

  information-16-00737




information-16-00737







Information 2025, 16(9), 737; doi:10.3390/info16090737




Article



Integrating AI and IoT for Predictive Maintenance in Industry 4.0 Manufacturing Environments: A Practical Approach



Rajnish Rakholia *, Andrés L. Suárez-Cetrulo, Manokamna Singh and Ricardo Simón Carbajo





Ireland’s Centre for Artificial Intelligence (CeADAR), School of Computer Science, University College Dublin (UCD), Belfield, D04 V2N9 Dublin, Ireland;









*



Correspondence: rajnish.rakholia@ucd.ie







Citation: Rakholia, R.; Suárez-Cetrulo, A.L.; Singh, M.; Carbajo, R.S. Integrating AI and IoT for Predictive Maintenance in Industry 4.0 Manufacturing Environments: A Practical Approach. Information 2025, 16, 737. https://doi.org/10.3390/info16090737



Academic Editor: Enrico Denti



Received: 28 July 2025 / Revised: 23 August 2025 / Accepted: 25 August 2025 / Published: 26 August 2025



Abstract


Predictive maintenance is a crucial component of smart manufacturing in Industry 4.0, utilizing data from IoT sensor networks and machine learning algorithms to predict equipment failures before they happen. This proactive approach enables timely maintenance of equipment and machinery, reducing unplanned downtime, extending equipment lifespan, and enhancing overall system reliability, ultimately leading to more efficient and cost-effective operations. Conventional machinery and equipment maintenance approaches often rely on periodic manual inspections, human observations, and monitoring, which can be time-consuming, inefficient, and resource-intensive. Therefore, implementing automation through predictive models based on IoT and machine learning techniques is crucial for optimizing the maintenance of machinery and equipment. This paper aims to leverage machine learning techniques to develop predictive maintenance models, including electric motor temperature and vibration prediction, using data from established sensor networks and production data from ERP systems. The models are designed to predict potential issues within the next ten minutes, such as whether temperature or vibration levels will exceed predefined thresholds.
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1. Introduction


Predictive maintenance is a crucial component of modern manufacturing, especially in industries with high operational demands, such as food processing. The sausage production process in the studied facility follows a structured sequence of stages, beginning with meat cutting and progressing through blending, stuffing, fermentation, drying, chilling, slicing, and final packaging. At each stage, supervisory control and data acquisition (SCADA) systems and enterprise resource planning (ERP) systems capture complementary process and production information, while additional sensors (e.g., temperature and vibration) monitor equipment conditions in real time. Figure 1 provides a schematic overview of the production line, highlighting both the physical stages of product transformation and the integration points where sensor and production data are collected. This setup forms the foundation for the proposed predictive maintenance framework, where machine learning models leverage the fused sensor and ERP data to anticipate equipment anomalies and ensure continuity of production.



Each stage relies on different types of equipment and machinery to ensure efficient processing. Maintaining this equipment effectively is essential to prevent disruptions and ensure smooth operations. Traditional maintenance methods, which rely on periodic inspections, manual observations, and scheduled servicing, often lead to unnecessary downtime. Equipment is inspected at fixed intervals regardless of its actual condition, resulting in excessive downtime and overlooked issues that may escalate into critical failures.



Sudden equipment failures can result in substantial financial losses, production shutdowns, operational disruptions, compromised product quality, and increased waste. Studies [1] have shown that unplanned downtime can impose significant costs on industries, underscoring the need for a more data-driven and predictive approach to maintenance. Additionally, periodic maintenance is inefficient and resource-intensive, requiring significant staffing and time. Therefore, implementing an automated solution using emerging technologies for real-time equipment monitoring has become a necessity to overcome the limitations of traditional maintenance.



In recent years, the integration of IoT-based sensor networks and machine learning algorithms into manufacturing practices and Industry 4.0 applications has gained significant attention due to their potential to enhance automation, efficiency, and real-time decision-making [2,3,4,5]. These technologies enable predictive maintenance, process optimization, and intelligent monitoring, making industrial operations more adaptive and data-driven. Additionally, researchers have conducted critical, systematic, and comprehensive reviews on machine learning and IoT-based solutions for smart manufacturing [6,7,8,9,10]. These studies provide an in-depth overview of how these technologies are integrated into industrial applications, highlighting key advancements, challenges, and future directions.



