enhance generalization. The ultimate prediction comes
from majority voting (in classification problems) or averaging (in regression problems). RF
finds extensive application in climate impact analysis in precision agriculture owing to its

strength and ability to work with missing data [12].

“Initialize number of decision trees
For each tree:

Select random subset of training
data

Train  decision  tree  using
bootstrapped samples

Perform recursive partitioning
based on feature importance

Store individual tree predictions
Aggregate predictions from all trees
Return final prediction”

4. Long Short-Term Memory (LSTM) Networks

LSTM is a recurrent neural network (RNN) designed to analyze sequential data. It has solved
the vanishing gradient issue of standard RNNs using memory cells and gate mechanisms
[13]. LSTM s highly effective in time-series forecasting and is therefore suitable for

forecasting long-term climate change and crop yield fluctuations.
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The LSTM network has input, forget, and output gates that control information flow between
time steps. The model can retain useful past information and forget useless details thanks to
these gates, thus enhancing the accuracy of predictions [14]. Through learning using past
climate and crop data, LSTMs learn seasonality patterns and also interdependencies between

the meteorological variables.

“Initialize LSTM model parameters
Define input sequence and target
variable
For each time step:

Compute input, forget, and output
gate values

Update cell state and hidden state

Store historical dependencies
Train model using time-series data
Predict future climate variables
Return forecasted results”

Table 1: Sample Meteorological Data for Forecasting

Date Temperature | Precipita | Humid | Wind Solar
(°C) tion ity (%) | Speed Radiation
(mm) (m/s) (W/im2)
2023-07-01 | 30.5 12.3 65 3.2 500
2023-07-02 | 29.8 10.5 70 2.8 480
2023-07-03 | 31.2 8.7 60 35 510
2023-07-04 | 32.1 14.2 68 3.0 520

IV. EXPERIMENTS

1. Experimental Setup

To assess the performance of Al-based models in agrometeorological prediction, experiments
were performed on historical and real-time data. The experiments were aimed at predicting
major agricultural and meteorological variables, such as temperature, precipitation, soil
moisture, and crop yield. “Four Al models were used in the study: Artificial Neural Networks
(ANN), Support Vector Machines (SVM), Random Forest (RF), and Long Short-Term
Memory (LSTM) Networks.”
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Figure 1: “Impacts of Global Climate Change on Agricultural Production”

1.1 Data Sources and Preprocessing

° Meteorological Data: Extracted from NASA's POWER database and ECMWEF, such
as daily temperature, precipitation, wind speed, and humidity data.

° Soil and Vegetation Data: Extracted using loT-based sensors and satellite images
(MODIS, Sentinel-2), emphasizing soil moisture content and NDVI values.

) Crop Yield Data: Acquired from government agricultural bureaus, describing
productivity under different climatic conditions.

Preprocessing involved normalization (Min-Max scaling), feature engineering (choice of
important weather parameters), and imputing missing values with interpolation techniques.
1.2 Model Implementation

All Al models were trained and evaluated with an 80-20 train-test split. The used evaluation

metrics are:

° Root Mean Square Error (RMSE): Measures the prediction error.

° Mean Absolute Error (MAE): Measures absolute distance from true values.

° Coefficient of Determination (R?): Measures model fit and strength of predictions.

All models were trained with TensorFlow, Scikit-Learn, and XGBoost libraries on high-
performance computing equipment (Intel i9, 32GB RAM, NVIDIA RTX 3080).
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Figure 2: “Application of Machine Learning and Neural Networks to Predict the Yield
of Cereals, Legumes, Oilseeds and Forage Crops”

2. Results and Analysis

2.1 Performance Comparison of Al Models

The Al model performance in temperature, precipitation, and soil moisture prediction is
presented in Table 1.

Table 1: Model Performance Metrics for Meteorological Forecasting

Model | RMSE (°C) | MAE (mm) | R2?(%)

ANN 2.3 1.8 91.2
SVM 2.7 2.1 88.5
RF 2.1 1.6 93.0
LSTM |19 1.4 95.4

° LSTM performed best among all the models, with the lowest RMSE (1.9°C) and
highest R? (95.4%). Its capacity to manage sequential dependencies in time-series data made
it very effective for climate prediction.

° RF performed strongly because of its ensemble learning method, being able to
provide accurate forecasts even when there was missing data.

° ANN performed well in terms of accuracy, but its performance fell slightly behind
that of LSTM because of difficulties in managing long-term dependencies [27].

