
 

International Journal of Advanced Computing and Mechanical Systems (IJACM) 

E-ISSN No.: xxxx-xxxx                                                                              www.ijacm.com 

Volume Number: 1         Issue Number: 1           pp: 16- 22       Publication Month: Dec-2025      

 

 16 
 

Prognostic Maintenance Modeling in Resource-Constrained Wireless 

Sensor Architectures 

Sathish Kumar M1, Avinash P1,*, Rajitha E2 

1Assistant Professor, Department of ECE, Thandra Paparaya Institute of science & Technology, Vizianagaram, Andhra Pradesh, 

India 
2Associate Professor, Department of CSE, Thandra Paparaya Institute of science & Technology, Vizianagaram, Andhra Pradesh, 

India 

*Corresponding Author Email: avinashpm@gmail.com 

  

 

ABSTRACT 

Predictive maintenance has become an essential approach for improving the operational effectiveness 

of Wireless Sensor Networks (WSNs) used in a wide range of industrial domains. This paper 

investigates the application of machine learning (ML) techniques to strengthen predictive maintenance 

processes in WSNs. By utilizing the large volumes of data produced by sensor nodes, ML models can 

forecast potential system failures, optimize maintenance planning, and lower overall operational 

expenses. This study examines multiple ML algorithms, including Linear Regression, Decision Trees, 

Neural Networks, and Support Vector Machines, evaluating their performance in predicting 

maintenance requirements. The methodology involves data acquisition from real-world WSN 

deployments, feature selection, model training, and evaluation using accuracy, precision, recall, and F1-

score metrics. The results demonstrate that Neural Networks and Support Vector Machines achieve 

higher predictive accuracy and reliability compared to other methods. These findings highlight the 

effectiveness of ML-based predictive maintenance in improving the durability and efficiency of WSNs. 

The study further indicates that adopting advanced ML solutions can lead to more robust and efficient 

sensor networks, supporting the objectives of Industry 4.0 and the Internet of Things (IoT).  

Keywords: Machine learning, Predictive maintenance, Wireless sensor networks, Support Vector 

machines, Neural networks, Decision trees 

I. INTRODUCTION 

Wireless Sensor Networks (WSNs) play a crucial role in numerous industrial applications, including 

environmental surveillance, healthcare systems, smart manufacturing, and infrastructure monitoring. 

These networks are composed of geographically distributed sensor nodes that collect, process, and 

transmit data to centralized systems for analysis and decision-making. The widespread adoption of 

WSNs is driven by advancements in wireless communication technologies, sensor miniaturization, and 

the increasing demand for real-time data monitoring and analysis [1]. Despite their benefits, ensuring 

the reliability and long-term performance of WSNs remains challenging. Conventional maintenance 

strategies such as reactive maintenance, which responds to failures after they occur, and preventive 

maintenance, which schedules servicing at fixed intervals often fail to maximize resource utilization 

and minimize downtime [2]. These approaches can result in higher operational costs, unforeseen 

breakdowns, and inefficient maintenance planning. 
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Predictive maintenance (PdM) provides a more advanced alternative by employing data-driven 

techniques to predict failures before they happen. By analyzing both historical and real-time sensor 

data, PdM enables proactive maintenance planning, improving system reliability while reducing costs. 

The incorporation of machine learning (ML) into PdM has further enhanced maintenance strategies by 

enabling more accurate and adaptive predictions based on complex data patterns [5].  

Machine learning algorithms are particularly well-suited for predictive maintenance in WSNs 

due to their ability to manage large datasets and identify hidden relationships within data. These 

models can process varied data types, including sensor measurements, environmental variables, and 

operational parameters, to detect early signs of potential failures. Their adaptive learning capabilities 

allow maintenance strategies to remain effective under changing operating conditions. This paper 

explores the use of multiple ML algorithms for predictive maintenance in WSNs, focusing on Linear 

Regression, Decision Trees, Neural Networks, and Support Vector Machines. A structured evaluation 

framework involving data collection, feature selection, model training, and performance assessment is 

employed to identify the most effective algorithms. The outcomes of this study offer valuable insights 

for industries that rely on WSNs, contributing to more resilient, efficient, and cost-effective 

maintenance solutions [7]. 

