[bookmark: _Toc232772892]RECOMMENDATION OF A MACHINE LEARNING MODEL FOR PREDICTIVE MAINTENANCE IN MANUFACTURING




Student Name:  Siva Shravana Srinivas Somisetty
Student ID: 2537555
MSc Data and Artificial Intelligence 
Module Code: ACCA7025
Module:L7 Application of Machine Learning
Lecturer: Dr Aliyu Sambo

















6

[bookmark: _Toc233243774]Abstract
Predictive maintenance is a key part of the ongoing buildings and constructions sector as well as has actually come to specify the advancement of modern day manufacturing. Predictive maintenance has come to be a main technique in current manufacturing and not only brings it an impact on the capacity to predict whatever product failures that might take place prior to they actually do, yet can also assist maintain up-to-date instances of buildings and industrial structures functioning toward the highest of their capability as well as lower finance and operational losses. In this report, traditional machine learning techniques will be analysed to solve another problem in equipment failures prediction in a low computational power environment associated with a manufacturing system. The report analyses the effectiveness and some weaknesses of some of the most popular algorithms for machine learning (ML) which are Decision Trees, Support Vector Machines and Logistic Regression before suggesting that Random Forest is the appropriate algorithm to consider for this context. A formal machine learning pipeline is suggested, comprising data gathering, data preprocessing, feature engineering, model development, hyperparameter tuning and testing. The metrics used to evaluate the model include Precision, Recall, the F1 Score and the Area Under the Receiver Operating Characteristic Curve identified as suitable in the light of the high proportion of failed records. Based on the results of the report, the conclusion is that the Random Forest is a model that provides a good balance of prediction power, interpretability and low computational requirements, making it suitable for implementing in a resource constrained industrial environment. The results add to the discussion of Intelligent Manufacturing Systems and provide a practical guidance for organisations aiming to implement data-driven maintenance approaches.
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[bookmark: _Toc232772893][bookmark: _Toc233243775]Introduction
Manufacturing companies are constantly being driven to operate with maximum efficiency with a minimal amount of downtime of the equipment [9]. When unexpected failure of the equipment causes a major production delay, maintenance expenses, and, in some cases, the production floor workers face a safety risk. Some of the traditional maintenance strategies, such as reactive and scheduled maintenance, are causing these issues without properly solving them in an economical way. Reactive maintenance works to fix the failure on the fly, if the failure happens, which causes unnecessary and expensive emergency repairs and downtime [14]. The essence of good traditional methods of preventive upkeep is that they require the system to be serviced at a regular time period, irrespective of whether it's required or not. It is a time and resource-consuming exercise, involving money, labour and equipment, if it is well planned to benefit something that is in perfect condition.
Predictive maintenance provides a smarter solution and has been gaining more traction in many circles of the industry and academia. Predictive maintenance uses ongoing data logging and trending, using equipment vibration, pressure, temperature, and other sensor readings to detect patterns that might indicate failures [5]. With machine-learning technologies, the information provided by the sensors can be fed into a model that can anticipate when a failure is likely to happen, giving maintenance teams the ability to step in when it is just the right time [19].
This report is one report that has been prepared for a manufacturing company which is looking for a practical and some practical tips on implementing predictive maintenance with traditional machine learning techniques. The firm acquires data at its machines, but has limited computing power available, which imposes interesting requirements on the kinds of models that can be practically applied [26]. Neural networks and deep learning models are effective but are often so hard to interpret, explain to stakeholders and compute on the manufacturing floor that they can often be considered "black boxes". This report concentrates on more clear and tractable methods, for this reason. Third, provides a suggested algorithm and scientific basis for suggesting it due to the merits of accuracy, interpretability and calculation expense
[bookmark: _Toc232772894][bookmark: _Toc233243776]Literature Review
[bookmark: _Toc232772895][bookmark: _Toc233243777]Overview of Predictive Maintenance
According to [8], predictive maintenance which is commonly known as condition monitoring, or condition-based maintenance is a scheme that involves real-time monitoring of a machine and proactive maintenance is performed when some indications suggest the imminent failure of that machine.
