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Abstract: Smart agriculture is rapidly evolving with the integration of advanced technologies such as the Internet
of Things (1oT), Machine Learning (ML), and Artificial Intelligence (Al) to improve productivity and operational
efficiency. However, one of the key challenges in deploying Al-based predictive systems is the lack of
transparency and interpretability, often referred to as the “black-box” problem. This limitation reduces user trust
and hinders effective decision-making, especially in critical domains like agriculture. This project proposes an
Explainable Artificial Intelligence (XAl)-based predictive maintenance system for early detection and
prediction of equipment failures in smart agricultural environments. The system collects real-time sensor data,
including parameters such as temperature, humidity, vibration, and pressure, from loT-enabled agricultural
devices. This data is preprocessed and analyzed using machine learning and deep learning models such as Random
Forest, Naive Bayes, and Neural Networks to identify failure patterns and predict potential breakdowns in
advance. To enhance transparency and interpretability, explainability techniques such as SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations) are integrated into the
system. These methods provide clear insights into model predictions by highlighting the contribution of each
feature, enabling farmers and technicians to understand the reasons behind predicted failures. The system also
includes a user-friendly dashboard for real-time monitoring, visualization, and actionable suggestions.
Experimental results demonstrate high prediction accuracy, improved reliability, and efficient handling of large-
scale sensor data. By enabling early fault detection and providing interpretable insights, the proposed system
reduces maintenance costs, minimizes downtime, and supports proactive decision-making. Overall, this approach
contributes to the development of sustainable, transparent, and intelligent smart agricultural systems.

Index Terms - Explainable Artificial Intelligence (XAl), Predictive Maintenance, Smart Agriculture, Internet of
Things (1oT), Machine Learning, Deep Learning, Early Failure Detection, SHAP, LIME, Sensor Data Analytics,
Real-Time Monitoring, Equipment Failure Prediction, Sustainable Farming, Data-Driven Decision Making.

and apply for positions that align with their interests

I. INTRODUCTION the rapid advancement of technology, traditional

farming practices are being transformed into smart

Agriculture is a fundamental sector that supports agriculture systems, where technologies such as the
global food security and economic stability. With Internet of Things (10T), Artificial Intelligence (Al),

and data analytics are widely used. These systems
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enable real-time monitoring, automation, and
efficient resource management, thereby improving
productivity and sustainability [1]. Smart
Agricultural Facilities (SAF) integrate sensors,
automated machinery, and intelligent systems to
optimize operations such as irrigation, soil
monitoring, and equipment management.

Despite  these  advancements,  maintaining
agricultural equipment remains a significant
challenge. Machines such as irrigation pumps,
tractors, and automated systems are prone to
unexpected failures due to continuous operation and
environmental stress. These failures can lead to
increased downtime, financial losses, and reduced
efficiency. To address this issue, Predictive
Maintenance (PdM) techniques have been
introduced, which utilize machine learning
algorithms to analyze sensor data and predict
failures before they occur. This proactive approach
helps minimize maintenance costs and ensures
uninterrupted agricultural operations [4], [5].
However, most Al-based predictive maintenance
models operate as black-box systems, providing
predictions without explaining the reasoning behind
them. This lack of transparency creates a major
barrier for farmers and technicians, making it
difficult to trust or act upon model outputs. In critical
applications like agriculture, where decisions
directly impact productivity and resources,
interpretability is essential. Furthermore, modern
regulations and ethical considerations emphasize the
need for explainable and transparent Al systems [2],
[3].

To overcome these limitations, this project proposes
the integration of Explainable Artificial
Intelligence (XAIl) with predictive maintenance in
smart agriculture. The system not only predicts
equipment failures using machine learning and deep
learning models but also explains the reasons behind
each prediction using techniques such as SHAP and
LIME. These methods provide feature-level
insights, enabling users to understand which factors
contribute to failure predictions.

Additionally, the system processes real-time sensor
data, performs preprocessing and feature
engineering, and presents results through an
interactive dashboard. By combining prediction with
explainability, the system enhances transparency,
improves user confidence, and supports informed
decision-making. Overall, this approach contributes
to the development of intelligent, reliable, and
sustainable smart agricultural systems [1]-[3].

Il. RELATED WORK

The development of predictive maintenance systems
in smart agriculture has been widely supported by
advancements in machine learning, sensor
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technologies, and data analytics. Early studies
focused on understanding equipment behavior and
degradation patterns. Swaminathan and
Schellenberg analyzed how operational and
environmental conditions influence machinery
performance, providing a basis for failure prediction
models [1]. Similarly, Abdat, Maaoui, and Pruski
proposed sensor-based monitoring systems for real-
time human—machine interaction, demonstrating the
importance of continuous data acquisition for early
fault detection.