The IoT sensors play a crucial role in collecting real-time data on various equipment and machinery components, such as electric motor temperature and vibration levels. When combined with production data, which contains information about the total quantity being processed on the equipment, these datasets provide a more comprehensive understanding of equipment performance and operational conditions.



Machine learning is central to predictive maintenance, as it can analyze vast amounts of data generated by IoT sensors and ERP systems. By leveraging historical data, machine learning algorithms can identify patterns and detect anomalies that indicate potential failures. This predictive capability allows for timely maintenance interventions, reducing downtime and enhancing operational efficiency.



Numerous studies have explored the application of machine learning for predictive maintenance in manufacturing settings. For instance, Ayvaz and Alpay (2021) [11] utilized tree-based ensemble algorithms for predictive tasks, while Jaramillo-Alcazar et al. (2023) [12] focused on anomaly detection in a smart industrial machinery plant using IoT and machine learning. Hassoun et al. (2023) [13] reviewed the impact of the fourth industrial revolution on the food industry.



However, existing reviews indicate a significant research gap; there is limited research on predictive maintenance in the food manufacturing sector. This gap may be attributed to the complexity of implementing predictive maintenance and the unavailability of synchronized real-time and production data in food manufacturing environments. To better understand this gap, it is important to recognize the unique characteristics of the food industry that set it apart from other domains. In contrast to sectors such as automotive or energy, what distinguishes food manufacturing equipment maintenance is the combination of strict hygiene and safety requirements, continuous high-throughput operations, and exposure to variable loads and high-moisture conditions. These factors make equipment more vulnerable to wear and contamination, while even minor deviations can compromise product quality and regulatory compliance. Consequently, predictive maintenance in food environments must be both responsive and adaptable, yet remains underexplored compared to other industrial domains.



Some studies have highlighted the opportunities for applying machine learning in machinery maintenance within the food industry. Kumar et al. (2021) [14] explored AI and ML opportunities in the food sector, emphasizing that while applications are promising, research in this area remains limited. Similarly, Zatsu et al. (2024) [15] reviewed the use of AI and ML in food manufacturing and noted a wide scope for further exploration, particularly in predictive maintenance. Konur et al. (2023) [16] examined the design and implementation of Industry 4.0 in food manufacturing, stressing the importance of digital transformation but also pointing out that practical, domain-specific maintenance applications are still underdeveloped. Collectively, these studies highlight significant opportunities but also reveal a clear research gap, which provides the motivation for our study to develop and validate an AI-driven predictive maintenance framework tailored for food manufacturing environments.



Moreover, Khan et al. (2022) [17] provided a state-of-the-art review of machine learning-based modeling in food processing applications. Their analysis highlighted significant progress in areas like quality prediction and process optimization, but pointed out that equipment-level predictive maintenance has received little attention. This reinforces the notion that maintenance-focused applications in the food sector remain underexplored.



Despite these advancements, research on predictive maintenance in food manufacturing remains scarce, highlighting the need for further exploration in this domain.




2. Data and Methodology


This section provides a detailed overview of the data collection process, the steps involved in data preprocessing, and the methodology used for model development. The data collection phase includes gathering information from multiple sources, ensuring data quality, and integrating various datasets for comprehensive analysis. The preprocessing stage involves cleaning, transforming, and structuring the raw data to enhance its usability for machine learning applications. Finally, the model development phase focuses on selecting appropriate machine learning techniques, training the models, and evaluating their performance to derive meaningful insights and predictions.



2.1. Data and Preprocessing


In this research, data were collected from two different sources. The first source was the SCADA system established by our project partner, which gathered data from an IoT-based sensor network. This dataset included real-time measurements of the electric motor’s surface temperature and vibration data along the x-axis and z-axis. The SCADA system recorded data at five-second intervals, ensuring a continuous stream of information for analysis.



