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[bookmark: _Toc233183407]Abstract
The increasing use of sensors in modern manufacturing environments has resulted in large volumes of operational data being generated from industrial equipment. When analyzed effectively, this data can provide early indications of equipment degradation and potential failures, allowing maintenance activities to be planned before breakdowns occur. Predictive maintenance has therefore become an important application of machine learning, particularly for organizations seeking to reduce downtime, maintenance costs and production interruptions [1].
This report reviews current literature and industrial applications of predictive maintenance using traditional machine learning techniques. Commonly used algorithms, including Logistic Regression, Decision Trees, Random Forest and Support Vector Machines, are examined with respect to their predictive performance, interpretability and computational requirements. Particular attention is given to the challenges associated with industrial sensor data, such as noise, missing values and class imbalance.
Based on the reviewed studies, Random Forest is identified as the most suitable algorithm for organizations operating under limited computational resources. The model offers a strong balance between prediction accuracy, robustness to noisy sensor readings and ease of interpretation through feature importance analysis. An efficient workflow is proposed, consisting of data collection, preprocessing, feature engineering, model training and validation. The workflow also incorporates cross-validation and appropriate strategies for handling class imbalance.
To evaluate model performance, the report recommends using precision, recall, F1-score and ROC-AUC rather than accuracy alone, as equipment failures are typically rare events. The findings suggest that a carefully designed Random Forest-based predictive maintenance system can provide reliable failure prediction while maintaining reasonable computational cost and transparency. Such an approach can support more effective maintenance planning and improve operational efficiency in manufacturing environments.

[bookmark: _Toc233183408]Introduction
Industrial equipment is constantly exposed to wear, changing operating conditions and environmental factors, which can lead to unexpected failures. Maintenance is therefore essential for keeping production running smoothly, but it also represents a significant cost in terms of labour, time and spare parts. In some companies, maintenance costs can represent a large proportion of total production costs, making it difficult to determine a single, best-performing strategy for each situation. Preventive maintenance is widely used to reduce downtime by scheduling interventions at fixed intervals. Although effective, this approach can still lead to unnecessary work or missed failures, especially when the available data is incomplete or inaccurate. As production demands increase and budgets remain limited, companies need more efficient ways to plan maintenance [3].
Predictive maintenance offers a more flexible alternative by using sensor data and condition monitoring to detect early signs of equipment degradation. This allows maintenance to be carried out only when needed, helping reduce downtime, optimize resources and improve overall system availability. Implementing PdM typically involves three main steps: understanding how the equipment fails, collecting and preparing the relevant data, and developing a predictive model that can support maintenance decisions.








[bookmark: _Toc233183409]Literature Review
Predictive maintenance is one of the modern solutions that combines machine learning, artificial intelligence, and sensor-based condition monitoring to predict potential equipment failures before they occur [2].
Based on the collection of data from various sensors, machine learning is increasingly used to track equipment performance and predict when failures may occur. The advantage of predictive maintenance is to detect abnormal machine behavior early and perform maintenance only when necessary. This helps ensure equipment operation, improves product safety and quality, reduces the probability of failures, and reduces unnecessary maintenance costs [3].
This review looks at the different machine learning techniques that are most commonly reported in predictive maintenance research. It also examines how they are applied in industry and what their key advantages and limitations are.
Decision trees, random forests, neural networks, support vector machines, and logistic regression are some of the most widely used machine learning models in predictive maintenance, which can predict equipment failures and improve maintenance planning efficiency.