Data-driven approaches have played a crucial role in
improving system reliability. Research on data
pattern analysis has shown that continuous
monitoring of sensor signals can reveal hidden
trends related to system health. Lee and Cho
introduced classification techniques based on pattern
recognition, improving prediction accuracy in
machine learning models [4]. Additionally, Wolff et
al. emphasized the impact of environmental factors
such as temperature, pressure, and load on
equipment failures, highlighting the need for
context-aware predictive systems.

Feature engineering and signal processing
techniques have also been extensively explored.
Dhavalikar and Kulkarni demonstrated that
preprocessing techniques such as noise removal and
feature extraction significantly improve fault
detection accuracy. Han, Zin, and Tun further
enhanced this approach by extracting statistical and
spectral features from sensor data, enabling better
differentiation between normal and faulty machine
conditions. These methods form the backbone of
reliable predictive maintenance systems [7], [8].
Machine learning and deep learning models have
been widely adopted for predictive maintenance
tasks. Taneja et al. proposed anomaly detection
systems using classification algorithms, while Ghule
et al. utilized multi-sensor data to improve fault
diagnosis accuracy. Regression-based approaches,
such as those presented by Yang et al., have been
used to estimate Remaining Useful Life (RUL),
providing valuable insights into equipment lifespan.
Furthermore, deep learning models such as
Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs) have shown
strong performance in handling complex and noisy
sensor data [12], [19].

Recent research has increasingly focused on
improving model interpretability. Traditional Al
models often lack transparency, which limits their
practical adoption. To address this issue,
explainability techniques such as SHAP and LIME
have been introduced to interpret model predictions.
Studies by Lundberg and Lee [2] and Ribeiro et al.
[3] demonstrated how these techniques provide both
global and local explanations, enabling users to
understand the contribution of each feature to the
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prediction outcome. These advancements have
significantly improved trust and usability in Al
systems.

Despite these contributions, existing systems still
face challenges related to transparency, scalability,
and real-time deployment in agricultural
environments. Most models focus either on
prediction accuracy or interpretability, but not both
simultaneously. Therefore, there is a need for an
integrated approach that combines predictive
maintenance with explainable Al techniques. This
project addresses this gap by developing a unified
system that provides accurate predictions along with
clear and interpretable explanations, making it
suitable  for real-world smart agricultural
applications.

1. MATERIALS AND METHODS

The system utilizes both hardware and software
components to enable data collection, processing,
prediction, and visualization.

1) Dataset and Sensors:
The primary data source consists of sensor readings
collected from smart agricultural equipment. These
include parameters such as temperature, humidity,
vibration, pressure, rotational speed, and tool wear.
The dataset is obtained either from loT-enabled
devices or structured CSV files and represents time-
series data reflecting machine behavior under
different operating conditions.

2) Software Tools and  Technologies:
The implementation is carried out using Python
programming language with libraries such as
NumPy and Pandas for data handling, Scikit-learn
for machine learning, and TensorFlow/Keras for
deep learning models. Visualization tools such as
Matplotlib and Seaborn are used for analysis, while
SHAP and LIME libraries are employed for
explainability. A Flask-based web framework is
used to develop the user interface dashboard.

3) System Environment:
The system is designed to run on standard
computing environments with moderate processing
capabilities. It supports integration with 10T devices
and can be extended for real-time deployment using
cloud or edge computing platforms.

B. Methods

The proposed methodology consists of multiple
stages, ensuring efficient data processing, accurate
prediction, and model interpretability.

1) Data Collection:
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Sensor data is collected from agricultural equipment
through 10T devices or uploaded datasets. The
system validates the input data, checks for missing
values, and ensures data integrity before further
processing. This step establishes the foundation for
predictive analysis.

2) Data Preprocessing and Feature Engineering:
The collected data undergoes preprocessing to
remove noise, handle missing values, and eliminate
outliers using techniques such as Z-score
normalization. Feature engineering is performed to
generate additional meaningful attributes, including
rolling averages, trend indicators, and statistical
features. These enhancements improve model
learning and prediction accuracy.

3) Model Development and Training:
The processed dataset is divided into training and
testing sets. Machine learning algorithms such as
Random Forest, Naive Bayes, and XGBoost, along
with deep learning models like Neural Networks, are
trained to predict equipment failures. The models
learn patterns from sensor data and classify machine
conditions or estimate Remaining Useful Life
(RUL).

4) Model Evaluation:
The performance of the models is evaluated using
metrics such as accuracy, precision, recall, F1-score,
and RMSE. These metrics help in selecting the best-
performing model for deployment. Comparative
analysis ensures that the chosen model balances both
accuracy and computational efficiency.

5) Explainable Al Integration:
To enhance interpretability, XAl techniques such as
SHAP and LIME are applied to the trained models.
These methods provide both global and local
explanations by identifying the most influential
features contributing to predictions. This step
ensures transparency and builds user trust in the
system.

6) Prediction and Visualization:
The final system accepts new sensor data as input
and generates predictions in real time. The results,
including machine health status, failure type, and
Remaining Useful Life, are displayed through a user-
friendly dashboard. Visualizations and explanation
outputs are also provided to support decision-
making.

