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Abstract—Developing a superior agricultural equipment is 

essential to any profitable farming process as it directly 

determines the yields. The unplanned downtime of a machine 

leads to increased maintenance costs, poor performance, and 

low reliability of equipment Proactive and reactive 

maintenance practices, which have become traditional 

methods for farming equipment upkeep, mostly overlook 

potential problems. We propose a Predictive Upkeep 

Framework for Agricultural Equipment based on XAI & 

machine learning methods for addressing those issues.The 

proposed model incorporates input data which include 

temperature of the air ,temperature relates to process tool 

speed, torque, and tool wear to predict failure modes using 

machine learning algorithms such as Logistic Regression, 

SVM, and Random Forest. Django framework was used to 

develop the predictive model. The first step in training an ML 

model is to prepare a data set that will increase the accuracy 

of our model. Therefore, the data set was cleaned, encoded, 

evaluated, and divided into a train-test ratio to train the model 

automatically.The latter automatically analyzes all of the 

performance indicators needed to suggest the most efficient 

maintenance strategy. The framework implements an 

interactive web-based interface to rate failure probabilities 

and recommend maintenance options. Thus, it can facilitate 

the rapid selection of optimal decisions while promoting trust 

and transparency. XAI should be applied in this project to 

interpret the factors influencing the predictions and promote 

a higher degree of acceptance of the model. In addition, the 

system will allow users to access and benefit from the 

maintenance recommendations. Therefore, the framework 

will play a significant role in boosting reliability, reducing 

down-times, and increasing agricultural equipment 

performance. 

  
"Keywords: SHAP, LIME, Django, Explainable Artificial 

Intelligence (XAI), Django Predictive Maintenance, 

Agricultural Equipment, Machine Learning, Fault Prediction." 

I. INTRODUCTION 

 

Innovative and smart technologies have reshaped 

agriculture by driving up yields, decreasing necessity for 

workers, and promoting sustainable farming techniques. 

When trying to keep crop operations running effortlessly, 

some types of agricultural gear are needed. For example, 

harvesters, seed drills, irrigation systems, and tractors. 

Wear, component deterioration, and unforeseen failures are 

common problems with these devices because of the wide 

range of operating conditions. Negative effects on farm 

output, maintenance expenses, equipment longevity, and 

disruptions in agricultural operations may occur from such 

malfunctions [20].  

There are lots of downsides to conventional of 

maintenance, such as reactive and preventative 

maintenance.Unplanned downtime and expensive repairs 

result from reactive maintenance, which just requires action 

when equipment fails. Unnecessary maintenance actions 

and higher running costs may arise from preventive 

maintenance strategies that do not take into account the 

actual state of the equipment. These restrictions attract 

attention to the need for an intelligent maintenance plan 

that can prepare for and avoid problems. 

One approach is predictive maintenance, which 

uses methods based on common data along with machine 

learning to monitor the state of equipment and forecast 

when it will malfunction. Predictive maintenance systems 

monitor operational factors including atmospheric 

temperature, process warmth torque, standard rotor speed, 

and tool wear to identify unusual operating trends and 

forecast when equipment will malfunction. This boosts 

equipment reliability, minimizes downtime, and 

optimizes the usage of maintenance equipment by 

enabling the scheduling of maintenance tasks in advance 

[4,5]. 

Although traditional machine learning models 

possess extraordinary predictive capabilities, most of 

these models are blackboxe’s and gives little  information 

about the theory behind the calculation. For farmers and 

their repair engineers to make crucial maintenance 

decisions in agricultural applications, precise forecasts are 

necessary. In response to this difficulty, XAI has gained 

popularity; it enhances the understanding of machine 

learning models by detailing how particular components 

influenced each prediction [12]. Users may have more 

faith in AI-assisted maintenance systems if techniques 

like SHAP and LIME  are used to explain the causes of 

expected equipment breakdowns [6].  

This project proposes a framework for proactive 

upkeep of conventional agricultural machinery by fusing  

AI with machine learning techniques using Django's as its 

foundation. The framework's intuitive interface facilitates 

data preparation, model training, performance evaluation, 

failure prediction, and prediction explanation. Artificial 

intelligence methods like Random Forest, logarithmic 

regression, & Support Vector Machine, also known as 

SVM, are used to analyze equipment functioning data and 

discover potential flaws. The system will automatically 

evaluate each model's performance and select the model 

with the highest prediction, adhering to requirements 

established by modern predictive maintenance 

frameworks [1]. 