There has been a drive towards modelling this using data-driven strategies. The introduction of IOT in manufacturing environments has increased the amount and range of data generated by various types of sensors [14]. There are a multitude of sensors monitoring the condition of the machinery such as vibration, rotational speed, torque, tool wear or temperature and now they are all streaming data in real time that gives you a lot to know about the health of the equipment for diagnosis. Collection of this data is not difficult for maintenance teams, but determining its significance.
[image: Predictive maintenance division for technology fix control outline ...]
Figure 1: Predictive maintenance division for technology fix control outline diagram
[bookmark: _Toc232772896][bookmark: _Toc233243778]Machine Learning Approaches in the Literature
As per the findings of [10], the Decision Trees, Support vector machines, Logistic regression, Naive Bayes, k-Nearest Neighbours and ensemble models such as the Random Forest and the Gradient Boosting method are among the most widely studied algorithms. All these methods have advantages and disadvantages; their suitability for a given deployment site needs to be carefully considered. The main reason behind the widely used application of Decision Trees in predictive maintenance is that they are transparent and easy to interpret. However [6] research exploring the practical application of Decision Tree (DT) in an industrial setting has mentioned that they are very easy to interpret and very lightweight to train, but can also overfit under certain circumstances, such as being trained, without careful pruning, on noisy sensor data. This restriction is especially important in manufacturing settings where the sensor readings could be contaminated by interference from the environment or by calibration errors. Even though this is this model is weak, it is still utilised as a basis model and serves as the basis of more powerful ensemble models.
From the viewpoint of [20], another class of methods which is Support Vector Machines, have received a considerable amount of attention for prediction in the maintenance literature. Studies in that field have shown that Support Vector Machines (SVM) are suitable for fault detection applications, especially for a relatively small number of training patterns, as they are able to provide decision boundaries even when the number of training samples is large. Similar [12] find out as the data becomes larger, the computation process of Support Vector Machines grows significantly, and they are not very easy to explain the results on the importance of each features, which means that they are not very useful in cases where engineers need an interpretation of the results.
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Figure 2: Guide to Support Vector Machine (SVM) Algorithm
From the findings of [24], logistic regression is one of the most basic models in binary classification and has found applicability in a predictive maintenance scenario, where the aim of the classification is to determine for each observation whether it is a failure or a non-failure event. Logistic Regression can be used to make a prediction in a cheap and efficient way and yields results in the form of probabilities which is easy to interpret. The model assumes that the relationship between the input features and the corresponding log-odds is linear, which may not be applicable for complex industrial systems with failure mechanisms that are nonlinear with respect to the input variables. Under such circumstances, Logistic Regression is generally not as effective as more lenient algorithms [18]. Gradient Boosting is also widely been used in the area of industrial fault diagnosis. Gradient Boosting can give superior accuracy in predicting data on some benchmark data sets compared to Random Forest, but is more complex to train and requires more complex hyperparameter space to handle, which can make it less appealing in settings with limited computation.
The literature indicates that there are no universal machine learning algorithms that work best for predictive maintenance across various scenarios. Decision Trees can be easy to interpret but can overfit under some circumstances. Logistic Regression is easy to implement and cheaper to compute but may not be able to model complex failure structures appropriately. SVM's tend to be less easily understood and more computationally expensive, and typically yield high predictive performance. Gradient Boosting can reach high accuracy, but may be complex to be implemented in practice. Random Forest on the other hand offers a harmonious blend of accuracy, resilience, and explainability, rendering it a preferred solution for resource-limited manufacturing settings.
[bookmark: _Toc232772897][bookmark: _Toc233243779]The AI4I 2020 Predictive Maintenance Dataset
