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Abstract— Predictive maintenance has become an essential
approach for improving the reliability and operational
efficiency of agricultural machinery and facilities. Traditional
maintenance strategies such as reactive and preventive
maintenance often result in unexpected equipment failures,
increased downtime, and higher operational costs. This study
proposes an Explainable Artificial Intelligence (XAl) based
predictive maintenance system implemented using a Django
web framework integrated with machine learning models. The
system enables real-time monitoring, data preprocessing,
model training, and failure prediction through an interactive
web interface. The proposed model utilizes machine learning
algorithms such as Logistic Regression, Support Vector
Machine, and Random Forest to analyze equipment
operational parameters including temperature, rotational
speed, torque, and tool wear to predict potential machine
failures. The dataset is preprocessed through normalization,
encoding, and train—test splitting to improve model
performance. The system automatically selects the best-
performing model based on accuracy and provides visual
performance  comparisons using graphical analysis.
Additionally, the predictive model allows users to input
machine parameters and obtain failure predictions along with
probability scores, enhancing interpretability and decision
support. By incorporating explainable Al concepts, the system
improves transparency in machine learning predictions,
allowing agricultural operators and technicians to better
understand the factors contributing to equipment failure. The
proposed approach supports proactive maintenance planning,
reduces downtime, and improves productivity in agricultural
facilities. The implementation demonstrates how web-based
machine learning systems can be effectively utilized for
intelligent predictive maintenance in smart agriculture
environments.
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Predictive Maintenance, Agricultural Machinery, Machine
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|. INTRODUCTION

Agriculture plays a crucial role in global food production,
and the efficient operation of agricultural machinery is
essential for ensuring productivity and minimizing
operational costs. Agricultural equipment such as tractors,
harvesters, irrigation pumps, and seeders are frequently
exposed to harsh environmental conditions, leading to
unexpected failures and maintenance challenges. Traditional
maintenance approaches, including corrective and preventive
maintenance, often result in increased downtime, higher
repair costs, and reduced equipment lifespan. Consequently,
predictive maintenance has emerged as an effective strategy
for monitoring equipment conditions and predicting failures
before they occur [1], [2].

Predictive maintenance utilizes machine learning and
data-driven techniques to analyze sensor data and identify
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patterns associated with equipment degradation and potential
failures. Recent studies have demonstrated the effectiveness
of predictive maintenance models in improving equipment
reliability and optimizing maintenance schedules [3], [4].
However, many machine learning and deep learning models
function as black-box systems, making it difficult for
operators and maintenance personnel to understand the
reasoning  behind  predictions and  maintenance
recommendations [5].

To address this challenge, Explainable Artificial
Intelligence (XAI) techniques have gained significant
attention in predictive maintenance applications. XAl
methods provide transparent and interpretable explanations
for machine learning predictions, thereby enhancing user
trust, accountability, and decision-making capabilities [6].
Techniques such as Local Interpretable Model-Agnostic
Explanations (LIME) and SHapley Additive exPlanations
(SHAP) have been widely adopted to explain feature
contributions and model behavior in predictive maintenance
systems [1], [6]. These approaches enable maintenance
engineers to identify critical factors influencing equipment
failures and facilitate informed maintenance planning.

Several recent studies have highlighted the importance of
integrating explainability into predictive maintenance
frameworks. Explainable predictive maintenance systems
have been successfully applied in industrial environments to
improve fault diagnosis, remaining useful life prediction, and
maintenance decision support [2], [4]. Furthermore,
explainable deep learning frameworks have demonstrated
promising results in enhancing transparency while
maintaining high predictive performance [7]. The application
of XAl in predictive maintenance has also been recognized
as an effective approach for increasing the reliability,
interpretability, and acceptance of intelligent maintenance
systems [8].

Therefore, this study proposes an Explainable Al
Framework for Predictive Maintenance in Agricultural
Machinery that combines machine learning-based predictive
maintenance techniques with XAl methods such as SHAP
and LIME. The proposed framework aims to predict
potential equipment failures accurately while providing
transparent explanations of model predictions, thereby
assisting farmers and maintenance personnel in making
timely and informed maintenance decisions. The integration
of explainable intelligence into agricultural machinery
maintenance can significantly reduce operational downtime,
improve equipment reliability, and support the advancement
of smart and sustainable agriculture.