In addition to predicting when equipment would 

break down, the suggested framework gives users insight 

into the reasons impacting each prediction with likelihood 

ratings, maintenance suggestions, and feature-level 

explanations [13]. Reducing unexpected equipment 

failures[9], minimizing maintenance costs, improving 

operating efficiency, and enhancing the overall 
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dependability of agricultural machinery are all goals of the 

proposed approach, which is achieved by proactive 

maintenance planning and transparent decision-making. A 

key component toward creating smart, reliable, and long-

term maintenance solutions for contemporary farms is the 

combination of Explainable AI with predictive maintenance 

[4]. 

II. RELATED WORK 

Ability to monitor a piece of machinery and 

recognize impending failures has been greatly enhanced 

with the use of predictive maintenance combining AI and 

ML. A lot for employment has gone into building intelligent 

maintenance systems which use (XAI) to make choices that 

are both transparent and easy to comprehend. This is in 

addition to making precise estimates. Thanks to these 

advances, maintenance staff can now comprehend the logic 

behind machine learning forecasts, which improves 

confidence and promotes successful maintenance planning. 

Gawde et al. suggested a Predictive Maintenance 

structure that supports rotating machinery by combining 

machine learning algorithms with explanation techniques 

such as SHAP, LIME, PDP, and ICE. It has been 

demonstrated that explainability techniques can be effective 

by increasing model transparency and pinpointing the 

operational traits that cause machine errors [1]. This enables 

maintenance personnel to make knowledgeable 

maintenance decisions.  

A predictive maintenance solution for the 

construction sector was built by Hrnjica and Softic with the 

support of XAI. Enhancing user confidence and decision-

making may be made possible by integrating interpretable 

machine learning models with predictive analytics, based to 

their analysis. Improved issue detection, less unplanned 

equipment downtime, and high predictability were all goals 

of the recommended system [2].  

The RUL of industrial equipment may be 

predicted by employing an explainable machine learning 

strategy, which first appeared by Khan et al. In order to 

determine variables impacting maintenance choices and to 

estimate equipment damage, their study blended 

explainability techniques along with regression-based 

prediction models. The research shown that maintenance 

tasks might get better planned with the use of interpretable 

prediction models [3].  

A comprehensive account of  XAI techniques used 

in predictive maintenance applications was offered by 

Cummins et al. They looked about the positive and negative 

aspects of implementing XAI in maintenance systems in the 

real world, as well as various algorithms for machine 

learning and ways of explaining issues. Delivering AI-

based maintenance solutions successfully requires 

openness, interpretability, and consumer trust, as per a 

study [4]. 

From several stakeholder perspective, Pashami et 

al. studied Explainable AI's value for predictive 

maintenance. Based on what they found, it is clear that 

operators, system administrators, and maintenance 

engineers all have unique needs for information. Research 

found that people had more trust in individualized 

maintenance proposals and better communication utilizing 

AI models whenever explainability was an integral 

component of predictive maintenance systems [5].  

Salih et al. assessed the efficacy of established 

explanation methods in understanding complex ML 

models, including SHAP and LIME. It is just as important 

to understand the causes of equipment failure as it is to 

achieve high prediction accuracy in predictive 

maintenance applications, and the findings showed that 

these methods successfully clarify both individual 

predictions and overall model behavior [6].  

Agricultural equipment runs in very dynamic 

environmental and working situations, yet explainable 

predictive maintenance has received less attention in 

contrast to industrial settings. Failure prediction becomes 

more complex for agricultural equipment due to 

dependence on variable temperatures, dust, humidity, 

uneven terrain, and continual operating stress. There is a 

dearth of agricultural users-friendly interfaces that 

provide explicit maintenance tips in current systems, 

which are primarily created for industrial purposes [7].  

The proposal builds an  Predictive Maintenance 

Framework for Agricultural Equipment to overcome these 

problems; it does this using web-based Artificial 

Intelligence techniques with machine learning algorithms. 

To help farmers, technicians, and maintenance staff make 

educated decisions about equipment maintenance, the 

framework uses operational factors to forecast how 

equipment will fail and provides detailed explanations for 

each prediction. This method promotes the use of 

intelligent maintenance methods in contemporary 

agricultural while boosting equipment dependability, 

reducing maintenance costs, and decreasing downtime. 