The second data source was the ERP (Enterprise Resource Planning) system, which provides information about the production process, including details on batches and the total quantity being processed. Additionally, the ERP system linked this information to the corresponding SCADA tags installed on the equipment, enabling a comprehensive analysis of machine performance with production activities.



The dataset used in this study was collected over 11 months, from March 2023 to January 2024, resulting in a total of 39,470 records sampled at 10 min intervals. Vibration data were captured during the blending stage, which operates in conjunction with the cutting process. Accordingly, vibration sensors were installed on the mincer (cutting) and blending equipment, while temperature sensors were specifically deployed on the blending stage. This setup reflects the critical points of mechanical stress and thermal variation in the production line, ensuring that the data captured are directly representative of equipment health and operational conditions.



The data processing pipeline, which outlines the sequence of steps involved in collecting, integrating, and transforming data, is illustrated in Figure 2.



2.1.1. SCADA Data Retrieval and Handling Missing Data


All SCADA data was retrieved from the IoT-based sensor network. This data may contain missing values due to various reasons, such as sensor maintenance, routing service failures, unexpected faults, or timestamp mismatch between ERP and SCADA. Handling missing data is crucial to ensure a reliable and impactful model.



For short gaps in missing data, we used the feed-forward filling method by propagating the last valid recorded value forward, as the data is sampled every 5 s, and short gaps have minimal impact. However, for larger gaps, we used the rolling mean method to fill in missing values, ensuring data consistency while maintaining the underlying trends.




2.1.2. Outlier Detection and Error Handling


After handling missing data, we applied different techniques to identify and remove outliers. We used graphical representations, such as box plots, along with the K-Nearest Neighbors (KNN) method for anomaly detection. Outliers were removed based on predefined threshold values to prevent skewed model performance.



For ERP data, missing values were not present. However, errors might occur due to the manual entry of production information. Such inconsistencies were carefully handled to improve data quality and ensure the robustness of the model.




2.1.3. Data Transformation and Feature Engineering


To ensure uniformity across all features and reduce bias in the machine learning model, we performed data transformation. Features were normalized using techniques such as Min-Max scaling (Equation (1)) to ensure all variables were on a common scale where necessary:


    x   scaled   =    x −   x   min       x   max   −   x   min       



(1)







Finally, feature engineering was conducted to construct new meaningful features that enhance the model’s predictive performance. The primary input features include motor temperature, x-axis vibration, and z-axis vibration, as these variables are closely tied to motor health and performance. Abnormal patterns in motor temperature and vibration often serve as early indicators of potential mechanical failures. Additionally, temporal features such as the hour of the day, weekday, and a weekend indicator (isWeekend) are incorporated to account for cyclical and operational patterns, as motor behavior can vary based on the time of day or day of the week.



To further improve the model’s predictive power, additional features are constructed from the raw data, including statistical measures like moving averages and rolling window statistics (e.g., mean). These features capture both short-term fluctuations and long-term trends that may not be evident from the raw data alone. Moreover, the quantity of the product being processed is included as a critical feature, as variations in product quantity can affect the motor’s load and performance. The inclusion of this feature, along with the other sensor-based and temporal variables, enables the model to better understand the complex relationships between operational conditions and motor health. Table 1 lists the input variables used for each model.



As shown in Table 1, the model incorporates multiple input variables, and their relevance to each prediction output (temperature, x-axis vibration, and z-axis vibration) is explicitly reviewed using Y/N relationships. This structure highlights how different features contribute to specific outputs, ensuring transparency in the model design and clarifying the input–output dependencies for predictive maintenance in food manufacturing.





2.2. Methodology


Model Selection and End-to-End Pipeline


The ensemble learning algorithm XGBoost [18] was selected as the primary model for this study due to its strong performance in handling structured time series data, particularly when historical records are limited, a common challenge in industrial environments. While neural network models such as LSTM and GRU are effective at learning temporal dependencies, they typically require large datasets to prevent overfitting, which was not feasible in this case due to data constraints.



