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Abstract: 
Accurate soil moisture prediction is vital for enhancing 
agricultural productivity, especially in a country like 
India, where diverse soil types and climatic conditions 
significantly affect crop yields. Traditional methods, such 
as physical sensors and hydrological models, often fail to 
provide precise results due to environmental variability and 
limited spatial coverage. In response, this paper proposes 
a machine learning-based approach to soil moisture 
prediction, incorporating historical meteorological data, soil 
characteristics, and satellite-based remote sensing data. We 
assess various machine learning models, including Random 
Forest (RF), Support Vector Machines (SVM), and Long 
Short-Term Memory (LSTM) networks, to determine the 
most effective algorithm for diverse terrains and conditions. 
The study finds that LSTM models outperform traditional 
methods, delivering more accurate and robust soil moisture 
predictions. These advancements offer significant potential 
for improving decision-making in precision agriculture and 
managing water resources, helping to address the challenges 
of declining soil moisture and food production in the face of 
climate change.
Keywords: Soil moisture prediction, Machine learning, 
Precision agriculture, LSTM networks, Water resource 
management, Agricultural productivity



100

Foundations of Machine Learning and Intelligent Systems

1. Introduction
Soil moisture is a critical factor in the hydrological cycle, 
significantly impacting agricultural productivity, water 
resource management, and climate change mitigation. 
Traditional methods of monitoring soil moisture, such as in-
situ sensors and empirical models, suffer from limitations 
due to spatial variability and high costs of implementation 
at scale. Furthermore, environmental heterogeneity—
caused by factors such as soil composition, topography, 
and vegetation—makes it difficult to obtain consistent and 
accurate moisture data across large areas. This challenge 
has motivated researchers to explore machine learning (ML) 
techniques for soil moisture prediction, leveraging large 
datasets of environmental variables to capture complex 
patterns and improve predictive accuracy.
Machine learning models, which can analyze vast amounts of 
meteorological, geographical, and remote sensing data, offer 
significant promise for improving soil moisture predictions. 
By modeling the nonlinear relationships between climate 
variables (e.g., rainfall, temperature, humidity) and soil 
properties, machine learning algorithms can address the 
shortcomings of traditional approaches. However, challenges 
remain in selecting appropriate models, understanding their 
behavior in diverse environmental conditions, and ensuring 
generalizability.
This paper seeks to address these challenges by comparing 
different machine learning algorithms—Random Forest, 
Support Vector Machines, and Long Short-Term Memory 
networks—in predicting soil moisture. Our work contributes 
to the growing body of knowledge on machine learning in 
environmental science by providing insights into model 
performance and the factors influencing predictive accuracy.
2. Review of Literature 
Soil moisture monitoring and prediction have long been 
studied in hydrology and agriculture. Early approaches 
relied on physical sensors embedded in soil, which provided 
real-time data but faced limitations in coverage and cost 
(Robock et al., 2000). Hydrological models, such as the Soil 
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Water Assessment Tool (SWAT), have also been widely used 
to simulate soil moisture based on climatic, topographic, and 
soil data (Arnold et al., 1998). These models, however, often 
require extensive parameterization and struggle to adapt to 
different environmental conditions without recalibration.
In recent years, the availability of large-scale environmental 
datasets and advancements in machine learning have created 
new opportunities for soil moisture prediction. Studies have 
increasingly applied ML techniques to predict soil moisture 
from meteorological and satellite data. For example, Gao et 
al. (2018) used Random Forest and neural network models to 
predict soil moisture in semi-arid regions, achieving promising 
results. Similarly, Abdollahi et al. (2020) demonstrated that 
Support Vector Machines could predict soil moisture with 
greater accuracy than conventional hydrological models 
when applied to diverse climatic conditions.
LSTM networks have also gained attention for their ability 
to model time-dependent data, such as soil moisture, 
which is influenced by temporal patterns in rainfall and 
evapotranspiration (Cheng et al., 2021). These deep learning 
models are particularly suited for sequential data and have 
been applied in various environmental prediction tasks, 
including flood forecasting and drought assessment. However, 
challenges remain in selecting the optimal architecture and 
training regime for LSTM models to avoid overfitting and 
ensure generalizability across different geographic regions.
3. Methodology  
To develop machine learning models for soil moisture 
prediction, we employed a dataset consisting of historical 
meteorological data (e.g., rainfall, temperature, humidity), 
soil characteristics (e.g., texture, organic content), and 
satellite-based remote sensing data. The dataset was obtained 
from publicly available sources such as NASA’s Soil Moisture 
Active Passive (SMAP) mission, the National Oceanic and 
Atmospheric Administration (NOAA), and local agricultural 
agencies.
Data pre-processing involved cleaning and normalization to 
ensure consistency in the input features. Missing values were 
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handled using interpolation techniques, while categorical 
features, such as soil type, were encoded using one-hot 
encoding. The dataset was divided into training (70%), 
validation (15%), and testing (15%) sets.
4. We applied three machine learning models for soil 
moisture prediction:
4.1. Random Forest: A widely used ensemble method that 
builds multiple decision trees and aggregates their predictions 
to improve accuracy and reduce overfitting.
4.2. Support Vector Machine: A supervised learning model 
that aims to classify data points by finding the optimal 
hyperplane in a multi-dimensional space.
4.3. Long Short-Term Memory Networks (LSTM): A type 
of recurrent neural network (RNN) that is particularly suited 
for time-series data, allowing the model to capture long-term 
dependencies in soil moisture patterns.
For each model, hyperparameter tuning was conducted using 
grid search, and cross-validation was used to evaluate model 
performance on the training and validation sets. Performance 
metrics included Mean Absolute Error (MAE), Root Mean 
Squared Error (RMSE), and the coefficient of determination 
(R²) to assess prediction accuracy.
5. Results
The results from the machine learning models indicated 
significant variation in their ability to predict soil moisture. 
The Random Forest model performed well, achieving an R² 
value of 0.72 and an RMSE of 0.093. However, its performance 
degraded in regions with sparse meteorological data or high 
environmental variability.
The Support Vector Machine model, while performing 
better than Random Forest in certain regions, struggled with 
generalization in areas with complex soil structures and 
highly variable moisture patterns. The model’s accuracy was 
limited by its reliance on kernel functions, which may not 
capture the non-linear relationships inherent in soil moisture 
dynamics. Its R² value was 0.68, and RMSE was 0.098.



 103

Foundations of Machine Learning and Intelligent Systems

The LSTM model significantly outperformed both Random 
Forest and SVM, with an R² value of 0.84 and an RMSE of 
0.076. Its ability to model time dependencies in soil moisture, 
especially in regions experiencing periodic fluctuations 
in rainfall, contributed to its superior performance. The 
LSTM model also demonstrated better generalization across 
different terrains, making it a promising approach for large-
scale soil moisture prediction.
Conclusion
This study highlights the potential of machine learning 
models, particularly LSTM networks, in enhancing soil 
moisture prediction. By leveraging meteorological, soil, and 
remote sensing data, we demonstrated that machine learning 
algorithms can significantly improve prediction accuracy 
compared to traditional methods. The LSTM model, with its 
ability to capture temporal dependencies, showed the highest 
performance across diverse regions, making it a valuable tool 
for applications in precision agriculture and water resource 
management.
While the results are promising, challenges remain in scaling 
these models to global applications and integrating them with 
real-time data. Future research should focus on improving 
model interpretability and exploring hybrid approaches 
that combine machine learning with hydrological models to 
further enhance predictive capabilities.
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