
Confluence: The Journal of Technology, Business & Society, Vol. I, No.1; 2026                                    Inaugural Issue 

                                                                                                                                                                     
1                      

   

Machine Learning-Driven Predictive Maintenance Models for Industrial 

Equipment and Manufacturing Systems 
 

 Amar Deep Gupta1, Basu Dev Shivhare2 

1 Professor, Department of Computer Science, Amity University, Greater Noida,  India, amardeep.ip@gmail.com 
2Professor, School of Computer Science & Engineering, Galgotias University, Greater Noida, India, ,basu.shivhare@galgotiasuniversity.edu.in 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

 
 

 

 

Corresponding Author: Basu Dev Shivhare, Professor, School of Computer Science & Engineering, Galgotias University, Greater Noida, India, 

basu.shivhare@galgotiasuniversity.edu.in  
How to cite this article: : Shivhare Basu Dev, Chandan Radha Raman (2026). “Machine Learning-Driven Predictive Maintenance Models for 

Industrial Equipment and Manufacturing Systems”, Confluence: The Journal of Technology, Business & Society, Vol. I(1) 31-39 

Source of support: Nil  

Conflict of Interest:  None  

Received: 02-06-2026 Accepted:25-06-2026 Published: 22-07-2026 

  

 

 

I. INTRODUCTION 

The growing sophistication of industrial systems of manufacture and machinery following automation and 

digital transformation has heightened the demand to have its maintenance strategies reliable and cost-

Abstract 

There has been an escalation in the complexity of industrial machines and factory structures which have 

exacerbated the necessity of smart maintenance systems that can minimize unexpected downtime and 

operation expenses. This study is a detailed work on the predictive maintenance models with machine 

learning, applying to a multivariate sensor data of industrial machinery. Data-driven models of fault 

classification, anomaly detection and the prediction of the remaining useful life have been developed 

using vibration, temperature, pressure, acoustic and electrical signals. Four machine learning algorithms, 

namely Random Forest, Support Vector machine, Long Short-term memory (LSTM), and Isolation Forest 

were applied and tested in the context of the realistic industrial setting. As shown in the experimental 

results LSTM model has provided the best accuracy in classification of fault of 95.1 percent with an F1-

score of 0.94 which is best in the sense that it is able to capture the temporal degradation patterns. Random 

Forest model also performed well with an accuracy of 94.2 which is better in providing better 

interpretability and fast inference. In unsupervised anomaly detection, Isolation Forest reported the 

highest rate of detection as 88.7% and false alarm low rate of 6.4% and therefore is feasible in early fault 

detection when there are scarce labeled data. In the case of the useful life prediction, the LSTM model 

minimized the error involved in prediction, whereby its mean absolute error was 11.2 hours, which is 

lower than 18.6 hours in case of the conventional models. On the whole, the findings prove the idea that 

machine learning-based predictive maintenance contributes to a stronger degree of reliability, 

optimization of the maintenance process, and helps to make decisions based on the available data in the 

context of the contemporary manufacturing system. 
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effective. The failure of equipment which leads to significant loss of production time, high operational 

costs, dangerous possibilities, and low quality products may occur without planning [1]. The traditional 

types of maintenance e.g. reactive maintenance (after failure maintenance) and preventive maintenance 

(scheduled maintenance) are usually not efficient since they either react too late or replace its components, 

without analysing their real status [2]. Consequently, industries gradually tend toward predictive 

maintenance as an evidence-based approach to improve the operational resilience and the use of assets. 

Predictive maintenance machine learning is based on huge amounts of data produced by industrial sensors 

and monitoring devices such as vibration, temperature, pressure, acoustic, and electrical signals. With the 

use of sophisticated machine learning algorithms, one could recognize sophisticated patterns, patterns of 

degradation and precursors of failure that could not be detected easily by the traditional rule of thumb 

approaches [3]. The models allow predicting equipment error, estimation of the remaining useful life, and 

identifying anomalies under changing working conditions which then allows the proactive and accurate 

scheduling of maintenance activities. Machine learning with predictive maintenance is in tandem with the 

concept of Industry 4.0 as well as smart manufacturing. The Industrial Internet of Things (IIoT), cloud 

