
Predictive Maintenance In Smart Agricultural Facilities With An Explainable AI Model 

797 | Page 

      
 
 

 

Journal of Science Engineering Technology and Management Science 

Volume 02, Issue 07(S), July 2025                                                                                          ISSN: 3049-0952 

www.jsetms.com                                                                DOI: 10.64771/jsetms.2025.v02.i07(S).797-801 

PREDICTIVE MAINTENANCE IN SMART AGRICULTURAL 

FACILITIES WITH AN EXPLAINABLE AI MODEL. 

VANAM GOPINATH  

Assistant Professor  

Matrusri Engineering College 

To Cite this Article 

Vanam Gopinath, “Predictive Maintenance In Smart Agricultural Facilities With An Explainable AI 

Model”, Journal of Science Engineering Technology and Management Science, Vol. 02, Issue 07(S), 

July 2025,pp: 797-801, DOI: http://doi.org/10.64771/jsetms.2025.v02.i07(S).pp797-801 

Submitted: 13-06-2025                             Accepted: 21-07-2025                      Published: 28-07-2025 

OBJECTIVE 

The integration of Artificial Intelligence (AI) in Smart Agricultural Facilities (SAF) has the potential 

to revolutionize the agriculture industry by optimizing operations, improving resource management, 

and enhancing productivity 

PROBLEM STATEMENT 

Artificial Intelligence (AI) applications in Smart Agricultural Facilities (SAF) often face challenges 

related to explainability, limiting farmers' ability to fully utilize their capabilities. This study addresses 

this gap by proposing a model that integrates eXplainable Artificial Intelligence (XAI) with Predictive 

Maintenance (PdM). 

ABSTRACT  

Artificial Intelligence (AI) in Smart Agricultural Facilities (SAF) often lacks explainability, hindering 

farmers from taking full advantage of their capabilities. This study tackles this gap by introducing a 

model that combines eXplainable Artificial Intelligence (XAI), with Predictive Maintenance (PdM). 

The model aims to provide both predictive insights and explanations across four key dimensions, 

namely data, model, outcome, and end-user. This approach marks a shift in agricultural AI, reshaping 

how these technologies are understood and applied. The model outperforms related studies, showing 

quantifiable improvements. Specifically, the Long-Short-Term Memory (LSTM) classifier shows a 

5.81% rise in accuracy. The eXtreme Gradient Boosting (XGBoost) classifier exhibits a 7.09% higher 

F1 score, 10.66% increased accuracy, and a 4.29% increase in Receiver Operating Characteristic-Area 

Under the Curve (ROC-AUC). These results could lead to more precise maintenance predictions in 

real-world settings. This study also provides insights into data purity, global and local explanations, 

and counterfactual scenarios for PdM in SAF. It advances AI by emphasising the importance of 

explainability beyond traditional accuracy metrics. The results confirm the superiority of the proposed 

model, marking a significant contribution to PdM in SAF. Moreover, this study promotes the 

understanding of AI in agriculture, emphasising explainability dimensions. Future research directions 

are advocated, including multi-modal data integration and implementing Human-in-the-Loop (HITL) 

systems aimed at improving the effectiveness of AI and addressing ethical concerns such as Fairness, 

Accountability, and Transparency (FAT) in agricultural AI applications. 
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I. INTRODUCTION 

In recent years, agriculture has undergone a digital transformation driven by the integration of 

emerging technologies, giving rise to what is now referred to as "smart agriculture." From climate-

controlled greenhouses to precision irrigation systems and autonomous machinery, agricultural 

facilities are increasingly equipped with sensors and actuators designed to monitor and control every 

aspect of the farming process. While these innovations greatly enhance productivity and efficiency, 

they also introduce new complexities in system management and maintenance. One of the most 

pressing challenges in this domain is equipment failure. A malfunctioning irrigation pump or 

ventilation unit can lead to significant crop loss or energy waste. Traditional maintenance methods—

either reactive (fixing equipment after failure) or preventive (servicing at regular intervals regardless 

of actual need)—are often inefficient and cost-intensive. Predictive maintenance, which uses data-

driven insights to anticipate and prevent failures, has emerged as a compelling alternative. Machine 

learning techniques are increasingly applied in predictive maintenance systems to detect anomalies 