Vol. 22, No. 2, 2026 2762


http://www.ijerst./

Int. J. Engq. Res. & Sci. & Tech. 2026

%Sf International Journal of Engineering Research and Science & Technology

PROPOSED ARCHITECTURE

Towards Explainable Al for Early Detection and Prediction of Failures in Smart Agriculture

Fig -1 : Proposed Architecture

IV. RESULTS AND DISCUSSION

The proposed Explainable Artificial Intelligence
(XAl)-based predictive maintenance system for
smart agricultural environments was implemented
and evaluated using multiple machine learning and
deep learning models. The results demonstrate that
the system effectively predicts equipment failures
and provides interpretable insights, improving both
performance and usability.

Prediction Performance Analysis

True False
Positive Negative

True
* RMSE: 28 Cycles Negative

Predicted RUL

Actual RUL Accuracy: 94%

The prediction performance analysis indicates
that the models achieved high accuracy and
reliability. Random Forest Regression was applied
to estimate Remaining Useful Life (RUL),
producing a low error rate with an RMSE of
approximately +28 cycles, showing strong
alignment between predicted and actual values. For
classification tasks, the Naive Bayes model achieved
an accuracy of around 94%, with precision and recall
values exceeding 90%, effectively distinguishing
between healthy and faulty equipment. Neural
Network models also performed well, achieving
approximately 88% accuracy in multiclass failure
prediction.

Explainable Al Analysis

SHAP Feature Importance
Vibration

Temperature

Pressure

Humidity

Operational Cycles

SHAP Value Impact on Model Output

These results confirm that combining regression and
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classification approaches enhances the overall
predictive capability of the system.

The Explainable Al (XALl) analysis highlights the
importance of interpretability in predictive systems.
Techniques such as SHAP and LIME were used to
explain model predictions. The results identified key
influencing features such as vibration levels,
temperature variations, and pressure fluctuations as
major  contributors to  equipment failure.
Visualization plots clearly demonstrated how each
feature impacts the prediction outcome, enabling
users to understand the reasoning behind decisions.
This transparency significantly improves trust and
supports informed decision-making in real-world
agricultural scenarios.

System Performance Analysis

AN mlE

Random Neural Naive
Forest Network Bayes

100K+ Records Tested

Fast Processing

The system performance analysis shows that the
proposed framework is efficient and scalable. The
system was tested on large datasets containing over
100,000 sensor records and successfully processed
the data within acceptable time limits. The
preprocessing module effectively handled missing
values, removed outliers, and improved data quality.
Feature engineering techniques such as rolling
averages and trend indicators further enhanced
model performance. Among the models, Random
Forest provided faster predictions compared to
Neural Networks while maintaining high accuracy,
making it suitable for real-time applications.

Cost-Benefit Analysis

Cost Savings i Reduced Downtime

The dashboard and visualization analysis
demonstrates that the system provides a user-
friendly interface for monitoring and decision-
making. The Flask-based dashboard allows users to
upload sensor data and view prediction results
instantly. It displays machine health status,
Remaining Useful Life, and feature importance
through graphs and tables. The inclusion of
explainability outputs alongside predictions makes
the system accessible even to non-technical users,
such as farmers and field operators.
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The cost-benefit analysis reveals that the system
significantly reduces operational risks and
maintenance costs. By minimizing false positives,
unnecessary maintenance actions are avoided, while
reducing false negatives prevents unexpected
equipment breakdowns. This balance improves
overall efficiency and ensures optimal utilization of
resources in smart agricultural systems.

V. CONCLUSION

This work presents an Explainable Artificial
Intelligence (XAIl)-driven predictive maintenance
framework tailored for smart agricultural systems.
The proposed approach successfully combines
machine learning and deep learning techniques with
interpretability methods to address the limitations of
traditional “black-box” models. By leveraging [oT-
based sensor data, the system is capable of detecting
potential equipment failures at an early stage,
thereby enabling proactive maintenance and
reducing operational risks.

Experimental results demonstrate that models such
as Random Forest, Naive Bayes, and Neural
Networks achieve high prediction accuracy for both
failure classification and Remaining Useful Life
(RUL) estimation. The integration of explainability
techniques, including SHAP and LIME, provides
clear insights into feature contributions, allowing
users to understand the reasoning behind
predictions. This enhances transparency, builds user
trust, and supports informed decision-making in
real-world agricultural environments.

Furthermore, the system efficiently processes large-
scale sensor datasets, supports real-time prediction,
and delivers results through an intuitive dashboard
interface. The combination of accurate prediction,
scalability, and interpretability contributes to
reduced maintenance costs, minimized downtime,
and improved productivity.

In conclusion, the proposed XAl-based predictive
maintenance system offers a reliable, transparent,
and intelligent solution for smart agriculture. It
demonstrates the importance of integrating
explainability with advanced analytics and sets a
strong foundation for future developments in
sustainable,  data-driven, and  trustworthy
agricultural technologies.
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