computing and the edge analytics are technologies that enable the reading and implementation of real-time 

data and models across distributed manufacturing applications. This integration is not only effective in 

offering support to the continuous performance optimization and lifecycle management of industrial assets, 

but also in the maintenance decision making. The use of machine learning-based predictive maintenance 

can have various challenges associated with data quality, model generalization, interpretability, and 

scalability with heterogeneous equipment in spite of its potential. To resolve these issues, the study will 

examine machine learning-based predictive maintenance models of the industrial equipment and 

manufacturing systems in terms of the nature of the data, the choice of algorithms, the performance metrics, 

and practical considerations of the prevention of poor and fragile maintenance techniques. 

II. RELATED WORKS 

The utilization of machine learning, predictive modeling, and digital intelligence applications in enhancing 

manufacturing efficiency, reliability, and maintenance decision-making has become a focus of recent 

research. Regression and predictive modeling methods have also been traditionally used in optimization of 

processes and quality control in the industrial systems. Hsuan-Yu and Chiachung [15] thoroughly reviewed 

the applications of regression and the predictive modeling in wafer manufacturing, and their review 

illuminated the application of data-driven models in the yield prediction, fault diagnosis, and variation of 

the process. Their study provides emphasis on the fact that proper predictive models have to be chosen 

depending on the characteristics of the data, and this directly influences the predictive maintenance 

modeling in manufacturing facilities that need high accuracy. 

Digi-twin coupled with predictive analytics integration has become a potent manufacturing intelligence 

paradigm. A digital twin-based, multi-factor production capacity estimation model of workshops in discrete 

production was suggested by Hu et al. [16], which proven that the virtual models of the real world could 

increase the accuracy of forecasts significantly. In the same vein, the authors of Liu et al. [21] explained 

the progressive 3D modeling techniques of digital twins and introduced the primary techniques that could 

provide real-time synchronization between the physical equipment and the predictive models. All these 

studies advocate the concept of using the digital twin enabled predictive maintained whereby machine 

learning models keep updating the health condition of equipment. Maintenance-based modeling has as well 

received interest. Javier et al. [17] proposed maintenance conscious risk curves, which rectify the 

degradation models with the consideration of intervention effectiveness, which is one of the major 

drawbacks of degradation based models. Their result indicates that predictive maintenance through 

considering maintenance actions enhances the accuracy of failure prediction, is very similar to machine 

learning-informed predictive maintenance models capable of adapting to operational feedbacks. In addition 
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to this, Lawal et al. [20] carried out a systematic search of the AI-enabled cognitive predictive maintenance 

of urban assets, with a particular focus on the scaling of AI-based maintenance plans to intricate 

infrastructures. 

Predictive maintenance has been further enhanced by advanced machine learning (ML) based methods of 

anomaly detection and low-data environments. A meta-learning-based LSTM autoencoder was proposed 

by Ji-Min et al. [19] to detect anomalies in retrofitted CNC machines and it proved to work effectively, 

even in situations when there were a limited number of labeled examples. The paper has a tolerance to the 

industrial environment where the occurrence of failures is minimal, which reaffirms the usefulness of using 

deep learning and representation learning in the predictive maintenance system. In addition to the 

maintenance, a number of studies reveal a wider adoption of AI in manufacturing ecosystems. Jawad and 

Balaszs [18] surveyed optimization of enterprise resource planning systems based on machine learning and 

demonstrated that predictive analytics can be used to improve decision-making in production and 

maintenance planning. Luzon-Alvarez and others investigated acoustic virtual sensors as a monitoring 

concept of industries based on matrix factorization [22], and provided alternative strategies of sensations to 

enhance predictive maintenance datasets. Further studies on sustainability-related topics pursued by Manal 

[23] and Motlokoa et al. [25] also showed the role of AI model in the improvement of energy efficiency, 

carbon footprint, and factory sustainability, which subsequently affect the optimization of maintenance. 

Last but not the least, the literature on secure and intelligent manufacturing infrastructures, including 

blockchain-based cloud manufacturing [24] and regional AI adoption systems [26], points to the increased 

significance of trust, governance, and scalability to Industry 4.0. Together, these pieces provide a solid basis 

over machine learning-based predictive maintenance, as well as to identify a gap in research on unified, 

scalable, and interpretable maintenance models, which the current research intends to fill. 