III. METHODOLOGY 

A. Overall Framework 

 AI with Machine Learning was employed to 

devise a Predictive Upkeep Framework for Farming 

Equipment capable of predicting breakdowns. The 

framework consists of modules that perform a variety of 

tasks. These modules include information gathering, 

preparation, model evaluation, explainability, prediction, 

and machine learning model building. Each plays a role 

in transforming collected data about the equipment’s 

operation,maintenance recommendations that promote 

proactive behaviors. The first step is to collect data on the 

functioning of farm machinery. Air temperature, process 

climate, torque, rotational rate, tool degradation, and 

malfunction state are typical variables connected to 

agricultural machines under consideration. Admins utilize 

the user interface to prepare the gathered data for 

encoding by removing duplicates, treating missing data, 

encoding categorical variables, and normalizing 

numerical data. This improves analysis and increases the 

accuracy and flexibility of predictive models in AI. 

Following data preparation, the resulting set is split into 

training and testing subsets. Using a variety of 

instructional ML techniques,  the failure state of the 

equipment and its operating condition can be predicted 

and linked to specific breakdowns. In order to identify 

particular failure patterns, each algorithm examines prior 
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data on the malfunction state of equipment. The trained 

models are evaluated using classification metrics. The 

framework constantly compares the results of all trained 

models to determine which method has the best prediction 

accuracy. When the machine learning models' performance 

is displayed graphically, it is much simpler to understand 

their relative success.  

An AI module is connected with the specified 

prediction model to provide clear explanations for each 

prediction. In order to help users grasp why a failure has 

been anticipated, explainability methods try to isolate the 

impact of each operational parameter on the expected 

equipment condition. Users will have greater trust in AI-

assisted maintenance choices and the models will be easier 

to understand owing to the produced explanations. 

Lastly, the web software shows maintenance 

recommendations, likelihood ratings, and forecasting 

results using an interactive Django framework interface. 

Thanks to this unified layout, technicians, farmers, and 

maintenance workers can all keep tabs on machinery, 

predict issues before they happen, and plan fixes with ease. 

 

“Fig.1 System Architecture of an XAI” 

B. Model Training Strategy 

Unlike machine learning, the proposed predictive 

maintenance framework starts with a structured approach to 

developing reliable prediction models. The first step is to 

improve the quality of data. Error removal, missing value 

treatment, encoding, dataset normalization, and feature 

selection are some of the processes that fall under this stage. 

In the second step, the dataset should be divided into 

training and testing sets according to the specified ratio to 

assess the proposed model's applicability. Three machine 

learning algorithms, including Random Forest, SVM, and 

Logistic Regression, are trained using the operational data 

of agricultural equipment. The machine learning algorithms 

are trained to establish a relationship between equipment 

failure events and the operating parameters of the machines. 

A wide range of performance metrics is used to 

evaluate the performance of each algorithm. By comparing 

the accuracy of classification and overall performance, the 

best-fitted model can be selected for implementation. The 

most accurate model can be automatically deployed to 

predict the failure of agricultural equipment in real-time 

while reducing the possibility of overfitting and erroneous 

maintenance decisions. The systematic approach to 

predictive maintenance model development can enhance 

the accuracy of the results by reducing the possibility of 

overfitting. 

C. Performance Evaluation Metrics 

The suggested Predictive Maintenance 

Framework is evaluated using the standard machine 

learning performance metrics. These measurements 

ensure that the trained models are able to distinguish 

between equipment malfunctions and regular operation.  

Accuracy: Tracks the total number of creative equipment 

conditions that were accurately defined. 

Precision: The correctness of a failure forecast is defined 

as the percentage of correctly forecasting failures related 

to all failures.  

Recall: How well the model identify real equipment faults 

is assessed by its recall.  

F1-Score: To fairly assess the model's performance, the 

F1-Score utilizes a proportionate mean of the accuracy 

and retention.  

Confusion matrix: The total number of equipment 

conditions that were found properly and incorrectly, 

which is consisting of true positives, false negatives, and 

confusions. 

 By analyzing the machine learning models in 

such in-depth, these testing measures make it easier to 

figure out the most trustworthy algorithm for predictive 

maintenance. By providing interpretable forecasts 

allowing for open and intelligent maintenance decision-

making, Explainable AI further improves the chosen 

model's value. 

IV. RESULTS AND DISCUSSION 

A. Experimental Setup 

To evaluate the ability of predictive maintenance 

to anticipate agricultural machinery malfunction, the 

Predictive Maintenance Framework was implemented. 

Sets of data from agricultural machinery were used for the 

experiment, which included data on air and process 

parameters, rotor speeds and torques, cutting tools’ 

wearing, and machine failures. For training data set 

preparation, remove unwanted data, duplicate values and 

missing values. Categorical Features and Numerical 

Features are encodes and features is performed on the 

training data set. 