In the model selection phase, a range of candidate machine learning algorithms was considered to ensure robustness of the framework. Classical probabilistic models such as Naïve Bayes were evaluated but found to be less suitable, as they assume feature independence, which does not hold in complex sensor-based industrial datasets where variables are often correlated. Similarly, Support Vector Machines (SVMs) and logistic regression were tested; while they provide good interpretability, they struggled to capture nonlinear interactions across multiple features without extensive feature engineering. Random Forest was also assessed (Supplementary Materials, Table S1), offering good robustness and interpretability; however, its performance was slightly lower compared to XGBoost.



On the deep learning side, Artificial Neural Networks (ANNs) were explored as a baseline, but they exhibited slower convergence and required more tuning to avoid overfitting. Advanced recurrent models, such as LSTM and GRU, were also considered for their ability to capture temporal dependencies; however, the limited dataset size restricted their generalization capability, leading to unstable predictions.



In contrast, XGBoost, with its ensemble of gradient-boosted decision trees and built-in regularization techniques, offers strong generalization capabilities and performs well even with smaller datasets, making it especially suitable for predictive maintenance applications. Beyond its predictive power, XGBoost also provides practical advantages that align well with the operational demands of industrial settings. Collectively, these strengths made XGBoost the most practical and effective choice for the predictive maintenance framework developed in this study.



Building on this choice of model, the novelty of our work lies not in the algorithms themselves but in how they are applied and adapted to the food manufacturing domain. Although this study builds on widely used methods like XGBoost and standard feature engineering, its novelty comes from applying them in a real industrial food manufacturing setting, where predictive maintenance has rarely been explored. We integrate sensor data with ERP production records and use a sliding-window validation strategy to reflect actual operating conditions, which together provide a more realistic and practical framework. In doing so, the work goes beyond method reuse and shows how these tools can be adapted to the unique challenges of food production, making it one of the first concrete demonstrations of predictive maintenance in this domain.



With this foundation established, we then focused on refining the feature design to maximize predictive performance. Specifically, we utilized both past and future covariates during model development. For past covariates, complete historical data were available for all features, as they represent recent but recorded values. Consequently, all past covariates were incorporated for temperature prediction. However, for x-axis and z-axis vibration predictions, we deliberately excluded rolling and moving average features. This decision stemmed from the observation that vibration patterns tend to change abruptly with variations in machine load, rather than gradually over time. Since the dataset was collected at a 10 min frequency, smoothing techniques like rolling averages were not impactful and thus were not included for these targets.



To further improve model performance, we incorporated future covariates, which are variables whose values are known ahead of time and are therefore safe to use at prediction time without causing data leakage. These include time-based features such as the hour of the day, day of the week, and weekend indicators, which follow a deterministic pattern and can be reliably generated for future timestamps. The complete list of input variables for each model, including the applicable future covariates, is summarized in Table 1.



To provide a clearer understanding of the overall process, Figure 3 presents the complete model development workflow. It begins with the collection of ERP and SCADA data, followed by data preprocessing and feature engineering. The refined data is then used to train the model, which is subsequently validated using real-time data. Finally, the deployed model is integrated into a dashboard, enabling continuous monitoring and actionable insights.



To enable practical use, the developed model was deployed on an on-premises infrastructure, ensuring data security and compliance with the operational requirements of the food manufacturing facility. The trained model was exposed through a lightweight REST API, which acted as the central interface for integration with existing systems. This API was then connected to a user-friendly monitoring dashboard to support daily operations. The overall setup provided a robust and low-latency deployment workflow that operated reliably within factory network constraints, while also providing flexibility for future extensions to hybrid or cloud-based solutions.



Table 2 describes the list of hyperparameters used for model training, along with the range of values considered during model development. We utilized the random search technique for hyperparameter tuning to identify the optimal values for each parameter.





2.3. Performance Evaluation


Standard statistical metrics were utilized to evaluate the performance of the predictive maintenance models developed for the food manufacturing environment. The focus is on forecasting critical indicators such as electric motor temperature and vibration levels. For this purpose, Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the correlation were employed.



Let   ŷ ᵢ   denote the predicted value and yᵢ the actual observed value of the monitored parameter (e.g., temperature or vibration) for the   i ᵗ ʰ   instance, where i = 1, 2, …,   n  , and   n   is the number of samples in the test dataset.