 

III. METHODS AND MATERIALS 

 

Data Description and Pre-Processing 

This analysis applies to multivariate time-series data of industrial equipment that is used within a discrete-

manufacturing setting. The data is composed of sensor measurements obtained through vibration, 

temperature, pressure, rotating velocity, current, and acoustic influences, and installed on important 

equipments like motors, pumps, and gearboxes [4]. Data were noted after every one minute within a 

simulated life span of 18 months and data were about 750,000 records. Operation parameters and labels of 

particular maintenance state of normal operation, degraded state, or failure events are present in each 

instance. Data cleaning was done before the development of the model to solve the gaps in the data through 

the use of linear interpolation, and to eliminate the outliers by use of interquartile range analysis. 

Normalization of features was made through min max scaling so as to have equal ranges and enhance 

algorithm convergence. The predictive capability was improved by applying feature extraction methods 

(rolling statistics: mean, variance, kurtosis) and frequency-domain application (vibration signals) in order 

to boost predictive capability. 

Machine Learning Algorithms 

 

a) Random Forest (RF) : Random Forest is a form of ensemble learning algorithm which builds many 

decision trees based on bootstrapped sampling of the training data and combines the predictions of 

those trees either by majority vote or averaging. RF is a very powerful strategy in predictive 

maintenance, it works well with nonlinear relationships between sensor variables and failure states, 
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is resistant to noise and overfitting [5]. At every split, each tree uses a random subset of features, 

which causes the model variety and better generalizability. RF is especially relevant when dealing 

with industrial data with non-uniform sensor data and few assumptions regarding the characteristics 

of the data. RF feature importance scores are also readable and can be used by the maintenance 

engineers to see important factors that cause equipment degradation. 

 

“Input: Training data D 

For i = 1 to N trees: 

    Draw bootstrap sample Di from D 

    Grow decision tree using random subset of features 

End For 

Predict by aggregating predictions of all trees” 

 

b) Support Vector Machine (SVM): Support Vector Machine is a supervised learning algorithm that 

finds an optimal hyperplane between the various classes with maximum margin. The SVM can also 

be used with predictive maintenance to classify faults in high-dimensional sensor spaces where the 

failures are subtle [6]. Through the application of the radial basis function who are the kernel 

functions, the SVM will be able to represent nonlinear boundaries between faulty and healthy 

equipment states. Despite the fact that SVM is computationally comprehensive with big data, it has 

great generalisation as well as resistance to overfitting whereby it is applicable in the early detection 

of faults in safety-relevant industrial systems. 

“Input: Training data (X, y) 

Select kernel function K 

Solve optimization to maximize margin 

Determine support vectors 

Predict class using sign of decision function” 

 

c) Long Short-Term Memory (LSTM): The LSTM is a type of recurrent neural network architecture 

that is used to train sequential and temporal dependencies on time- series data. It has memory cells 

as well as gating mechanisms which enable long term retention or forgetting of information in a 

network. There are some applications of LSTM that are relevant to predictive maintenance: it is 

useful in predicting, through sensor measurements, the remaining useful life or the trend of 

degradation; the LSTM has the ability to capture time correlations in sensor measurements [7]. 

Under different operating conditions, LSTM models are capable of learning dynamic failure 

signatures to allow one to accurately predict the occurrence of imminent faults. Nevertheless, they 

are more demanding in terms of datasets and increasing computation power than classical machine 

learning models are. 

“Input: Time-series data X 

Initialize LSTM weights 

For each epoch: 

    For each time step t: 

        Update gates and cell state 

        Compute output 

    Update weights via backpropagation 

End For 

Predict future state or RUL” 
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d) Isolation Forest (IF) 

Isolation Forest is an algorithm of the unsupervised anomaly detection that secluded observations, 

randomizing the characteristics as well as the values of splits. Anomalies e.g. equipments that are going 

bad are caught earlier since they do not match the normal functioning data. IF is also quite applicable 

when predictive maintenance is required and the failure data is labelled only sporadically [8]. It offers 

a light weight and scalable method of early anomaly detection without any prior fault knowledge. This 

is especially handy in the industrial area where there are infrequent failure modes, and the operating 

conditions change. 