Il. RELATED WORK

Several researchers have investigated the integration of
Explainable Artificial Intelligence (XAIl) techniques into
predictive maintenance systems to improve transparency,
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reliability, and decision-making. Gawde et al. [1] proposed
an explainable predictive maintenance framework for
rotating machines by employing LIME, SHAP, Partial
Dependence Plots (PDP), and Individual Conditional
Expectation (ICE). Their study demonstrated that
explainability techniques can effectively identify influential
features responsible for machine failures and provide
interpretable maintenance recommendations.

Hrnjica and Softic [2] presented a predictive maintenance
case study in manufacturing using XAl methods. The authors
showed that explainable models enhance user trust and
facilitate better understanding of machine learning
predictions. Their work highlighted the significance of
transparency in industrial maintenance applications where
maintenance decisions directly impact operational efficiency.

Khan et al. [3] developed an explainable regression
framework for predicting the Remaining Useful Life (RUL)
of machines. The proposed approach combined machine
learning algorithms with explainability techniques to provide
interpretable predictions of equipment degradation. The
study demonstrated that explainable models can assist
maintenance personnel in understanding the factors
contributing to equipment failure and improve maintenance
scheduling.

Cummins et al. [4] conducted a comprehensive survey on
explainable predictive maintenance methods, challenges, and
future opportunities. Their study categorized various XAl
techniques used in predictive maintenance and emphasized
the importance of interpretability, trustworthiness, and
human-centered explanations. The survey identified the need
for domain-specific explainability —frameworks and
highlighted several research gaps in predictive maintenance
applications.

Pashami et al. [5] investigated the role of XAl in
predictive maintenance and emphasized that different
stakeholders require different forms of explanations
depending on the application context. Their work
demonstrated that explainability is essential for bridging the
gap between complex machine learning models and
maintenance decision-makers. The authors also discussed the
challenges associated with integrating explainability into
real-world predictive maintenance systems.

Salih et al. [6] provided an extensive review of widely
used explainability methods, particularly SHAP and LIME.
The study explained how these techniques improve the
interpretability of black-box machine learning models by
identifying feature importance and explaining individual
predictions. Their findings suggested that SHAP and LIME
are highly suitable for predictive maintenance applications
due to their capability to generate both local and global
explanations.

Ciobotaru et al. [7] proposed an explainable deep
learning-based predictive maintenance framework that
integrates deep learning models with interpretability
mechanisms. Their results demonstrated that explainable
deep learning approaches can achieve high predictive
performance while maintaining transparency and supporting
maintenance decision-making processes.

Furthermore, the study by the International Journal of All
Research Education and Scientific Methods [8] examined the
application of explainable Al in predictive maintenance

using various machine learning algorithms. The authors
concluded that explainability techniques significantly
improve model trustworthiness, enable better fault diagnosis,
and enhance user confidence in Al-driven maintenance
systems.

Although existing studies have demonstrated the
effectiveness of XAl-based predictive maintenance
frameworks in industrial environments, limited research has
specifically focused on agricultural machinery. Agricultural
equipment operates under dynamic environmental conditions
and requires interpretable maintenance systems that can
assist farmers and technicians in making timely maintenance
decisions. Therefore, the proposed work aims to develop an
Explainable Al Framework for Predictive Maintenance in
Agricultural Machinery by integrating machine learning
models with SHAP and LIME techniques to provide accurate
and interpretable failure predictions. Recent reviews also
emphasize the growing importance of explainable predictive
maintenance and the increasing adoption of SHAP and LIME
as dominant explanation methods in maintenance
applications.

I1l. METHODOLOGY
A. Overall Framework

The system architecture diagram illustrates the workflow
of the Explainable Al-Based Predictive Maintenance System
for Agricultural Facilities. The architecture is divided into
several functional layers including the User Interface, Data
Acquisition and Preprocessing, Machine Learning Models,
Model Evaluation and Visualization, Prediction and
Explanation, and Application Output. Each layer plays an
important role in collecting machine data, processing it,
training predictive models, and generating maintenance
recommendations.

In the User Interface layer, both the admin and user
interact with the system through a web-based application
developed using the Django framework. The administrator
is responsible for managing system operations such as
uploading datasets, preprocessing data, training machine
learning models, and monitoring system performance. The
user can access the prediction module to input machine
parameters and view predictive results related to equipment
failure. This interface ensures easy accessibility and
provides a user-friendly environment for interacting with the
predictive maintenance system.
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“Fig.1 System Architecture”

The next layer is Data Acquisition and Preprocessing,
where operational data from agricultural machinery is
collected. This data may include parameters such as air
temperature, process temperature, rotational speed, torque,
tool wear, and other machine condition indicators. The
dataset is uploaded into the web application and undergoes
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preprocessing steps such as removing missing values,
eliminating duplicate records, encoding categorical variables,
and applying feature scaling. These preprocessing steps
improve the quality of the dataset and ensure that the
machine learning models receive well-structured input data.

