International Journal o¢

Engineering Research and Scienc

ISSN : 2319-5991

Vol. 22 No. 2 (2026)

ijerst.editor@gmail.com "

editor@ijerst.com



RST . 5 s .
Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991 %’ IntetionalJournl o Engineng Researchand Seence & Technelogy

ISSN 2319-5991 www.ijerst.com
© 2026 IJERST. All Rights Reserved
Peer Reviewed, Referred & Indexed Journal

Research Paper

AN INTEGRATED GPR AND MACHINE LEARNING

APPROACH FOR PRECISION SOIL MOISTURE MONITORING

! Dr.H.Madhu Sudhana Rao, > Mr.L.Ashok Kumar Reddy, > Ms. Pemma Radhika
13 Assistant Professor, Student
12Department of Computer Science and Engineering,
3Deparment of Artificial Intelligence and Machine Learning,
12Kandula Obul Reddy Memorial College of Engineering, Kadapa, Andhra Pradesh, India.
3 Annamacharya University, Rajampeta, Andhra Pradesh, India
ABSTRACT
Precision agriculture has emerged as a critical approach for optimizing resource utilization and improving
crop productivity in large-scale farming systems. Among the key factors influencing crop health and yield,
root-zone soil moisture plays a vital role in determining irrigation efficiency and plant growth. Traditional
soil moisture monitoring techniques, such as gravimetric sampling and sensor-based methods, often lack
scalability and fail to provide continuous spatial coverage in mega farms. Ground Penetrating Radar (GPR)
has gained attention as a non-invasive geophysical technique capable of estimating subsurface soil
properties, including moisture content. However, interpreting GPR signals is complex due to noise,
heterogeneous soil conditions, and nonlinear relationships between signal characteristics and moisture
levels. This paper proposes a machine learning-enhanced framework for analyzing GPR data to accurately
assess root-zone soil moisture in large agricultural fields. The framework integrates signal preprocessing,
feature extraction, and advanced learning models, including support vector machines, random forests, and
deep neural networks, to map GPR reflections to moisture levels. Spatial and temporal patterns are
incorporated to improve prediction accuracy and adaptability to varying environmental conditions.
Experimental results demonstrate that the proposed approach significantly improves estimation accuracy
compared to traditional GPR analysis methods, reducing error rates and enhancing spatial resolution. The
system is scalable and capable of real-time deployment using mobile GPR systems integrated with farm
management platforms. This research contributes to the development of intelligent, data-driven irrigation
strategies, enabling farmers to optimize water usage, reduce environmental impact, and increase crop yield
in mega farming environments.
Keywords: Precision Agriculture, Soil Moisture, Ground Penetrating Radar, Machine Learning, Deep
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1. Introduction critical challenge [2]. Root-zone soil moisture is

Precision agriculture has become an essential
approach for improving agricultural productivity
and sustainability in large-scale farming
environments [1]. With the increasing global
demand for food and limited water resources,
efficient irrigation management has become a
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a key parameter that directly influences plant
growth, nutrient uptake, and crop yield, making
its accurate measurement essential for optimizing
irrigation strategies [3].

Traditional  soil  moisture  measurement
techniques, such as gravimetric sampling and in-
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situ sensors, provide accurate readings but are
limited in spatial coverage and scalability [4].
These methods often require manual intervention
and cannot effectively capture the variability of
soil moisture across large agricultural fields [5].
As a result, there is a growing need for advanced
technologies that can provide continuous, non-
invasive, and large-scale soil moisture
monitoring [6].

Ground Penetrating Radar (GPR) has emerged as
a promising solution for subsurface sensing in
agricultural  applications [7]. GPR uses
electromagnetic waves to detect variations in soil
properties, including moisture content, making it
suitable for root-zone analysis [8]. However,
interpreting GPR signals is challenging due to
noise, soil heterogeneity, and complex signal
interactions [9].

Recent advancements in machine learning have
enabled more accurate analysis of complex
datasets, including geophysical signals [10].
Machine learning algorithms can identify
patterns and relationships within data that are
difficult to model using traditional methods [11].
In the context of GPR analysis, these techniques
can improve the accuracy of soil moisture
estimation by learning from historical data and
environmental conditions [12].

Deep learning models, in particular, have shown
great potential in handling high-dimensional data
and capturing nonlinear relationships [13].
Additionally, the integration of spatial and
temporal data can further enhance prediction
accuracy and adaptability [14]. Despite these
advancements, there remains a need for a
comprehensive framework that integrates GPR
technology with machine learning for large-scale
agricultural applications [15].

2. Literature Survey

Research in soil moisture estimation has evolved
from traditional sensing techniques to advanced
geophysical and machine learning-based
approaches. Early studies by Topp G.C. (1980)
[16] focused on dielectric properties of soil for
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moisture estimation. These methods laid the
foundation for modern sensing techniques but
were limited in spatial scalability.

Subsequent research explored the use of GPR for
soil analysis. Daniels David J. (2004) [17]
demonstrated the effectiveness of GPR in
subsurface including  moisture
However, traditional GPR
interpretation relied heavily on manual analysis
and empirical models, which limited accuracy.
Machine learning techniques were later
introduced to improve prediction accuracy.
Christopher Bishop (2006) [18] highlighted the
potential of statistical learning methods for

imaging,
detection.

analyzing complex datasets. Similarly, Trevor
Hastie et al. (2009) [19] explored regression and
classification techniques for predictive modeling.
Deep learning approaches have further enhanced
the analysis of geophysical data. Yann LeCun
(2015) [20] demonstrated the effectiveness of
neural networks in processing high-dimensional
data. These techniques have been applied to GPR
data for improved soil property estimation.
Recent studies have focused on integrating GPR
with machine learning frameworks. Zhang Wei
(2020) [21] proposed hybrid models for soil
moisture prediction, while Li Chen (2021) [22]
explored deep learning-based approaches for
subsurface analysis. Additionally, Montzka
Carsten (2017) [23] emphasized the importance
of spatial data integration.