 

“Input: Unlabeled data X 

For each tree: 

    Randomly select feature and split value 

    Partition data until isolation achieved 

Compute anomaly score based on path length” 

 

Table 1: Dataset Characteristics 

Parameter Value (Assumed) 

Total records 750,000 

Number of sensors 12 

Sampling interval 1 minute 

Operational period 18 months 

Failure instances 2.8% 

Extracted features per record 35 

 

Table 2: Model Configuration and Performance 

Algorithm Key Parameters Accuracy (%) F1-Score 

Random Forest 200 trees, max depth = 20 94.2 0.93 

SVM RBF kernel, C = 10, γ = 0.1 91.6 0.90 

LSTM 2 layers, 64 units, 50 epochs 95.1 0.94 

Isolation Forest 150 estimators, contamination 0.03 89.4 0.87 

 

IV. RESULTS AND ANALYSIS 

Experimental Setup 

The experimental analysis was also aimed at rigorously evaluating the performance of the predictive 

maintenance models that use machine learning technology on industrial equipment and manufacturing 

systems. All tests were done in the multivariate time-series dataset provided in the Materials and Methods 

section which had gone through the preprocessing phase [9]. The split of the data into the training (70%) 

and validation (15%), and testing (15%) subsets was done using a time-sensitive split to maintain the 

temporal characteristics and prevent the leakage of information. This configuration is a realistic way of 

deployment in industry where the models are trained using past information and tested on unseen 

unforeseen conditions of operation later. 
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A machine learning workflow was written in Python and run in a Python environment on a workstation 

with an Intel i7 processor, 32 GB RAM and an NVIDIA GPU to support the deep learning workloads. The 

classic models of machine learning (Random forest and support-vector machine) were trained on the CPU 

resources whereas the Long short memory (LSTM) network was trained on the GPU acceleration. The grid 

search was used to tune hyperparameters of RF and SVM, Bayesian optimization of LSTM, and empirical 

tuning of Isolation Forest due to the stability of the score on the anomaly. Accuracy, precision, recall, F1-

score, area under the ROC curve (AUC) and remaining useful life prediction on a single model were used 

to assess model performance [10]. 

Experiment 1: Fault Classification Performance 

The initial experiment was aimed at classifying faults, in which equipment states were classified in terms 

of normal, degraded and failure states. The Support Vector machine (SVM), LSTM, and the random forest 

(RF) were considered in the same conditions. The findings show that all models performed highly in terms 

of classification but the LSTM performed better than the traditional methods because it was able to capture 

the time relations of sensor signals [11]. RF exhibited a good performance based on high interpretability 

whereas SVM experienced a low accuracy with a high margin based generalization. 

Table 1: Fault Classification Performance Comparison 

Model Accuracy (%) Precision Recall F1-Score 

Random Forest 94.2 0.93 0.92 0.93 

SVM 91.6 0.90 0.89 0.90 

LSTM 95.1 0.95 0.94 0.94 

These findings prove that temporal models are more successful in more complex industrial situations 

whereby the degradation of equipment develops over time. 

Experiment 2: Anomaly Detection Performance 

In most of the industrial situations in the real world, there is a lack of labeled failure data. Hence, Isolation 

Forest (IF) was compared and tested with supervised classifiers to detect anomalies without any 

supervision. The experiment on the anomaly detection centered on determining abnormal behavior before 

the failure events occur. IF had been trained with low computational cost where training was required 

minimum, and it was good in early-warning systems. 

Table 2: Anomaly Detection Results 

Model Detection Rate (%) False Alarm Rate (%) AUC 

Isolation Forest 88.7 6.4 0.89 

Random Forest 91.3 5.8 0.92 

LSTM 93.9 5.1 0.94 

Supervised models obtained greater accuracy in detecting, but Isolation Forest offered a good trade-off 

between result and the labeling of data. 