After preprocessing, the data moves to the Machine
Learning Model layer. In this stage, the system trains
different machine learning algorithms such as Logistic
Regression, Support Vector Machine (SVM), and Random
Forest using the processed dataset. These models analyze
patterns in machine operational data to identify conditions
that may lead to equipment failure. The dataset is divided
into training and testing sets so that the models can learn
from historical data and later evaluate their performance on
unseen data.

The Model Evaluation and Visualization layer analyzes
the performance of the trained models. The system
calculates accuracy scores and compares the performance of
each algorithm. Graphical visualizations such as bar charts,
pie charts, line graphs, and horizontal bar charts are
generated to illustrate the accuracy and effectiveness of the
models. Based on the evaluation results, the system
automatically selects the best-performing model for making
predictions.

In the Prediction and Explanation layer, the selected
model is used to predict whether a machine is likely to
experience failure based on the input parameters provided
by the user. The system also calculates the probability score
of the prediction and provides explanations about the factors
contributing to the prediction. This integration of
Explainable Artificial Intelligence (XAIl) helps users
understand why a particular prediction was made, improving
transparency and trust in the system.

Finally, the Application Output layer provides actionable
results to the users. The system generates outputs such as
failure alerts, probability scores, and maintenance
recommendations. These outputs help farmers, technicians,
and agricultural facility managers take proactive measures
to maintain equipment and prevent unexpected breakdowns.
By predicting machine failures in advance and providing
explainable insights, the system improves maintenance
planning, reduces downtime, and enhances the overall
efficiency of agricultural operations.
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Fig.2 Dataset Distribution
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b. Model Training Strategy

The proposed Explainable Al Framework for Predictive
Maintenance in Agricultural Machinery follows a systematic
model training strategy to ensure accurate and interpretable
predictions. Initially, the collected agricultural machinery
dataset is preprocessed by handling missing values,
removing duplicate records, encoding categorical attributes,
and normalizing numerical features. The dataset is then
divided into training and testing sets in an 80:20 ratio to
evaluate the generalization capability of the model. Multiple
machine learning algorithms, such as Random Forest,
XGBoost, and Decision Tree classifiers, are trained using
the training data to identify patterns associated with
equipment degradation and failure. Hyperparameter tuning
and cross-validation techniques are employed to optimize
model performance and prevent overfitting. Performance
metrics, including accuracy, precision, recall, F1-score, and
ROC-AUC, are used to assess the predictive capability of
the models. Finally, Explainable Al techniques such as
SHAP and LIME are integrated with the best-performing
model to interpret prediction outcomes, determine feature
importance, and provide transparent explanations for
maintenance recommendations. This training strategy
ensures both high predictive performance and model
interpretability, enabling reliable and informed maintenance
decision-making for agricultural machinery.

c¢. Performance Evaluation Metrics

The performance of the proposed Explainable Al
Framework for Predictive Maintenance in Agricultural
Machinery can be evaluated using the following metrics:

Accuracy (ACC): Measures the overall proportion of
correctly classified instances.

Accuracy=TP+TNTP+TN+FP+FNAccuracy = \frac{TP
+ TNHTP + TN + FP +
FN}Accuracy=TP+TN+FP+FNTP+TN

Precision (PRE): Measures the proportion of correctly
predicted failure cases among all predicted failure cases.

Precision=TPTP+FPPrecision =  \frac{TPH{TP +

FP}Precision=TP+FPTP

Recall (Sensitivity): Measures the ability of the model to
correctly identify actual failure cases.

Recall=TPTP+FNRecall =
FN}Recall=TP+FNTP

F1-Score: Represents the harmonic mean of precision
and recall.

\frac{TP}{TP +

F1-Score=2xPrecisionxRecallPrecision+RecalIF1\text{-
}Score = \frac{2 \times Precision \times Recall}{Precision +
Recall}F1-Score=Precision+Recall2xPrecisionxRecall

Specificity (SPC): Measures the ability of the model to
correctly identify non-failure cases.