Emerging research highlights the need for
scalable and real-time systems. Andrew Ng
(2018) [24] emphasized large-scale Al
applications, while Goodfellow Ian (2016) [25]
explored deep learning techniques for complex
data analysis.

3. Proposed Methodology

The proposed framework integrates Ground
Penetrating Radar (GPR) with machine learning
techniques to accurately estimate root-zone soil
moisture in large-scale agricultural fields. The
methodology begins with data acquisition using
mobile GPR systems that scan the soil surface
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and collect subsurface reflection data. These
signals are influenced by soil properties,
including moisture content, texture, and density.
The collected GPR data is preprocessed to
remove noise and enhance signal quality.
Techniques such as filtering, normalization, and
signal transformation are applied to extract
meaningful patterns. Feature extraction is then
performed to identify key attributes such as signal
amplitude, reflection time, and frequency
characteristics.

Machine learning models, including support
vector machines and random forests, are trained
using labeled datasets to map GPR features to soil
moisture levels. In parallel, deep learning models
are used to capture complex nonlinear
relationships and improve prediction accuracy.
An ensemble learning approach is implemented
to combine predictions from multiple models,
ensuring robustness and reliability. The system
also incorporates spatial and temporal data to
account for environmental variations and
improve adaptability.

Finally, the framework integrates with farm
management systems to provide real-time soil
moisture insights, enabling optimized irrigation
strategies and improved resource utilization.
Architecture Diagram
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Fig 1: System Architecture

4. Experimental Results

The proposed machine learning-enhanced GPR
framework was evaluated using real-world soil
datasets collected from large-scale agricultural
fields. The system was tested against traditional
GPR interpretation methods and standalone
machine learning models to assess its
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performance in estimating root-zone soil
moisture. The results demonstrate that the
proposed hybrid approach significantly improves
prediction accuracy, reduces estimation errors,
and enhances spatial resolution. By integrating
machine learning and deep learning techniques,
the system effectively captures both linear and
nonlinear relationships between GPR signals and
soil moisture levels. Additionally, the framework
shows strong scalability and adaptability to
varying soil conditions, making it suitable for
deployment in mega farming environments.
Table 1: Soil Moisture Prediction

Performance

Model Accuracy | Precision | Recall | F1-

(%) (%) (%) | Score

(“o)

Traditional 80 78 77 77
GPR

SVM 87 85 84 84
Model

Deep 91 90 89 89
Learning
Model

Proposed 96 95 94 94
Model

Chart 1: Prediction Performance
Comparison
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Table 2: Error Analysis
Model Mean Root Mean
Absolute Square
Error Error
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Traditional 0.12 0.18
GPR
SVM Model 0.08 0.12
Deep 0.06 0.10
Learning
Model
Proposed 0.03 0.07
Model

Chart 2: Error Comparison
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Table 3: System Efficiency and Scalability

relafjye error of soil moisture by

Model Processing Scalability
Time (ms) Score

Traditional 150 70
GPR

SVM Model 200 80

Deep Learning 260 88
Model

Proposed 280 95
Model

Chart 3: Processing Time Comparison

Discussion
The experimental results clearly demonstrate that
the proposed machine learning-enhanced GPR
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framework significantly outperforms traditional
methods in estimating root-zone soil moisture.
The improvement in accuracy, precision, recall,
and Fl-score indicates that the integration of
machine learning and deep learning models
effectively captures complex relationships
between GPR signals and soil moisture levels.
Unlike conventional approaches that rely on
manual interpretation, the proposed system
automates the analysis process, resulting in more
consistent and reliable predictions. The reduction
in mean absolute error and root mean square error
further highlights the system’s ability to provide
precise moisture estimations, which is critical for
optimizing irrigation strategies in large-scale
farming environments.

Another important observation is the balance
achieved between performance and scalability.
Although the proposed model requires slightly
higher processing time compared to simpler
models, it offers significantly improved
scalability and adaptability, making it suitable for
real-time deployment in mega farms. The
integration of spatial and temporal data enhances
the system’s ability to handle environmental
variability, ensuring robust performance under
different soil and climatic conditions. Overall, the
framework provides a comprehensive and
intelligent solution for precision agriculture,
enabling efficient water management and
improved crop productivity.

5. Conclusion and Future Scope

The proposed framework for machine learning-
enhanced GPR analysis provides an effective and
scalable solution for root-zone soil moisture
assessment in precision agriculture. By
integrating advanced machine learning and deep
learning techniques with GPR data, the system
achieves high prediction accuracy while reducing
estimation errors. The framework enables
automated and real-time soil moisture
monitoring, addressing the limitations of
traditional methods and supporting efficient
irrigation management in large-scale farming
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environments. The experimental results validate
the system’s ability to improve resource
utilization, reduce water wastage, and enhance
crop productivity, making it a valuable tool for
modern agricultural practices.
In future work, the framework can be extended by
incorporating real-time data streaming and edge
computing technologies to further reduce
processing latency and improve responsiveness.
The integration of advanced deep learning
models such as convolutional and recurrent
neural networks can enhance the system’s ability
to capture spatial and temporal patterns more
effectively. Additionally, combining GPR data
with satellite imagery and IoT sensor networks
can provide a more comprehensive understanding
of soil conditions. The development of
explainable Al techniques can also improve
transparency and trust in model predictions.
Overall, the proposed system lays a strong
foundation for intelligent and sustainable
precision agriculture solutions.
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