The AI4I 2020 Predictive Maintenance Dataset became publicly available on the UCI Machine Learning Repository and is now widely adapted for testing machine learning models in the realm of predictive maintenance. The experiment results amount to 10,000 instances, one for each operation performed by a pseudo milling machine [17]. On the other side [4] determined that data comprises of binary target data which indicates the presence or absence of a machine failure in addition to air temperature, process temperature, rotational speed, torque and tool wear.
There have been a number of studies that have compared the classical machine learning algorithms using this dataset. Studies on this benchmark have shown that Random forest implements a good performance, especially in terms of recall on the minority failure class, which is the class of main interest in predictive maintenance applications. Class imbalance is another challenge the dataset with minimal occurrences of machine failures when compared to the observations [5]. This property is of some significance when considering evaluating the accuracy of the model, and the approach to resampling. If a particular instance has no information that it would be expected to fail, then a failure is not useful for any purpose by predicting no failure.
[bookmark: _Toc232772898][bookmark: _Toc233243780]Gaps in Existing Research
According to [11], the existing literature is clear about the effectiveness of machine learning techniques in predictive maintenance, but a number of gaps were relevant to the present situation. It's common to see a number of case studies of the use that have been carried out in research labs where access to lots of computing and hardware resources is readily available; but few studies are tailored specifically towards disadvantages faced by small and midsize manufacturers, which may not have such extensive computing and hardware resources. However [22] determined that most studies have been aimed at obtaining the maximum predictive accuracy, and predictive model interpretability has received limited attention, especially in a factory context where decisions about the operation or maintenance of the plant must be explained to the engineers and the operations manager. This report first analyses the recent leanings in the literature on predictive maintenance and how the usual machine learning algorithms have been applied in this field. Second is to provide a full, well-documented and clear machine learning workflow, personalised to the manufacturing situation which is outlined. Third is to fills a critical gap by proposing algorithms and a workflow that are tailored in a thoughtful way that is both accurate, interpretable and user-friendly.
[bookmark: _Toc232772899][bookmark: _Toc233243781]Proposed Workflow Methodology
[bookmark: _Toc232772900][bookmark: _Toc233243782]Overview of the Machine Learning Pipeline
A well-designed and repeatable machine learning pipeline is crucial in building a reliable predictive maintenance model. 
There are five phases which are used to explore that is Data Preprocessing, Data Collection and Integration, Exploratory Data Analysis and Feature Engineering, Model Selection and Training, and finally Hyperparameter Tuning and Model Evaluation.
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Figure 3: Explaining the Machine Learning Pipeline
[bookmark: _Toc232772901][bookmark: _Toc233243783]Data Collection and Integration
The manufacturing company gathers data from the machines, such as temperature, vibration, and pressure readings. The predictive model is based on the readings. Usually data is collected from the sensor(s) through a programmable logic controller (PLC) or an industrial gateway that integrates the signals of several sensors and sends this information to the central server that controls a database or data historian. The AI4I 2020 Predictive Maintenance Dataset is used as a reference for this report since it features a representative subset of parameters for sensors commonly found in the manufacturing context outlined in this report, and these include air temperature, process temperature, rotational speed, torque, and tool wear [17].
The key is that there should be multiple sensors, which should all be synchronised with regard to the time stamping, meaning that each training instance will be the same configuration of the machine at the same moment in time. If existing failure data, that is a match should be done with the sensor values. In the case of a historical failure record, the failure recordings should be compared with the measurements that the sensors collect, and labeled training examples should be created. In this situation, the target variable is binary and will be equal to 1 if a failure is registered and 0 otherwise [26]. The accuracy and level of detail contained in the historical failure record is, therefore, essential to the quality of the training data and should receive special attention by the organizations to manage their quality so that better future modeling can be attempted.
[bookmark: _Toc232772902][bookmark: _Toc233243784]Data Preprocessing
