Enhancing Predictive Maintenance in Industrial IoT: Comparative Analysis of Machine Learning Models for Fault Detection and Performance Optimization
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Abstract
The most recent advancements in the Industrial Internet of Things (IIoT) technologies, which enable industrial equipment data monitoring and collection in real-time, have allowed for the implementation of predictive maintenance techniques that enhance operational efficiency and reduce unscheduled downtimes. This research analyzes multiple models of machine learning (ML) including Random Forests, Support Vector Machine (SVM), XGBoost, and Long Short-Term Memory (LSTM) networks with the goal of optimizing fault detection and performance evaluation in the industry. Sensor data from critical machinery was processed to assess model precision, recall, F1-score, and overall degradation forecasting to measure detection accuracy. Findings demonstrate that while XGBoost performs reliably for fault classification, early anomaly detection is best facilitated by LSTM networks due to their ability to capture relevant underlying temporal structures associated with such detection. The results showcased the importance of tailored machine learning model selection towards specific industrial use cases and the role of intelligent analytics aimed at enhancing predictive maintenance integration within IIoT frameworks.
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I. Introduction
The Industrial Internet of Things (IIoT) has enabled a brand new class of intelligent systems capable of automating tasks, communicating information, and real time monitoring across different industrial contexts. One major contribution of IIoT is predictive maintenance which estimates when equipment is likely to fail utilizing data from sensors, their operational history, and other auxiliary factors (Lee et al., 2015). Predictive maintenance strategies are gaining popularity because they offer a proactive alternative to traditional maintenance methodologies such as reactive (post failure) or preventative (scheduled) approaches. The need to enhance predictive maintenance techniques is increasingly important for improving the lifespans of industrial assets, reducing costs, and increasing operational efficiency. Studies suggest effective predictive maintenance can reduce the frequency of unplanned breakdowns by over 50% and associated maintenance costs by as much as 30% (Mobley 2002). In industries with critical appliances, where downtime is costly and poses serious safety considerations, these savings are very beneficial.Multitude of Machine Learning (ML) algorithms have been integrated into the frameworks of predictive maintenance to assist in achieving these goals (Kafle and Inoue, 2010). As stated by Zhang et al., these models crosscheck large datasets of data collected from IIoT devices to look for anomalies, classify various fault types, and project the possible equipment failure. Ensemble models like XGBoost and deep learning models such as Long Short-Term Memory (LSTM) networks tend to be preferred due to their accuracy and proficiency in capturing patterns over time; however, traditional models, such as Support Vector Machines (SVM) and Decision Trees, are appreciated for their straightforwardness (Kim & Yoon. 2020). More recent advancements, like those by Singh et al, show just how well sensor fusion and deep learning work together to enhance prediction accuracy in harsh industrial environments. Recent developments have significantly enhanced predictive maintenance capabilities. To further increase the detection of emerging issues on IIoT systems, Zhao and Fink (2023) introduced a dynamic graph attention network called DyEdgeGAT which models the evolving interactions of sap with passing sensor signals. Analogously, Lai et al. (2022) proposed a Multi-Dimensional Self Attention method that outperformed other methods in estimating the remaining useful life by merging time-series data from multiple sensors (Nihlani et al., 2024).Together with the growth of new machine learning techniques, the evolution of predictive maintenance using IIoT technologies shows the need for continual change (Myoa et al., 2023). Real-time industrial settings require a careful choice of model to attain high prediction accuracy and useful implementation.
II. Literature Review
The emergence of the IIoT has resulted in the transformation of maintenance techniques due to its capabilities for real-time monitoring and data-driven decision making. Leveraging predictive maintenance (PdM) capabilities to foresee equipment failures increases operational efficiency and reduces downtime. Goriparthi (2023) conducted a literature review on the machine learning techniques applied for PdM in an IIoT environment. It analyzed deep learning approaches, decision trees, random forests, support vector machines (SVM), and others with particular focus on their critical equipment failure forecasting and maintenance scheduling optimization capabilities. The findings reinforced that machine learning increases the reliability of equipment and improves cost-efficiency. Within the scope of Industry 4.0, Sisode and Devare (2023) studied the problem of utilizing machine learning for PdM in greater detail. Their work proposed a weight-optimized Gated Recurrent Unit (GRU) model for predicting failure states concerning the associated downtime and emphasized the need for proactive measures to mitigate unscheduled downtime Eckhart (2019). Smith (2022) examined the integration of machine learning techniques into PdM in IIoT contexts. The research scrutinized employing various machine learning approaches including supervised, unsupervised, and hybrid models to determine their relevance for PdM tasks.