Realization has been carried out using Python 

programming language and Django web technology. 

DataFrames were generated for processing, training, 

analysis, and visualization of data with usage of Pandas, 

NumPy, Scikit-learn, and Matplotlib libraries. The data 

was segregated to training and for testing data set in the 

ratio of 80:20 in order to obtain the most relevant results. 

Three Models were processed on information related to 

training set and checked in order to predict maintenance 

and  identify the best algorithm for this task. 

B. Training Performance 

The processed information was utilized in order 

to build machine learning models that could determine a 

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


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 6, June 2026 | ISSN: 2456-4184 | IJNRD.ORG 

  

 

IJNRD2606344 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org)  

 

d384 

relationship between machine failure and equipment 

operating conditions. Each algorithm learned to accurately 

classify equipment situations by identifying patterns in the 

operational data that had been collected in the past. As the 

models learnt from the dataset, the training process showed 

that their prediction ability was continually improving.  

The Random Forest Algorithm Performed well 

than the other models in terms of prediction accuracy 

because of its ability to manage nonlinear interactions and 

avoid overfitting through ensemble learning. Despite both 

Logistic Regression & Support Vector Machine methods 

had reasonable results, Random Forest was revealed to be 

the most successful method when examined against all 

criteria. Agrarian system predictive maintenance apps 

benefit considerably from ensemble learning 

methodologies, based on their training outputs. 

 

“Fig. 2 Model Training Performance of an XAI” 

C. Classification Performance 

To determine the effectiveness of the method, 

which has been developed to differentiate between 

operational state and malfunctioning of the equipment, we 

tested the model's classification accuracy applied to the test 

set. The results achieved confirm that all three algorithms 

are able to classify the states of the equipment very 

effectively. Moreover, Random Forest performs better than 

Logistic Regression and Support Vector Machine. 

From these results we can evalute the proposed 

algorithm classifies the majority of instances. Therefore, it 

can be stated that the proposed approach might be beneficial 

in terms of predicting possible malfunctions and thereby 

reducing the number of mistakes related to maintenance. 

Moreover, by providing an explanation for each projection 

and establishing the relationship between input parameters 

and the output variable, the integration of AI can increase 

the practical applicability of the developed approach. 

Table 1: Machine Learning Model Comparative 

Performance 

 

 

“Fig. 3 Confusion Matrix ” 

D. Comparative Performance Summary 

The favoured predictive maintenance 

framework, which is based on Random Forest, 

outperforms all of the additional algorithms in the 

machine learning comparison. In order to provide very 

precise failure predictions, the algorithm efficiently learns 

complicated associations among operational traits 

associated with equipment. If your data is simple to 

differentiate into linear categories, Logistic Regression is 

your best ; if your dataset is more complicated, Support 

Vector Machine may hold its own in classification. Yet, 

Random Forest's ensemble learning ability and durability 

against noisy input allow it to typically attain greater 

prediction accuracy.  

Transparent explanations for prediction results 

are provided via the addition of  Artificial Intelligence 

approaches, significantly improving the framework. With 

the given explanations, users can recognize the operating 

aspects that lead to equipment failures the most, which 

boosts trust in the forecast outcome and helps with 

proactive upkeep planning. Intelligent predictive 

maintenance is a need in today's agricultural settings, and 

the results of the experiments show that the recommended 

system may reliably, transparently, and correctly forecast 

when equipment fails. 
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V. CONCLUSION 
 

The given framework makes extensive use of 

machine learning and XAI (explainable artificial 

intelligence) to predict possible failures of agricultural 

machinery. The framework uses factors input data which 

include tempareture of the air ,temparature relates to proces, 

speed, and tool wear to predict breakdowns. The proposed 

framework provides an efficient way of analyzing, 

modeling, predicting, and presenting results. 

The experiments performed indicates that the 

Random Forest algorithm was most accurate among the 

tested machine learning algorithms. The algorithm had 

exceptional detection performance and predicted the 

expected results with a high degree of precision. The 

interpretability of the suggested predictions and the 

explanation of the most significant factors contributing to 

breaksdown improve the proposed framework’s 

transparency. Farmers can rely on the results and take 

appropriate maintenance decisions since they understand 

how the algorithm works. 

To conclude, the suggested framework increases 

agricultural production by minimizing irregular 

breakdowns and subsequently reducing maintenance costs 

and downtime. In conclusion, the combination of a 

competent predicting model and an XAI-based approach 

makes the framework trustworthy and appropriate for use 

in mechanized farms. 
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