The evaluation metrics are defined as follows:


  R M S E   ( y ,   y  ^  ) =      ∑  i = 1   n    (   y   i   −     y   l    ^    )   2       n     



(2)






  M A E   y ,     y   l    ^    =    1   n      ∑  i = 0   n − 1        y   i   −     y   l    ^       



(3)






  M A P E ( y ,   y  ^  ) =    1   n      ∑  i = 1   n       |   y   i   −     y   l    ^  |   m a x ( ϵ , |   y   i   | )       



(4)




where ε is a small constant introduced to avoid division by zero in cases where yᵢ equals zero.



These metrics provide a comprehensive assessment of prediction accuracy by quantifying both the magnitude and percentage of errors, as well as the degree of correlation between the predicted and actual values.





3. Results and Discussion


The proposed prediction models for electric motor temperature and vibration (x-axis and z-axis) were developed using the same underlying algorithmic framework but with distinct input feature sets tailored to each target variable. The input features incorporated into the models include: motor temperature, x-axis vibration, z-axis vibration, hour of the day, weekday, and a weekend indicator (isWeekend). These features were selected based on their relevance to operational conditions and their influence on machine behavior during production.



The time-series data was resampled and structured at a frequency of 10 min (10T). This interval was selected to allow the model to perform predictions at regular intervals throughout the day, enabling near-real-time anomaly detection. The selection of a ten-minute prediction horizon was driven primarily by operational requirements rather than purely technical considerations. In industrial practice, exceeding temperature or vibration thresholds does not typically result in an immediate motor failure; instead, it signals an early-stage anomaly that may progress over the course of several hours. The manufacturing unit required a short-term predictive window that would provide timely alerts while still allowing operators adequate time to intervene, such as by adjusting operating conditions, scheduling inspections, or preparing for controlled downtime. Through consultation with plant engineers, a ten-minute horizon was identified as the optimal balance between responsiveness and practicality. It is short enough to detect emerging deviations before they escalate, yet long enough to support informed decision-making and avoid unnecessary false alarms. This horizon, therefore, aligns closely with real-world operational needs and enhances the applicability of the predictive maintenance framework in practice.



At each 10 min step, the models predict the values of temperature and vibration. These predicted values are then compared against predefined threshold limits. If any predicted value exceeds its threshold, an alert is triggered and displayed on the monitoring dashboard where the models are deployed. This alerting mechanism forms a critical part of our predictive maintenance system, helping operators intervene before potential machine failures.



Inclusion of the weekend feature proved to be particularly significant. It was observed that production intensity tends to be lower on weekends compared to weekdays. Similarly, during night shifts, operational load often decreases in comparison to daytime production. These temporal variations affect machine stress levels, which in turn influence temperature and vibration patterns. By accounting for such fluctuations, the model’s predictive accuracy is notably enhanced.



For the temperature prediction model, we use the past values of vibration (both x and z axes) as important input features, specifically incorporating 12-time lags (i.e., the last 2 h of data at 10 min intervals). This lag structure is based on the understanding that vibrations typically react instantly to changes in production load or mechanical strain, whereas temperature changes occur more gradually. For example, when the production volume increases suddenly, vibrations spike immediately due to increased mechanical movement, while the motor temperature rises more slowly due to thermal inertia. This observed behavior highlights the correlation and interplay between vibration and temperature signals, which the model learns to leverage.



During model training, temperature serves as the target variable, while all other features, both current and lagged, act as independent variables. Similarly, for the vibration prediction models (x-axis or z-axis), the respective vibration signal is treated as the target variable, and the remaining features are used as inputs. In all models, historical lagged data is incorporated not only for the target variable but also for other relevant features, ensuring that temporal dependencies and patterns are effectively captured.



The use of lagged time-series features, contextual variables like time and weekend indicators, and multivariate input structures has contributed to robust model performance. The models demonstrate an ability to predict critical machine parameters accurately and provide actionable insights for predictive maintenance.