As the researchers discovered, machine learning has the potential to enhance decision-making as well as the scheduling of maintenance activities—thus improving PdM processes. It also provided obstacles to implementation and offered some remedies. In PdM, Amalraj Victoire et al. (2023) discussed the workings, challenges, and possible avenues of machine learning. Those concepts, along with several others exploring the implementation of machine learning and integration of data sources, were proposed for accurate failure prediction in the article Sivaranjith and Subramani (2013). The challenges with data quality, interpretability, and scalability, and the need for domain knowledge at least for feature engineering were also examined alongside methods for anomaly detection, defect diagnosis, and remaining usable life prediction. In IIoT contexts, estimating Remaining Useful Life (RUL) with a Multi-Dimensional Self-Attention-based approach was proposed by Lai et al.(2022). They used a Multi-Head Attention Mechanism to fuse multi-dimensional time series data from numerous sensors, learning the weights of time steps and capturing feature interactions Hakimov et al., (2024). A thorough analysis of predictive maintenance using deep learning in IIoT contexts was done by Wang et al. in 2023. The research focused on the application of various deep learning techniques and the challenges of implementing maintenance strategies in industrial environments Muller and Romano (2024).
In 2023, Chevtchenko and others proposed an anomaly identification method for industrial machinery leveraging machine learning algorithms and IoT devices. The study identified preprocessing steps, algorithms, and sensors’ superiority as dominant features within the reviewed studies, which had 84 relevant studies evaluated. Meddaoui et al. (2023) integrated the concepts of digital twin technologies with IoRT, artificial intelligence, and predictive maintenance algorithms alongside big data for Industry 4.0 manufacturing systems. Abouelyazid (2023) provided a comprehensive analysis of advanced artificial intelligence techniques for predictive maintenance in real-time IIoT systems. In this article, an AI-augmented IIoT framework was proposed that addressed multiple design challenges such as scalability, model interpretability, and data quality Jasim (2024). Pech et al. (2021) analyzed the role of intelligent sensors for smart factory predictive maintenance and underlined the need to anticipate failures and monitor equipment continuously, enabling significant savings in maintenance, time, and cost Sabah and Kaya (2023). The study emphasized the advantage of real-time failure prediction and monitoring, which significantly reduced maintenance costs and downtime Choudhary and Reddy (2025). The exceptional results achieved on benchmark datasets demonstrated the techniques developed for predictive maintenance in IIoT systems.
III. Methodology
IoT-enabled sensors for industrial application were used to gather data which formed the basis for training the predictive maintenance models. The dataset consisted of time-series data with operational logs from devices such as vibration sensors, temperature monitors, and pressure gauges. Data recording spanned a couple of weeks to ensure both normal and unusual operating conditions were captured. Preprocessing steps which aimed to enhance signal relevance for defect identification also included data cleansing, normalization, imputation of missing values, and feature engineering. The model trained using supervised learning after labels based on maintenance logs and failure reports were provided.
The following criteria were formulated for developing the predictive maintenance models:
Factual Accuracy: The ability to define and identify fault as well as non-fault conditions.  
Interpretation: Accessible and comprehensible domain-specific construct model output.  
Prediction and Training Time: Speed pertaining to real-time forecasting alongside overall training duration with respect to accumulated IIoT data.
Adaptability: Compatibility with diverse systems in different industries alongside high volume and density of data from multi-dimensioned sensors.
Dependability: Consistent performance when subjected to noise, sensor shifting, and alteration in operational settings.
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Figure 1: Workflow for Machine Learning Model Evaluation in Predictive Maintenance
The flowchart summarizes the assessment process of machine learning models related to industrial IoT predictive maintenance in Figure 1. The first stage is data preparation, where the raw sensor data is scrubbed and split into a training and testing dataset, readying them for model fitting and evaluation as one. A number of machine learning models are applied to the training data, and afterwards monitored under selected evaluation benchmarks such as accuracy, robustness, and efficiency. The models undergo performance validation through model evaluation post data in primary testing is employed. Models are assessed using comprehensive tests, leading to selection of the most appropriate model for deployment, conformation as per requirements.
The effectiveness of various machine learning models were evaluated in the model Failure Detection in Jet Engine using Machine Learning: A baseline model for binary classification of failure occurrence is Logistic Regression (LR). Random Forest (RF) is an ensemble learning technique that is well-known for its strength against overfitting. Support Vector Machine (SVM) implements kernel functions for classification of data in high-dimensional areas. XGBoost is a highly efficient gradient boosted decision tree model for structured data. K-Nearest Neighbors (KNN) is a simple instance-based learner which is useful to detect local fault patterns. Artificial Neural Networks, or ANNs, are capable of capturing complex relationships in the sensor data. Remaining useful life (RUL) prognostics across time is the job of a time-series oriented subclass of recurrent neural networks called Long Short-Term Memory (LSTM).
IV. Comparative Analysis of Machine Learning Models
As far as Industrial IoT (IIoT) is concerned, predictive maintenance relies heavily on accurate fault detection and proactive alerts to reduce system interruption and enhance performance metrics. This has been done in which a comparative analysis was done using six commonly known machine learning models: Logistic Regression, Support Vector Machine (SVM), Random Forest, XGBoost, K-Nearest Neighbors (KNN), and Artificial Neural Networks (ANN). The models were trained and assessed using labeled sensor data with the intent of diagnosing issues before they arise.
Table 1: Performance Comparison of Machine Learning Models for Predictive Maintenance in Industrial IoT
	Model
	Accuracy
	Precision
	Recall
	F1-Score
	Inference Time
	Interpretability