Often, raw sensor data is not clean. It frequently has missing values, outlier data points and errors resulting from problems with the data logging systems, sensor-to-network communications or the sensors themselves. Any modelling cannot commence until these problems have been addressed because uncleaned data can severely impact the performance of the model. Mean or median imputation for numeric attributes or forward-fill for sensor data streams in time order is recommended, depending on how and to what extent the data is missing [3].
Random Forest is also a method particularly robust against scaling differences of features; namely, scaling is less important for this type of algorithm compared to others like Support Vector Machines and k-Nearest Neighbors [22].
A key challenge in predictive maintenance data is being faced with class imbalance [23]. Extremely high accuracy with predictive value of 0 is the correct answer for a naive classifier that predicts no failure for every instance, as would also be obtained by all failures in the AI4I 2020 dataset that account for about three percent of all instances [17]. This imbalance can be corrected by applying a Synthetic Minority Over-sampling Technique (SMOTE), which creates synthetic instances of the minority failure class in the training set and enhances the model's capability to correctly identify real failure instances.
[bookmark: _Toc232772903][bookmark: _Toc233243785]Feature Engineering and Exploratory Data Analysis (EDA)
Exploratory Data Analysis (EDA) is a crucial step in data analysis in which visualisation of data and also examine and summarise the data and finding good and meaningful insights is done on the given or provided dataset by looking at correlation, distribution plots, and descriptive statistics. Torque and angular speed in the AI4I 2020 set are highly correlated with a negative relationship, while tool wear is highly correlated with failure risk and positive [1]. The combination of data knowledge and data science in data science domain is called feature engineering. In a manufacturing environment, this could include taking averages of sensor readings within a specific time range, obtaining a rate-of-change feature indicating the change in a sensor's value through time, or detecting correlations between even more sensors that may indicate mechanical strain. The models feature importance can be used to inform further tuning, removing features that are not important, causing this to become more compact and efficient without compromising the accuracy of the model which is done after training the Random Forest Model.
[bookmark: _Toc232772904][bookmark: _Toc233243786]Selection and Training of Models
Interpretability, accuracy and computational cost are the three important factors to consider in a manufacturing context in the point of model choice. The selected algorithm is Random Forest for the following reasons, as will be discussed in detail in the next section, 4. In training, the dataset is split into training and testing sets with a stratified split, ensuring that the percentage of failures in both sets is proportional [28]. For the AI4I2020 benchmark dataset, a standard split of 80/20 is suitable for a training and test set, respectively [17].
A 10-fold cross-validation is used to get a better estimate of model generalisation performance than a train-test split when training it. The data set, highly imbalanced, is split into "stratified k-fold" cross validation, so that there is no fold that under-represents or over-represents the ratio of failures. So it minimises risk of a wildly optimistic performance estimate, that doesn't generalise to unseen production data.
[bookmark: _Toc232772905][bookmark: _Toc233243787]Hyperparameter Tuning
Random Forest can also have a lot of hyperparameters, some of which affect how the model is built: Number of trees in the forest, Maximum depth of each tree, Minimum number of samples in each node, Number of characteristics to consider when uniform-ness decreases when splitting a node. The grid-search and cross-validation approach offers a systematic process to find the best set of hyperparameters in a reasonably sized search [16]. When the number of computations is particularly large, randomised search is more preferred than exhaustive grid search.  Because a small number of uniformly distributed hyperparameters are chosen, instead of examining every possible combination, good results are obtained in significantly less setup time.
[bookmark: _Toc232772906][bookmark: _Toc233243788]Model Evaluation
In predictive maintenance applications, such as those mentioned above, the probabilities of any given error type are likely to be unequally distributed, which means the type of evaluation metrics used is critical. A false negative (model not predicting a failure) means an unplanned failure may occur, which can lead to significant safety and financial losses [13]. A false positive, in which the model misjudged failure, results in an unnecessary but less expensive maintenance action. This must be taken into account in the evaluation framework, which should account for this imbalance instead of all errors being treated equally.