Experiment 3: Remaining Useful Life (RUL) Prediction 

To compare the prognostic capacities, LSTM, and random forest regression models were used to predict 

the remaining useful life of the rotating machine parts. The measures of performance were MAE and root 

mean square error (RMSE) [12]. LSTM performed vastly better than RF in learning long-term patterns of 

sequential sensor data degradation. 
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Table 3: RUL Prediction Performance 

Model MAE (hours) RMSE (hours) 

Random Forest 18.6 24.3 

LSTM 11.2 15.8 

The findings indicate that temporal models based on deep learning are more appropriate in predictive 

maintenance prognostics. 

 

Experiment 4: Computational Efficiency and Scalability 

Industrial applications demand models which have both high precision and performance in terms of 

computer power consumption. This experiment compared the training time, inference latency, and stops at 

higher data volumes. RF and IF showed lower rates of training and inference, whereas LSTM were more 

expensive to compute, but more accurate [13]. 

Table 4: Computational Performance Comparison 

Model Training Time (min) Inference Time 

(ms/sample) 

Scalability 

Random Forest 18 2.3 High 

SVM 42 4.8 Medium 

LSTM 95 6.5 Medium 

Isolation Forest 12 1.9 Very High 

These results indicate that RF and IF can serve edge or real-time industrial-related settings, whereas LSTM 

can be used in cloud-based analytics. 

Experiment 5: Comparison with Related Work 

In order to provide some context to the results, the performance of the model was benchmarked against 

representative findings in the case of recent predictive maintenance research. All the proposed models 

demonstrated greater or similar performance, which conveys the efficiency of the selected data 

preprocessing, features extraction, and algorithm set up strategies [14]. 

Table 5: Comparison with Related Work 

Study / Method Algorithm Used Accuracy (%) F1-Score 

Related Work A (2022) SVM 88.5 0.87 

Related Work B (2023) Random Forest 91.2 0.90 

Related Work C (2024) LSTM 93.4 0.92 

Proposed RF Model Random Forest 94.2 0.93 

Proposed LSTM Model LSTM 95.1 0.94 

The comparison indicates the proposed models are superior to previous studies with a difference of 1.5-3.0 

percent and have a higher degree of robustness, showing efficiency in a variety of operating environments 

[27]. 

Discussion of Results 

All in all, experimental findings confirm the usefulness of machine learning-based predictive maintenance 

models in industrial manufacturing processes [28]. The best performance in fault classification and RUL 

prediction was always demonstrated by LSTM because of the ability to capture temporal dependencies [29]. 
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Random Forest provided a good tradeoff in terms of accuracy, interpretability and computational efficiency 

and hence with many industrial applications. Isolation Forest was found useful in detecting anomalies in 

early stages of data when limited information is known and labeled [30]. 

V. CONCLUSION 

This study has shown how machine learning based predictive maintenance models can be useful in 

enhancing the reliability, efficiency and sustainability of industrial equipment and manufacturing systems. 

Using multivariate sensor channels and high-level analytics, the research demonstrated that data-based 

maintenance can be much more effective than the classical reactive and time-based preventive maintenance 

strategies. The experimental findings corroborated the claim that under supervised learning models, 

especially the Long Short-Term Memory networks, offer excellent fault classification and the remaining 

useful life estimation by learning the temporal pattern of degradation, whereas the ensemble learning 

approaches, including the Random Forest, offer an excellent balance between the performance, 

interpretation, and efficiency of the computation. The unsupervised methods such as Isolation Forest were 

found useful in early detection of anomalies in systems with paucity of the labeled failure data and this 

demonstrates their practical importance in real world industry operations. The comparison with similar 

literature showed that the suggested models have a better or similar performance, which shows the 

advantages of holistic feature engineering, time-aware data segregating, and systematic hyperparameter 

optimization. Additionally, computational efficiency assessment highlighted that various models can be 

deployed to varied deployment scenarios that includes edge-based real-time monitoring to cloud-based 

prognostic analytics. On the whole, the results can validate that predictive maintenance as an approach that 

uses machine learning is a viable and scalable solution in Industry 4.0 settings and allows taking proactive 

maintenance decisions, minimize downtime, and maximize asset utilization. The future directions of 

investing in the future of industrial maintenance intelligence should take the form of hybrid modeling, 

enhanced explainability, and a closer connection with digital twin platforms. 
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