Wireless Sensor Networks consist of numerous sensor nodes that communicate wirelessly to 

observe and report physical or environmental parameters [8]. Each node typically includes sensing, 

processing, communication, and power components. These networks are deployed in environments 

where wired connections are impractical, offering scalability and flexibility for applications such as 

agriculture, smart cities, industrial automation, and healthcare. WSN operation involves data 

acquisition, aggregation, and transmission to a central base station for analysis. Network performance 

depends heavily on efficient data handling, energy management, and reliable communication protocols. 

However, maintaining WSNs is complex due to their distributed structure and limited energy resources. 

Challenges such as node failures, communication breakdowns, and data inconsistencies can 

significantly degrade network performance and lifespan. 

Predictive maintenance mitigates these challenges by continuously monitoring sensor data to 

anticipate failures. Unlike reactive or preventive approaches, PdM focuses on predicting equipment 

condition and performance in advance. Its main objectives include minimizing unplanned downtime, 

optimizing maintenance schedules, and extending component lifespans. Achieving these goals requires 

advanced data analytics capable of processing large and heterogeneous datasets generated by WSNs 

[9]. Machine learning provides powerful analytical tools for PdM by enabling the discovery of 

meaningful patterns within complex datasets. ML models can identify degradation indicators, forecas t 

failure points, and recommend maintenance actions. Their adaptability ensures sustained performance 

and accuracy in dynamic environments. 

The convergence of ML and PdM represents a major advancement in WSN management. By 

shifting from traditional maintenance strategies to intelligent, data-driven approaches, organizations 

can improve operational efficiency and reduce costs. This integration is particularly significant within 

the context of Industry 4.0 and IoT, where interconnected systems generate massive amounts of data 

requiring sophisticated analytical techniques.  
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II. LITERATURE REVIEW 

The use of machine learning for predictive maintenance in Wireless Sensor Networks has received 

increasing attention in recent years, reflecting its potential to transform maintenance methodologies. 

Numerous studies have investigated different ML algorithms and assessed their effectiveness in 

predicting equipment failures and optimizing maintenance schedules [3]. 

Jardine et al. [4] provided one of the earliest comprehensive reviews of predictive maintenance 

technologies, emphasizing the importance of data analytics in modern maintenance strategies. Their 

work highlighted the shortcomings of traditional maintenance methods and demonstrated how ML-

based approaches enable data-driven decision-making [6]. 

Subsequent studies have focused on specific ML techniques. Zhang et al. [5] examined the 

application of Support Vector Machines (SVMs) for predicting machinery failures in manufacturing 

environments. Their results showed that SVMs outperform traditional statistical approaches due to 

their ability to handle high-dimensional data and nonlinear relationships [7]. Neural networks have 

also been widely explored for predictive maintenance applications. Li et al. [7] demonstrated that deep 

learning models effectively process large-scale sensor datasets, capturing complex interdependencies 

among sensor variables and improving prediction accuracy [8]. 

Decision Trees and ensemble methods such as Random Forests have been valued for their 

interpretability and ease of deployment. Huang and Ling [9] showed that Decision Trees can efficiently 

classify equipment states and predict failures using sensor data, making them suitable for real-time 

applications. Linear Regression, although simpler than other ML methods, has been applied due to its 

transparency and computational efficiency. Kumar and Bhardwaj [10] used Linear Regression to model 

relationships between sensor indicators and equipment health, noting its usefulness for baseline 

analysis despite limitations in capturing nonlinear behavior [9]. Despite these advancements, existing 

research often lacks comprehensive comparative evaluations of multiple ML algorithms in diverse WSN 

environments. Additionally, hybrid and integrated ML approaches remain underexplored. This study 

addresses these gaps by conducting a comparative analysis of Linear Regression, Decision Trees, 

Neural Networks, and Support Vector Machines using real-world WSN data. The objective is to provide 

clear insights into algorithm performance and support informed decision-making for ML-based 

predictive maintenance.  