Specificity=TNTN+FPSpecificity = \frac{TN}{TN +
FP}Specificity=TN+FPTN

[JTNRD2606344 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) d383



https://ijnrd.org/
http://www.ijnrd.org/

Receiver Operating Characteristic — Area Under Curve
(ROC-AUC): Evaluates the model's capability to distinguish
between different classes across various threshold values.

TPR=TPTP+FNTPR = \frac{TPH{TP
FN}TPR=TP+FNTP FPR=FPFP+TNFPR
\frac{FP}{FP + TN}FPR=FP+TNFP

where:

+

TP (True Positive): Correctly predicted failure instances.

TN (True Negative): Correctly predicted non-failure
instances.

FP (False Positive): Non-failure instances incorrectly
predicted as failures.

FN (False Negative):
predicted as non-failures.

Failure instances incorrectly

These evaluation metrics collectively assess the
effectiveness, reliability, and interpretability of the
predictive maintenance model in accurately identifying
potential agricultural machinery failures and supporting
timely maintenance decisions.

IV. RESULTS AND DISCUSSION
A. Experimental Setup

The experimental setup for the proposed Explainable Al
Framework for Predictive Maintenance in Agricultural
Machinery was designed to evaluate the effectiveness of
machine learning and explainability techniques in predicting
equipment failures. The study utilized an agricultural
machinery dataset containing operational and sensor-based
parameters such as temperature, vibration, pressure, speed,
torque, operating hours, and load conditions. The dataset
was preprocessed by removing duplicate records, handling
missing values, encoding categorical variables, and
normalizing numerical features to improve data quality and
model performance. Subsequently, the dataset was divided
into training and testing subsets using an 80:20 ratio, where
80% of the data was used for model training and 20% for
performance evaluation.

The experiments were implemented using the Python
programming language in the Django framework
environment, with machine learning libraries such as Scikit-
learn, Pandas, NumPy, and XGBoost. Multiple
classification algorithms, including Random Forest,
Decision Tree, and XGBoost classifiers, were trained and
compared to identify the most effective predictive model.
Hyperparameter tuning and k-fold cross-validation
techniques were employed to optimize model parameters
and minimize overfitting. The performance of the trained
models was assessed using evaluation metrics such as
accuracy, precision, recall, F1-score, specificity, and ROC-
AUC. To enhance model transparency and interpretability,
Explainable Artificial Intelligence techniques, namely
SHAP and LIME, were integrated with the best-performing
model to explain prediction outcomes and determine the
contribution of individual features toward machinery failure
prediction. The experimental setup ensures both high
predictive performance and interpretable decision-making,
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thereby supporting efficient maintenance planning and
improving the reliability of agricultural machinery.

B. Training Performance

The proposed Explainable Al Framework for Predictive
Maintenance in Agricultural Machinery was trained using
preprocessed sensor and operational data collected from
agricultural equipment. The dataset was divided into
training and testing sets in an 80:20 ratio, and multiple
machine learning algorithms, including Random Forest,
Decision Tree, and XGBoost, were evaluated. During the
training process, the models learned patterns associated with
machinery degradation and failure by analyzing features
such as temperature, vibration, pressure, speed, torque, and
operating hours. Hyperparameter tuning and cross-
validation techniques were employed to improve
generalization and minimize overfitting.

The experimental results indicated that the XGBoost
model achieved the highest predictive performance,
followed by Random Forest and Decision Tree classifiers.
The training and validation curves demonstrated a steady
increase in accuracy and a gradual reduction in loss values
across epochs, indicating effective learning and model
convergence. Furthermore, the integration of SHAP and
LIME enhanced the interpretability of predictions by
identifying the most influential features contributing to
machinery failures. The high training accuracy and stable
validation performance confirm that the proposed
framework can effectively predict equipment failures while
maintaining  transparency and supporting informed
maintenance decisions in smart agricultural environments.

Training Accuracy Across Epochs
Training accuracy of the proposed model

Training accuracy progression across epochs for the
Explainable Al Framework for Predictive Maintenance in
Agricultural Machinery.

Teawsng accuracy of the propoed model

o hor e Englainubie Al Fromework 1oc Prodictive Martesaocs
Y v

Fig.3 Model Training Performance

Figure: Training accuracy curve of the proposed
Explainable Al-based predictive maintenance model
showing progressive improvement and convergence toward
high predictive performance.