Accuracy is also a poor measure with an unbalanced dataset, as it ignores the ratio of the costs of false positives and false negatives. The proportion of failures predicted that were actual failures is called precision and is an indicator of the rate of false alarms. Another term for recall is sensitivity, which indicates the percentage of true failures that the model successfully classifies, and for predictive maintenance tasks, failing to detect a failure can cost a lot. When both types of error are meaningful, the F1 Score is used, the harmonic mean of Precision and Recall. The Area Under the Receiver Operating Characteristic Curve (ROC-AUC) value is frequently preferred in imbalanced binary classification due to its ability to evaluate the performance of the model for a variety of classification levels [7]. The Precision-Recall Curve is also suggested as an additional tool to accompany the Receiver Operating Characteristic Curve when the positive class is rare.
[bookmark: _Toc232772907][bookmark: _Toc233243789]Discussion and Recommendation
Random Forest is the most suitable machine learning algorithm for predicting equipment failures in a manufacturing environment after comparing various algorithms. Accurately and easily understood with no special computing equipment needed. One such method that is particularly suitable is their availability with the Random Forests algorithm. Instead of using one huge decision tree that is likely to overfit and sensitive to noise, a Random Forest is made of a number of smaller trees to afford more stable and robust predictions. It can cope with complex, non-linear relationships in industrial sensor data like the common ones, and importantly, it can inform you of the important variables in the model valuable when explaining to the engineers or plant managers what is important in making a prediction. The ground engineers can then concentrate on only the most important sensors and components, instead of keeping an eye on all of them [25].
However, considering the other options, Decision Trees were easily used for overfitting and unreliable for different training sets [21]. Logistic Regression, on the other hand, performs well on simpler problems but fails when the relationships between two variables are not linear, and many cases of machine data we can imagine have this characteristic. While highly accurate, SVM evaluations may suffer in efficiency when applied to large amounts of information, and provide no clues as to what features are being used in a prediction [15]. Gradient Boosting can be powerful as it requires the large amount of resources and also it is challenging to do it in a correct way.
[bookmark: _Toc232772908]The situation of the tools varies within time intervals, and the accuracy of the model may deteriorate if it is not retrained at regular intervals as these are the following maintenance which are required after model is deployed
[bookmark: _Toc233243790]Conclusion
In manufacturing, predictive maintenance is a highly effective method of lower equipment failure and better efficiency. Existing literature and comparisons of Traditional machine learning techniques, contain the very best model in this regard which is Random Forest. The algorithm shows a balanced level between the prediction accuracy, interpretability and computational efficiency, suitable for organisations with constrained computing resources. The machine learning workflow outlined is applicable to the real-world scenario, including the data preprocessing, feature engineering, model training, and evaluation stages. Adopting this approach can support more reliable and cost-effective maintenance decisions in the long run.
[bookmark: _Toc233243791]Reference
[1].  Abukmeil, M., Ferrari, S., Genovese, A., Piuri, V. and Scotti, F., (2021). A survey of unsupervised generative models for exploratory data analysis and representation learning. Acm computing surveys (csur), 54(5), pp.1-40.
[2].  ai, xpresso. (2021, September 27). Explaining the Machine Learning Pipeline. Medium. https://xpressoai.medium.com/explaining-the-machine-learning-pipeline-20a63569b749 [Accessed 19 Jun. 2026].
[3].  Bejani, M., Mauri, M. and Mariani, S., (2025). Self-Attention-Based Deep Learning for Missing Sensor Data Imputation in Real-Time Probe Card Monitoring. Sensors, 25(23), p.7194.
[4].  Charaya, S., (2025). Enhancing Industrial Reliability through Predictive Maintenance using Hybrid ML-DL Models. International Journal of Engineering Science & Humanities, 15(3), pp.390-407.
[5].  Çınar, Z.M., Abdussalam Nuhu, A., Zeeshan, Q., Korhan, O., Asmael, M. and Safaei, B., (2020). Machine learning in predictive maintenance towards sustainable smart manufacturing in industry 4.0. Sustainability, 12(19), p.8211.
[6].  Farooq, U., Ademola, M. and Shaalan, A., (2024). Comparative analysis of machine learning models for predictive maintenance of ball bearing systems. Electronics, 13(2), p.438.