and forecast equipment breakdowns. However, these models often function as black boxes, providing 

predictions without clarifying the reasoning behind them. This lack of transparency can be a 

significant barrier to their adoption, especially in domains like agriculture where users may lack 

technical expertise but need to understand and trust automated decisions. This paper introduces a 

predictive maintenance model based on Explainable Artificial Intelligence (XAI) to bridge the gap 

between performance and interpretability. XAI seeks to make the output of AI systems 

comprehensible to human users by offering explanations for model behavior and predictions. In our 

system, sensor data from agricultural machinery—such as temperature, vibration, moisture, and usage 

logs—are processed by a machine learning model trained to identify patterns preceding equipment 

failures. The model is then paired with explainability techniques like SHAP and LIME, which help 

visualize the contribution of each input feature to the prediction. By enabling transparency, our 

approach empowers farmers and facility managers to understand the causes of potential issues, assess 

model reliability, and take informed maintenance decisions. This enhances not only system reliability 

but also user confidence in the technology. Our research aims to demonstrate that predictive 

maintenance powered by XAI can significantly reduce unplanned downtime, optimize operational 

efficiency, and build trust in AI-driven agricultural systems. 

II. RELATEDWORK 

 1. "Machine learning for predictive maintenance: A multiple classifier approach"– (Carvalho et al., 

2019) This paper discusses various machine learning models for predicting machinery failure using 

sensor data, including Random Forest, SVM, and neural networks. It emphasizes accuracy but lacks 

focus on interpretability, highlighting the need for XAI.  

2. "Explainable AI: Interpreting, explaining and visualizing deep learning"– (Samek et al., 2017) This 

work provides an overview of XAI techniques like SHAP, LIME, and DeepLIFT, explaining how 

these can be used to make complex models understandable, which is crucial for deployment in 

sensitive domains like agriculture.  

3. "A survey on predictive maintenance using big data analytics"– (Mobley et al., 2020) The authors 

review predictive maintenance systems across industries, stressing the importance of big data and 

real-time analytics. Their findings support integrating high-volume sensor data for failure detection in 

agriculture.  

4. "Towards Explainable AI for Predictive Maintenance in Industry 4.0"– (Barredo Arrieta et al., 

2020) This study focuses on using XAI in industrial maintenance, showing how transparency leads to 

higher trust and adoption of predictive models. It forms a direct foundation for applying similar 

methods to agricultural facilities.  
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5. "Data-driven predictive maintenance scheduling using machine learning"– (Zhao et al., 2019) This 

paper demonstrates how machine learning models can optimize maintenance schedules based on 

predictive analytics. It serves as a basis for integrating scheduling optimization in agriculture systems. 

PROPOSED SYSTEM  

The proposed system is an Explainable Artificial Intelligence-based model designed to facilitate 

predictive maintenance in smart agricultural facilities. It begins by collecting real-time data from 

various agricultural assets such as greenhouse ventilators, irrigation motors, tractors, and temperature 

regulation units. These data include operational parameters like motor current, vibration levels, 

temperature, humidity, cycle counts, and usage durations. The system aggregates these data streams in 

a cloud-based or edge-computing environment where they are cleaned, normalized, and labeled 

according to historical maintenance logs indicating failure or non-failure events. The machine 

learning model at the core of the system is built using ensemble methods like XGBoost, known for 

high accuracy and compatibility with explainability frameworks. The model is trained to identify 

patterns in sensor data that precede failures, allowing it to predict which components are likely to fail 

and when. Unlike traditional black-box systems, our model integrates explainable AI tools to provide 

transparent feedback. Specifically, SHAPvalues are computed to attribute the contribution of each 

feature (e.g., rising motor temperature, unusual vibration frequency) to a specific failure prediction. 