III. CASE AND METHODOLOGY  

The research methodology consists of several key stages: data collection, preprocessing, feature 

selection, model training, and performance evaluation. Each phase is carefully designed to ensure 

reliability and validity (Fig. 1). 

3.1 Data Collection 

Data were obtained from an operational Wireless Sensor Network deployed in an industrial 

manufacturing environment. Sensor nodes monitored parameters such as temperature, humidity, 

vibration, and machine operational status. Data collection spanned six months, producing millions of 

sensor records, including both normal operations and failure events. 
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3.2 Data Preprocessing 

Sensor data often contain noise, missing values, and inconsistencies that can degrade model 

performance. Data cleaning involved imputing missing values through interpolation and managing 

outliers using statistical techniques. Feature normalization was also applied to ensure balanced model 

training. 

3.3 Feature Selection 

Relevant features were identified using domain expertise and statistical methods. Key indicators 

included average temperature, peak vibration, and operational cycles. Principal Component Analysis 

(PCA) was used to reduce dimensionality and eliminate multicollinearity. 

3.4 Model Training 

Four ML algorithms were implemented using Python’s scikit-learn library with hyperparameter tuning 

via grid search: 

• Linear Regression (LR): Used as a baseline to model linear relationships. 

• Decision Trees (DT): Applied for interpretability and nonlinear modeling. 

• Neural Networks (NN): Implemented using a multi-layer perceptron to capture complex 

patterns. 

• Support Vector Machines (SVM): Utilized with RBF kernels for high-dimensional classification. 

 

3.5 Model Evaluation 

Models were tested using a hold-out dataset representing 20% of the data. Evaluation metrics included 

accuracy, precision, recall, F1-score, ROC curves, and AUC values. 

 

Figure 1: Methodology 

3.6 Cross-Validation and Tools 

Ten-fold cross-validation was conducted to prevent overfitting. Python libraries such as pandas, scikit-

learn, and matplotlib were used, with computations performed on a high-performance computing 

cluster. This section presents an entity-centric identity management (IDM) approach designed to 

securely manage personal data stored in cloud environments. The proposed method integrates the 

Active Bundle (AB) paradigm with anonymous identification techniques to ensure privacy preservation, 

even when interacting with untrusted service providers. 
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IV. RESULTS AND DISCUSSIONS 

The comparative evaluation of the implemented machine learning algorithms provides clear insights 

into their relative effectiveness for predictive maintenance in Wireless Sensor Networks (WSNs). The 

analysis reveals notable performance differences among Linear Regression, Decision Trees, Neural 

Networks, and Support Vector Machines (SVM) when assessed across standard evaluation metrics, 

including accuracy, precision, recall, F1-score, and Area Under the Curve (AUC). These metrics 

collectively offer a comprehensive understanding of each model’s predictive capability, robustness, and 

reliability in identifying potential equipment failures. 

The experimental results demonstrate that Neural Networks and Support Vector Machines 

consistently outperform Linear Regression and Decision Trees across all evaluated criteria. Among the 

tested models, Support Vector Machines achieved the highest overall performance, recording an 

accuracy of 89.3%, precision of 87.5%, recall of 86.2%, an F1-score of 86.8%, and an AUC value of 0.92. 

These results underscore the strong discriminative power of SVMs in distinguishing between normal 

operating conditions and failure-prone states within sensor data streams. The high AUC value further 

confirms the model’s ability to maintain a favorable balance between true positive and false positive 

rates, making it particularly suitable for predictive maintenance tasks where early and accurate fault 

detection is critical. 

Neural Networks closely followed SVMs in performance, achieving an accuracy of 88.7% along 

with comparable precision and recall values. The strong performance of Neural Networks can be 

attributed to their deep architectural design, which enables them to learn complex, non-linear 

relationships inherent in high-dimensional sensor data. By leveraging multiple hidden layers and non-

linear activation functions, Neural Networks are capable of capturing subtle interactions among sensor 

parameters such as temperature, vibration, and operational cycles. This capability allows them to 

detect early-stage degradation patterns that may not be apparent through simpler Modeling 

approaches (Fig. 2). 