Figure 4 illustrates the impact of progressively enriching the feature set on model performance. The baseline model (B0), which relies only on current values, achieved moderate correlations across temperature and vibration predictions. Incorporating lagged features (B1) improved all metrics, reflecting the importance of temporal dependencies in equipment behavior. Adding contextual variables such as time-of-day and weekend indicators (B2) further enhanced prediction accuracy, particularly for temperature forecasting. Finally, the multivariate input structure combining temperature, vibration, and load (B3) delivered the highest correlations, reaching 0.97 for temperature and notable gains for vibration predictions.



These consistent improvements confirm that lagged time-series properties, contextual information, and multivariate inputs substantially strengthen predictive performance and provide more reliable insights for maintenance decision-making.



During the maintenance phase of the IoT-based sensor network, several sensors were not functioning, which resulted in a substantial data gap over a few months. This continuous missing data had to be excluded from the analysis and model development, as it disrupted the continuity required for training and testing the predictive models. Due to this discontinuity, using the full dataset in a single pass was not feasible for model training and evaluation. To overcome this challenge, a sliding window approach was implemented. In each sliding window, ninety percent of three months of continuous data was used for training the model, while the remaining ten percent was allocated for testing. Despite the incomplete dataset, this method allowed the model to be trained and validated on temporally coherent data. After the entire sliding window cycle, the performance results from each window were aggregated to assess the overall accuracy of the predictive models. The motor temperature prediction model demonstrated strong performance.



The aggregated results showed an RMSE of 2.04, a correlation coefficient of 0.973, an MAPE of 0.09, and an MAE of 0.669. These results indicate a high level of prediction accuracy and consistency, suggesting that the model is well-suited for deployment in a real-time monitoring system. Figure 5 presents a graph comparing the actual and predicted temperature values, providing a clear visual representation of how closely the model replicates real-world sensor data.



In addition, Figure 6 provides a scatter plot of actual versus predicted values, which helps to illustrate the distribution of prediction errors and the alignment of predictions along the regression line. The motor temperature model achieved high accuracy largely because motor temperature typically changes gradually and predictably. Furthermore, the model benefited significantly from the use of lagged temperature values as input features, since past temperature readings strongly influence future trends. The inclusion of vibration data also contributed to performance by providing additional insight into operational conditions.



In contrast, the performance of the vibration models was comparatively lower. For the x-axis vibration predictions, the model achieved an RMSE of 6.06, a correlation coefficient of 0.78, a MAPE of 0.21, and a MAE of 4.01. For the z-axis vibration, the results were slightly lower, with an RMSE of 6.89, a correlation coefficient of 0.75, a MAPE of 0.28, and a MAE of 4.63. These values indicate moderate predictive capability, but the overall accuracy is lower compared to the motor temperature model. The primary reason for this reduced performance appears to be the absence of contextual data regarding which product is being processed on the production line at any given time.



Figure 7 shows scatter plots of actual versus predicted values for (A) x-axis vibration and (B) z-axis vibration, while Figure 8 illustrates the time-series comparison between actual and predicted signals for (A) x-axis vibration and (B) z-axis vibration.



Vibration patterns are not only influenced by the machine’s operational conditions but also by the physical characteristics of the product being handled. Different products generate different mechanical responses based on their structural properties and processing behavior. For example, soft or lightweight products may pass through the machinery smoothly, whereas harder or bulkier products may exert more force, leading to increased or irregular vibrations. Additionally, the quantity of product being processed can impact the machine’s load, which in turn affects vibration levels. Unfortunately, in the current dataset, there was no recorded information specifying the type and composition of products being processed at specific times. This lack of metadata limited the model’s ability to capture the full variability in the vibration signals.



To improve vibration model accuracy, future work should incorporate production metadata such as product name, product type, and material properties aligned with sensor data using accurate timestamps. Incorporating this additional context would allow the model to better account for the underlying causes of vibration variations and significantly improve its predictive performance.




4. Conclusions


This study explores the application of predictive maintenance in the food manufacturing industry through the development of machine learning models and the deployment of a real-time IoT-based sensor network. The sensor network was designed to monitor critical parameters such as electric motor temperature and machine vibrations along the X and Z axes. Using the collected sensor data, we developed three predictive models employing ensemble machine learning techniques to forecast motor temperature and vibration levels.