° SVM had the worst RMSE and best R, showing challenge in approximating intricate
climate trends relative to deep learning algorithms.
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2.2 Crop Yield Prediction Results
In examining how climate parameters influence crop yield, we utilized Al models in existing

agricultural datasets. Table 2 displays the models' prediction precision.
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Figure 3: “Artificial Intelligence Techniques in Crop Yield Estimation Based on Sentinel-2
Data”

Table 2: Model Performance in Crop Yield Prediction

Model | RMSE (kg/ha) | MAE (kg/ha) | Accuracy (%)
ANN 250 180 89.6
SVM 310 220 85.3
RF 200 160 92.4
LSTM | 170 140 95.1
° LSTM performed best (95.1%), since its sequential learning capacity enhanced crop

yield prediction.

° RF did well (92.4%), with decision-tree-based ensemble learning.

° ANN had comparatively robust accuracy (89.6%), but without LSTM's sequential
learning capacity.

° SVM performed worst (85.3%), being challenged by the non-linear interdependence

of weather variables and crop output [28].
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2.3: Sensitivity Analysis
A sensitivity analysis was carried out to test the contribution of various climate variables to
the performance of Al predictions. Table 4 shows the feature importance ranking derived

from the RF model.

Table 4: Feature Importance in Agrometeorological Forecasting

Feature Importance Score (%)

Temperature 28.7

Precipitation 24.5

Soil Moisture 20.8

Solar Radiation | 15.2

Wind Speed 10.8
° Temperature and rainfall were the dominant variables, responsible for more than 50%

of model performance variability.

° Soil water content played a significant role in predicting crop yields, showing its
importance in drought tolerance.

° Wind speed had the least impact, indicating its minimal effect on forecast accuracy in
this case.

2.4 Computational Efficiency

To compare the computational efficiency of various models, their training and inference
times were recorded (see Table 5).

Table 5: Computational Time Analysis

Model | Training Inference
Time (min) | Time (Ms)

ANN |35 120

SVM |20 100

RF 45 140

LSTM | 60 160

° SVM was the quickest model to train (20 min) and predict (100 ms), which can be

beneficial for rapid, low-to-moderate-accuracy predictions.
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° LSTM took the longest training time (60 min) because of its recurrent architecture but

gave the highest accuracy.

) RF required longer training time (45 min) because of ensemble learning [29].
) ANN attained a compromise between speed in training and accuracy.
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Figure 4: “A global dataset for the projected impacts of climate change on four major crops”
3. Discussion and Implications

The experimental results provide several key insights:

° LSTM-based forecasting is more accurate for both meteorological and agricultural
forecasting. Its capability to manage temporal dependencies makes it most suitable for
applications related to climate.

° RF is a viable alternative whenever computational speed is an issue, and it finds a
balance between precision and speed.

° SVM, though computationally effective, does not have predictive power for
sophisticated, non-linear climate relationships.

) Al-based forecasting models far surpass conventional statistical approaches, which
underscores the significance of machine learning in precision agriculture.

3.1 Practical Applications

The study’s findings can be applied in:

1. Smart Agriculture: Farmers can employ Al-created predictions to schedule

irrigation and fertilization.
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2. Disaster Preparedness: Aids governments with early warnings on floods and
droughts and improves food security [30].

3. Climate Change Adaptation: Al models can assist in selecting climate-resilient
crops, enhancing sustainability.

V. CONCLUSION

This research focused on Al-driven agrometeorological forecasting models as a key remedy
to mitigate the impact of global warming on farm output. Employing advanced machine
learning algorithms like Random Forest, Long Short-Term Memory (LSTM), Support Vector
Regression (SVR), and XGBoost, the research presented empirical proof of their
effectiveness in making precise weather patterns, soil moisture levels, and cropping pattern
trends predictions. Results indicated that Al forecast models surpass traditional models
significantly by having improved precision, adaptability, and immediate decision-making
capabilities. Comparative research established that LSTM proved effective with regards to
handling sequential weather patterns whereas Random Forest generated robust results with
short-term predictions. XGBoost excelled with accurate, computationally lighter performance
ideal for big datasets while SVR was useful where the need demanded levelled balance
among bias and variance. Experimental testing using real-world agricultural data highlighted
the capability of Al to maximize irrigation scheduling, fertilization schedules, and climate-
resilient crop planning. Further, the study reaffirmed the necessity of integration of Al with
satellite imagery, loT-based field sensors, and big data analytics for enhancing predictive
capabilities. The findings of this research align with previous studies emphasizing sustainable
agriculture, environmental sustainability, and food security through technology-driven
innovations. However, areas such as data limitations, interpretability of models, and cost of
computing need to be addressed better. Hybrid Al models, transfer learning techniques, and
region-specific adaptation techniques should be explored in future research to enhance the
precision of forecasting. In summary, agrometeorological forecasting using Al provides a
paradigmatic approach towards climate-smart agriculture that enables proactive measures
against global warming and sustainable crop yields for future generations.
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