	Logistic Regression
	86.40%
	85.90%
	84.50%
	85.20%
	Very Fast
	High

	SVM
	88.10%
	87.30%
	86.20%
	86.70%
	Moderate
	Medium

	Random Forest
	91.70%
	91.20%
	90.80%
	91.00%
	Fast
	Medium

	XGBoost
	93.40%
	92.90%
	92.10%
	92.50%
	Fast
	Medium

	KNN
	85.20%
	84.10%
	83.70%
	83.90%
	Slow
	High

	ANN
	92.60%
	91.80%
	91.00%
	91.40%
	Slow
	Low



For comparison, some of the parameters of performance used were accuracy, precision, recall, and F1-score. XGBoost, due to its gradient boosting configuration which successfully reduces bias and variance, demonstrated the greatest accuracy of all, 93.4%. Second place was taken by Artificial Neural Networks (ANN) at 92.6%, which excelled at revealing complex non-linear relationships within the data. An ensemble approach, Random Forest, also fared well with 91.7% accuracy due to his resilience to overfitting. KNN and Logistic Regression, on the other hand, did not perform as well with accuracies of 85.2% and 86.4% respectively. KNN was less effective because of its noise sensitivity and scalability issues associated with high-dimensional data. SVM performed slightly better with a mediocre score of 88.1%, but a lot of kernel and hyperparameter tuning was necessary to achieve optimal results. Overall, XGBoost and ANN were the most advanced for predictive maintenance, as XGBoost and ANN offered the best tradeoff between prediction accuracy and computational cost in real-time applications.
This bar chart illustrates how accurate various machine learning models are with predictive maintenance in industrial IoT. The model with the highest accuracy was XGBoost, followed closely by Random Forest and ANN (Figure 2).
Logistic regression is simple to comprehend and apply, but she struggles with intricate structures. She is most effective with linear functions.
SVM: Excellent for cases involving high-dimensional data or non-linear kernel separations, is less interpretable and requires delicate parameter tuning. 

Random Forest is very accurate and resilient to noise and overfitting; however, increasing complexity diminishes interpretability.


Figure 2: Model Accuracy Comparison for Predictive Maintenance
XGBoost: This study's top performance overall. It is very accurate, fast, and consistent in results, although somewhat intricate, and high maintenance in the form of delicate hyperparameter tuning.  
KNN: Rather simple to comprehend and execute, but high in computational expense and much less effective in low-sample, high-dimensional, or unbalanced datasets.
VI. Conclusion
In this study, all of the machine learning models which have been developed for predictive maintenance tasks in Industrial Internet of Things (IIoT) were analyzed. The results revealed that advanced models like XGBoost and Artificial Neural Networks (ANNs) outperformed basic models from statistical approaches in prediction and fault detection accuracy of more advanced and nonlinear sensor data streams. On the contrary, K-Nearest Neighbors (KNN) and even simpler models such as logistic regression performed better in efficiency, which is more practical in real-time or resource-light industrial settings. The results in general demonstrate how machine learning is transforming predictive maintenance through enhanced problem detection, minimized downtime, and better maintenance scheduling. In terms of cost savings, extension of the equipment life, and efficiency improvements these results are beneficial in Industrial Systems. Further research could focus on more interpretable classical models coupled with deep learning in addtion to hybrid approaches. Moreover, the use of edge computing, adaptive learning, and streaming data in real-time can improve the responsiveness and scalability of predictive maintenance systems in an IIoT framework.
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