The temperature prediction model achieved high accuracy, demonstrating strong potential for real-world deployment in live manufacturing settings. This model can serve as a proof of concept for anticipating electric motor failures, offering a proactive approach to maintenance. It aims to deliver timely, data-driven insights that enable machine operators to take immediate corrective actions, thereby reducing the risk of unexpected equipment failures and minimizing production downtime.



While the vibration prediction models showed relatively lower accuracy, this was largely attributed to the absence of contextual production data, such as product types and quantities passing through the line, which likely influence vibration patterns. Incorporating such production-related variables in future studies could significantly enhance the accuracy of these models. This research lays the groundwork for scalable predictive maintenance strategies, not only in food manufacturing but also across other industries that rely on electric motors. By adjusting the input variables to suit different operational contexts, the framework developed here can be adapted and expanded to a wide range of industrial applications.
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Figure 1. Schematic representation of the sausage production line showing major equipment, sensor integration points (SCADA, ERP, temperature), and the predictive maintenance application. 
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Figure 2. Data Preprocessing. 
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Figure 3. Model Development end-to-end pipeline. 
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Figure 4. Impact of progressively adding lagged features, contextual variables, and multivariate inputs on overall model performance. 
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Figure 5. Actual vs. Predicted motor temperatures over time. 
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Figure 6. Actual vs. Predicted motor temperature relationship. 
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Figure 7. Actual vs. predicted vibration relationships: (A) x-axis vibration and (B) z-axis vibration. 
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Figure 8. Actual vs. predicted vibration signals: (A) x-axis vibration and (B) z-axis vibration over time. 
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Table 1. Model inputs and their relationships with prediction outputs.






Table 1. Model inputs and their relationships with prediction outputs.





	Variable Name
	Description
	Temperature Prediction (Output 1)
	x-Axis Vibration Prediction (Output 2)
	z-Axis Vibration Prediction (Output 3)
	Used as Future Covariate





	motor_temperature
	The temperature of the motor, indicating potential overheating or malfunction.
	Y
	Y
	Y
	N



	x_axis_vibrations
	Vibration measurement along the x-axis, reflecting mechanical stability.
	Y
	Y
	Y
	N



	z_axis_vibrations
	Vibration measurement along the z-axis, used to detect motor imbalances.
	Y
	Y
	Y
	N



	temp_rolling_mean
	The simple rolling mean of motor_temperature computed over a fixed window that shifts incrementally.
	Y
	N
	N
	N



	temp_ema
	The Exponential Moving Average of motor temperature, giving more weight to recent data points.
	Y
	N
	N
	N



	hour
	The hour of the day, used to capture time-dependent behavior of the system.
	Y
	Y
	Y
	Y



	weekday
	The day of the week, indicating potential variations in motor behavior by day.
	Y
	Y
	Y
	Y



	is_weekend
	A binary indicator showing whether the data point falls on a weekend (True/False).
	Y
	Y
	Y
	Y



	total_product

_quantity
	The quantity of products being processed, which affects motor load and performance.
	Y
	Y
	Y
	N










 





Table 2. Hyperparameters used for model training.
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	Parameter
	Description
	Value





	booster
	Indicates the algorithm used to build decision trees during training.
	‘gbtree’



	alpha
	Controls L1 regularization on weights, helping to reduce model overfitting.
	1–2



	gamma
	Threshold for minimum loss reduction before a split is made, promoting tree simplicity.
	0.3–0.4



	n_estimators
	Total number of boosting iterations or trees generated during model training.
	800–1000



	colsample_bytree
	Ratio of features randomly selected for each tree, enhancing model diversity.
	0.4–0.6



	min_child_weight
	Minimum required sum of instance weight (hessian) in a node, regulating model complexity.
	4–6



	max_depth
	Upper limit on tree depth, used to control overfitting and enhance generalization.
	4–6



	learning_rate
	Controls how quickly the model adapts by scaling the weight updates.
	0.09–0.15



	Objective
	Defines the learning task along with the associated loss function to optimize.
	‘poission’



	eval_metric
	Performance indicator used to monitor model training progress and quality.
	‘rmse’



	num_leaves
	Sets the maximum number of terminal nodes per tree to manage complexity vs. accuracy.
	21–25
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