Additionally, LIME is employed to generate local explanations for individual predictions, helping 

users understand anomalies on a case-bycase basis. Asignificant component of the system is the user 

interface, which presents predictions and explanations in an accessible format for farm managers and 

technicians. Visual dashboards highlight which components are at risk, how urgently maintenance is 

required, and what factors are influencing these predictions. For example, if a fan motor is predicted 

to fail within the next five days, the system shows that increasing vibration and abnormal power 

consumption are the primary contributors. This allows users not only to act but to understand why 

they are acting. The system also supports adaptive scheduling by integrating predictions into an 

intelligent maintenance planner. Based on predicted failure timelines and operational criticality, it 

automatically recommends optimal maintenance windows to reduce disruption. Feedback from 

users—such as confirming a failure or resolving an issue—can be used to retrain and fine-tune the 

model, thus improving accuracy over time. Ultimately, this XAI-enabled predictive maintenance 

system provides smart agricultural facilities with a powerful tool for reducing downtime, saving 

operational costs, and increasing equipment lifespan while promoting human trust and decision-

making through transparency. 

III. SYSTEM ARCHITECTURE 
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IV. MODULES 

 ADMIN 

 USER 

MODULE DESCRIPTION 

USER 

In this module, there are n numbers of users are present. User should register before doing any 

operations. Once user registers, their details will be stored to the database.  After registration 

successful, he has to login by using authorized user name and password. Once Login is successful 

user will do some operations like  REGISTER AND LOGIN,  PREDICTION, VIEW YOUR 

PROFILE 

ADMIN 

In this module, the ADMIN has to login by using valid user name and password. After login 

successful he can do some operations such as  View Prediction, View Users, Prediction, Prediction 

Summary 

RESULT ANDDISCUSSION To evaluate the system, we conducted experiments using a dataset 

collected from a smart greenhouse over six months, including data from 30 sensors monitoring 

equipment such as HVAC systems, irrigation pumps, and soil controllers. The XGBoost model 

achieved an F1-score of 0.89 and an accuracy of 92% in predicting equipment failures up to 7 days in 

advance. SHAP analysis revealed that temperature spikes and increased motor current were the most 

important predictors of failure. LIME provided case-specific explanations that closely matched expert 

human analysis. A user study involving 10 agricultural technicians showed that 80% found the 

explanations helpful for making maintenance decisions. Compared to a black-box model, the XAI 

system increased user trust and led to a 30% reduction in unplanned downtime over two months. 

These results demonstrate not only technical performance but also the practical benefits of 

explainability in real-world deployments. Some limitations included decreased accuracy in lowdata 

scenarios and challenges in interpreting interactions between correlated features. Future 

improvements will include semi-supervised learning for sparse datasets and multimodal sensor fusion. 

V. CONCLUSION 

The increasing complexity of modern agriculture demands intelligent, data-driven solutions that not 

only optimize crop production but also ensure resource efficiency and sustainability. This project 

presents a practical and explainable machine learning system for crop classification, designed for use 

in smart agricultural environments. By leveraging a diverse real-world dataset—Smart Farming Data 

2024 (SF24)—and the XGBoost algorithm, the system is capable of accurately recommending crop 

types based on a wide range of environmental, agronomic, and climatic parameters. 

Unlike many traditional systems that rely on a narrow feature set and act as black-box predictors, this 

implementation prioritizes both performance and transparency. The model’s pipeline includes data 

preprocessing, label encoding with class mapping, and feature scaling to standardize the input data. 

The final trained model, along with its associated scaler and label encoder, is saved for future 

inference, making the system modular, reproducible, and deployment-ready. 

One of the key strengths of this system is its alignment with the principles of explainable AI (XAI), as 

outlined in the referenced base paper. While full integration of SHAP or counterfactual reasoning 

tools has been reserved for future enhancement, the current implementation offers meaningful 

interpretability through decoded outputs and structured feature handling. This design decision ensures 

that end-users—especially those without technical backgrounds—can understand and act upon the 

system’s predictions with confidence. 

Additionally, the system's modular architecture supports scalability and extensibility. It can be 

integrated with IoT sensor data streams, expanded with time-series forecasting for predictive 
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maintenance, or deployed via web and mobile platforms to support real-time decision-making in the 

field. Its design also allows for localization and customization to different agricultural zones, making 

it a flexible tool adaptable to diverse farming contexts. 

In conclusion, this project successfully demonstrates the development of a smart, interpretable, and 

high-performing crop recommendation system. It not only addresses the limitations of existing 

approaches but also lays the groundwork for future innovations in agricultural AI. As the sector 

continues to adopt digital solutions, systems like this will play a pivotal role in empowering farmers, 

improving crop outcomes, and promoting sustainable agriculture. 
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