 

Figure 2: Comparative accuracy performance of machine learning algorithms for predictive maintenance in WSNs. 
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In contrast, Decision Trees demonstrated a moderate yet meaningful improvement over Linear 

Regression, achieving an accuracy of 82.1%, compared to 75.4% for Linear Regression. This 

improvement highlights the advantage of Decision Trees in modeling non-linear decision boundaries 

and handling feature interactions more effectively. Unlike Linear Regression, which assumes a strictly 

linear relationship between input features and output variables, Decision Trees recursively partition 

the feature space, allowing them to represent more complex relationships within the data. This 

characteristic is particularly beneficial in WSN environments, where sensor readings often exhibit non-

linear behavior due to varying environmental and operational conditions. 

Despite their relatively lower predictive accuracy compared to SVMs and Neural Networks, 

Decision Trees offer a significant advantage in terms of model interpretability. The transparent, rule-

based structure of Decision Trees allows practitioners to easily trace the decision-making process and 

understand how specific sensor features contribute to failure predictions. This interpretability is 

especially valuable for diagnostic analysis, system auditing, and decision support, where understanding 

the underlying causes of predicted failures is as important as prediction accuracy itself.  

Linear Regression, while yielding the lowest performance among the evaluated algorithms, serves 

an important role as a baseline model. With an accuracy of 75.4%, Linear Regression provides a 

reference point against which the improvements offered by more advanced models can be measured. 

Its limited performance can largely be attributed to its inherent assumption of linearity, which restricts 

its ability to capture the complex and dynamic patterns present in WSN data. Sensor-generated data 

often involve non-linear dependencies, noise, and temporal variations, all of which challenge the 

expressive power of simple linear models. 

 

Figure 3: Conceptual illustration of decision boundary complexity across different machine learning models. 

The superior performance of Support Vector Machines and Neural Networks indicates their 

strong capability to identify subtle anomalies and precursor patterns that signal impending equipment 

failures. SVMs achieve this through the construction of optimal hyperplanes that maximize the margin 

between classes in high-dimensional feature spaces. This margin maximization principle contributes 

to improved generalization and robustness, particularly in scenarios involving noisy or overlapping 

sensor data. Meanwhile, Neural Networks leverage their deep learning mechanisms to automatically 

extract hierarchical feature representations, enabling them to model intricate dependencies and 

interactions among sensor variables. 

In practical predictive maintenance applications, the choice of algorithm must balance 

predictive accuracy, computational complexity, and interpretability. While SVMs and Neural Networks 

offer superior accuracy and reliability, they often require higher computational resources and may 
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present challenges in interpretability. Decision Trees, although less accurate, provide clear explanatory 

insights and faster inference times, making them suitable for scenarios where transparency and 

simplicity are prioritized. Linear Regression remains useful for rapid deployment and baseline 

assessments but is insufficient for capturing the full complexity of WSN data. 

Overall, the comparative analysis confirms that advanced machine learning algorithms 

significantly enhance predictive maintenance performance in Wireless Sensor Networks. The findings 

suggest that SVMs and Neural Networks are particularly well-suited for high-stakes industrial 

environments where early fault detection and predictive accuracy are paramount. At the same time, 

simpler models such as Decision Trees and Linear Regression continue to hold value for interpretability 

and benchmarking purposes. This layered understanding enables informed decision-making when 

designing predictive maintenance frameworks tailored to specific operational requirements and 

resource constraints. 

V. CONLUSIONS 

This study presents a comprehensive evaluation of machine learning algorithms for predictive 

maintenance in Wireless Sensor Networks. The results indicate that Support Vector Machines and Neural 

Networks outperform Decision Trees and Linear Regression in predictive accuracy and reliability. These 

findings confirm the value of ML-driven maintenance strategies in enhancing WSN performance, reducing 

costs, and minimizing downtime. The integration of advanced ML models aligns with Industry 4.0 and IoT 

objectives, promoting intelligent and resilient industrial systems. Future research should focus on real-

time deployment, improving interpretability, and developing hybrid models to balance performance and 

computational efficiency. 
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