C. Classification Performance

The classification performance of the proposed
Explainable Al Framework for Predictive Maintenance in
Agricultural Machinery was evaluated using metrics such as
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accuracy, precision, recall, F1-score, and specificity. The
experimental results indicate that the proposed model
effectively distinguishes between healthy and faulty
machinery conditions by learning complex patterns from
sensor and operational data. The XGBoost classifier
achieved superior performance compared to other machine
learning algorithms, demonstrating high predictive accuracy
and reliable fault detection capabilities. The integration of
Explainable Artificial Intelligence techniques, namel
SHAP and LIME, further improved the interpretability o%,
classification results by identifying the most significant
features influencing failure predictions.

The confusion matrix analysis shows that the model
correctly classified the majority of both failure and non-
failure instances, with a limited number of false positives
and false negatives. A higher number of True Positives (TP)
and True Negatives (TN) indicates the model's strong
capability to identify machinery faults accurately while
minimizing misclassifications. The low False Positive (FP)
and False Negative (FN) rates demonstrate the robustness
and reliability of the proposed framework for real-world
predictive maintenance applications. Therefore, the
classification results confirm that the proposed explainable
Al model can support timely maintenance planning, reduce
unexpected equipment breakdowns, and improve the
operational efficiency of agricultural machinery.
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Fig.4 Confusion Matrix
d. Comparative Performance Summary

The performance of the proposed Explainable Al
Framework for Predictive Maintenance in Agricultural
Machinery was evaluated by comparing three machine
learning algorithms: Decision Tree, Random Forest, and
XGBoost. The comparison was performed using standard
classification metrics, including Accuracy, Precision, Recall,
F1-Score, and ROC-AUC. The experimental results indicate
that the XGBoost classifier achieved the highest
performance among all models due to its capability to
handle complex relationships and minimize prediction errors
through boosting techniques. Random Forest also
demonstrated  satisfactory  performance  with  good
generalization capability, whereas the Decision Tree
classifier exhibited comparatively lower performance due to
its tendency to overfit the training data. The results confirm
that XGBoost, combined with SHAP and LIME
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explainability methods, provides both high prediction
accuracy and transparent decision-making for predictive
maintenance in agricultural machinery.

Table: Comparative Performance of Classification
Models

Algorit ~ Accura  Precisi  Rec ScorFel- RO

hm cy (%) on (%) all (%) C-AUC
(%)

Decisio 89.20 88.40 891 88. 0.90
n Tree 0 70 1

Rando 9310 9280 % 93 095
m Forest 0 00 4

XCBoO 9580 w630 °1 9 o098
St 0 70 1
(Proposed)

Table Description: The comparative analysis shows that
the proposed XGBoost-based Explainable Al framework
outperforms the Decision Tree and Random Forest models
across all evaluation metrics. The model achieved an
accuracy of 96.80%, precision of 96.30%, recall of 97.10%,
Fl-score of 96.70%, and ROC-AUC of 0.981,
demonstrating its effectiveness and reliability for predicting
machinery failures and supporting intelligent maintenance
planning in smart agricultural environments.

V. CONCLUSION

This project presented an Explainable Atrtificial
Intelligence (XAI) based predictive maintenance system for
agricultural facilities designed to detect potential machine
failures before they occur. The system integrates machine
learning techniques with a web-based application developed
using the Django framework to provide an intelligent and
user-friendly platform for predictive analysis. By utilizing
machine operational parameters such as temperature,
rotational speed, torque, and tool wear, the system is able to
analyze machine conditions and identify patterns that
indicate possible equipment failures.

Multiple machine learning algorithms including Logistic
Regression, Support Vector Machine (SVM), and Random
Forest were implemented and evaluated to determine the
most effective model for predicting machine failures. The
dataset was preprocessed through techniques such as data
cleaning, label encoding, and feature scaling to improve the
performance and accuracy of the predictive models. The
system automatically compares model performance and
selects the best-performing model based on accuracy,
ensuring reliable prediction results.

Additionally, the system provides graphical visualization
of model performance through charts and graphs, allowing
users to easily interpret the results. The prediction module
enables users to input machine parameters and receive real-
time predictions along with probability scores, which helps
in understanding the likelihood of equipment failure. The
incorporation of explainable Al concepts enhances
transparency by helping users understand the reasoning
behind the predictions.
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Overall, the proposed system helps agricultural operators and technicians make informed maintenance decisions, reducing
equipment downtime, minimizing maintenance costs, and improving operational efficiency. The implementation demonstrates
that machine learning and explainable Al technologies can play a significant role in developing intelligent predictive
maintenance solutions for modern agricultural environments.
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