[7].  Florian, E., Sgarbossa, F. and Zennaro, I., (2021). Machine learning-based predictive maintenance: A cost-oriented model for implementation. International Journal of Production Economics, 236, p.108114.
[8].  Fylladitakis, E.D., (2025). Fault Identification and Predictive Maintenance Techniques for High-Voltage Equipment: A Review and Recent Advances. Journal of Power and Energy Engineering, 13(7), pp.1-39.
[9].  Gholipour, Y., (2025). A Comprehensive Review of Maintenance Strategies: From Reactive to Proactive Approaches. Available at SSRN 5349871.
[10].  Hector, I. and Panjanathan, R., (2024). Predictive maintenance in Industry 4.0: A survey of planning models and machine learning techniques. PeerJ Computer Science, 10, p.e2016.
[11].  Ismail, M. and Ahmed, R., (2024). A comprehensive review of cloud-based lithium-ion battery management systems for electric vehicle applications. IEEE Access, 12, pp.116259-116273.
[12].  Khalili, Y., Ahmadi, M. and Moraveji, M.K., (2025). Time-aware predictive maintenance of electrical submersible pumps using catboost ensemble learning and trend-based labeling. Journal of Petroleum Exploration and Production Technology, 15(9), p.147.
[13].  Khan, U., Cheng, D.S., Setti, F., Fummi, F., Cristani, M. and Capogrosso, L., (2026). A comprehensive survey on deep learning-based predictive maintenance. ACM Transactions on Embedded Computing Systems, 25(2), pp.1-43.
[14].  Li, W. and Li, T., (2025). Comparison of deep learning models for predictive maintenance in industrial manufacturing systems using sensor data. Scientific Reports, 15(1), p.23545.
[15].  Logunova, I. (2022, October 18). Guide to Support Vector Machine (SVM) Algorithm. Serokell Software Development Company. https://serokell.io/blog/support-vector-machine-algorithm [Accessed 19 Jun. 2026].
[16].  Magalhaes, B., Bento, P., Pombo, J., Calado, M.D.R. and Mariano, S., (2024). Short-term load forecasting based on optimized random forest and optimal feature selection. Energies, 17(8), p.1926.
[17].  [bookmark: _Hlk232783640]Matzka, S. (2022). Predictive Maintenance Dataset (AI4I 2020). [online] www.kaggle.com. Available at: https://www.kaggle.com/datasets/stephanmatzka/predictive-maintenance-dataset-ai4i-2020 [Accessed 19 Jun. 2026].
[18].  Mohammed, N.A., Abdulateef, O.F., Hamad, A.H. and Abdullah, O.I., (2024). Performance analysis of different machine learning algorithms for predictive maintenance. Al-Khwarizmi Engineering Journal, 20(2), pp.26-38.
[19].  Molęda, M., Małysiak-Mrozek, B., Ding, W., Sunderam, V. and Mrozek, D., (2023). From corrective to predictive maintenance—A review of maintenance approaches for the power industry. Sensors, 23(13), p.5970.
[20].  Moulla, D.K., Mnkandla, E., Aboubakar, M., Ari, A.A.A. and Abran, A., (2024). PdM-FSA: predictive maintenance framework with fault severity awareness in Industry 4.0 using machine learning. International Journal of Electrical and Computer Engineering, 14(6), pp.7211-7223.
[21].  Odeyar, P., Apel, D.B., Hall, R., Zon, B. and Skrzypkowski, K., (2022). A review of reliability and fault analysis methods for heavy equipment and their components used in mining. Energies, 15(17), p.6263.
[22].  Ooko, S.O. and Karume, S.M., (2024). Application of tiny machine learning in predicative maintenance in industries. Journal of Computing Theories and Applications, 2(1), pp.131-150.
[23].  Pinheiro, J.M.H., de Oliveira, S.V.B., Silva, T.H.S., Saraiva, P.A.R., de Souza, E.F., Godoy, R.V., Ambrosio, L.A. and Becker, M., (2025). The impact of feature scaling in machine learning: Effects on regression and classification tasks. IEEE Access, 13, pp.199903-199931.
[24].  Shahin, M., Chen, F.F., Hosseinzadeh, A. and Zand, N., (2023). Using machine learning and deep learning algorithms for downtime minimization in manufacturing systems: An early failure detection diagnostic service. The international journal of advanced manufacturing technology, 128(9), pp.3857-3883.
[25].  Taşcı, B., Omar, A. and Ayvaz, S., (2023). Remaining useful lifetime prediction for predictive maintenance in manufacturing. Computers & Industrial Engineering, 184, p.109566.
[26].  Tsallis, C., Papageorgas, P., Piromalis, D. and Munteanu, R.A., (2025). Application-wise review of Machine Learning-based predictive maintenance: Trends, challenges, and future directions. Applied Sciences, 15(9), p.4898.
[27].  VectorMine (2023). Predictive maintenance division for technology fix control outline diagram - VectorMine. [online] VectorMine. Available at: https://vectormine.com/item/predictive-maintenance-division-for-technology-fix-control-outline-diagram/ [Accessed 19 Jun. 2026].
[28].  Yang, Y. and Wang, H., (2025). Random forest-based machine failure prediction: A performance comparison. Applied Sciences, 15(16), p.8841.
image1.jpeg
PREDICTIVE MAINTENANCE

PERSPECTIVE
MAINTENANCE

CORRECTIVE MAINTENANCE REGULAR MAINTENANCE USE OF SENSORS AND SOFTWARE MACHINE LEARNING

AFTER A BREAKDOWN TOREDUCE BREAKDOWN TO PREDICT BREAKDOWN 'PREDICTS BREAKDOWNS
AND IDENTIFY SOLUTIONS




image2.png




image3.png
ML ops

o.....>
e

|
T

= el =