Support vector machines are the most applicable and reliable for classification tasks, especially when we have smaller data sets. They effectively find optimal separation boundaries even in highly nonlinear feature spaces, but with larger data sets, the computation becomes expensive and must be scaled very carefully. This can limit their applicability in resource-constrained environments. Random forest classifiers, with an ensemble approach, combine multiple decision trees, which improves generalization ability and makes them robust when working with noisy or high-dimensional sensor data. Although the Random Forest reduces overfitting compared to a single decision tree, the interpretation of the model becomes more difficult due to its ensemble structure. Neural networks, and in particular multilayer perceptron (MLPs), are better suited for modeling complex nonlinear dependencies characteristic of signals generated by electronic devices. Their performance usually depends on the availability of large data sets and significant computing resources. The computational costs here are also high [4].
The conclusion is that the choice of model depends on the specific industrial context, the available computing resources, and the volume and quality of sensor data.
Some researchers have compared the performance of decision trees and Random Forests with that of other popular algorithms – such as SVM, logistic regression, XGBoost. Naive Bayes. The results of the experiments show that Decision Trees give clear predictions, stand out with high accuracy and good execution time. This makes them suitable for predictive maintenance. However, they are unstable, sensitive to noise, prone to overfitting and are not very effective on complex data. [5].
One study evaluated several machine learning models and reported that decision trees achieved an impressive 98% accuracy. The findings were obtained through the evaluation of key operational parameters, including hydraulic pressure, spindle rotational speed, and machine vibration measurements, which demonstrate both the predictive capability and transparency of the proposed approach. While the model achieves strong results when trained and tested on balanced datasets, its performance can be affected by noisy inputs and uneven class distributions commonly encountered in industrial environments. This highlights the importance of additional studies focused on improving model robustness and adaptability. Compared with alternative machine learning techniques, such as Random Forests, Support Vector Machines, and boosting-based algorithms, the Decision Tree approach offers a practical compromise between predictive performance, computational efficiency, and ease of interpretation. Nevertheless, several constraints were identified, particularly its dependence on appropriate hyperparameter configuration and its reduced effectiveness when processing highly complex data structures. The developed system is capable of generating real-time predictions, allowing maintenance activities to be scheduled proactively and helping to minimize operational expenses. Future enhancements may include the integration of IoT-driven data sources, the adoption of hybrid modeling strategies to increase predictive accuracy, and the application of specialized industrial analytics to further strengthen maintenance planning and operational efficiency [5].
The results of this study are relevant to our project, as the company works with limited resources and needs a model that is both lightweight and interpretable.
Recent research on the CMAPSS dataset has explored the performance of multiple machine learning approaches for predicting equipment degradation and remaining useful life. Support Vector Machine models have demonstrated satisfactory results in regression applications; however, their effectiveness is highly dependent on appropriate parameter optimization. In addition, these models often struggle with computational efficiency when processing datasets with a large number of features, particularly when the input variables have not been properly standardized.
Ensemble learning techniques based on decision trees have generally shown greater resilience under varying data conditions. Random Forest algorithms are capable of capturing complex nonlinear relationships and offer valuable insights through feature importance analysis. Nevertheless, their predictive performance may deteriorate when noisy temporal data are present, especially if feature extraction and data aggregation procedures are not carefully designed.
Among the evaluated approaches, XGBoost frequently achieves superior predictive accuracy. Its regularization mechanisms help reduce overfitting, while its optimized tree-building process enables efficient learning from large datasets. As a result, XGBoost has consistently reported lower prediction errors and stronger overall performance across a range of CMAPSS benchmark studies [2].
A wide range of predictive maintenance approaches have been proposed in scientific literature, including both data-driven models and methods based on physical principles and expert knowledge. It can be said that these strategies still face several persistent challenges and limitations. Key issues include reducing dependency on highly specific operational contexts, integrating data with domain and business knowledge, adapting established solutions to new scenarios, and addressing the difficulties of analyzing complex datasets [6].
A study in the area of predictive maintenance investigated the use of sensor-generated operational data to improve the detection of equipment failures. The dataset included measurements of air temperature, process temperature, rotational speed, torque, and tool wear, representing five critical indicators of machine condition. These variables were selected as the primary inputs for the failure prediction process.
To assess the effectiveness of different machine learning approaches, the researchers developed and tested two classification models: an Artificial Neural Network (ANN) and a Random Forest algorithm. Both models were trained using historical sensor observations in order to learn patterns associated with machine faults and abnormal operating conditions. After the training phase, their predictive capabilities were evaluated using appropriate performance metrics.
The experimental findings indicated that each model was able to successfully detect potential failures from the available sensor information. Nevertheless, the Random Forest classifier achieved superior results, demonstrating greater accuracy in differentiating between normal and faulty operating states. In addition, it showed improved capability in recognizing and categorizing specific failure modes, making it the more effective solution among the two evaluated approaches [6].
A review of various systematic literature reviews shows that they offer valuable information on methodologies, current trends, and application areas. However, there are many areas that remain underexplored, such as the ranking of supervised learning approaches by industry and whether the application is safety-critical or not. Furthermore, there is a need for a more in-depth study of the real and synthetic datasets used for model development, as some limitations and accessibility affect the practical implementation of predictive maintenance models [7].
The studies highlight that access to real-world datasets from industry is limited. There is a lack of openly shared industrial data and many studies are based on simulated or laboratory data, which limits their application in real-world production environments [7].
One of the commonly used methods for visual evaluation of classification models is the ROC curve, which shows the relationship between True Positive Rate and False Positive Rate at different thresholds.
Many literature sources highlight a major challenge - class imbalance, as failures are rare. As a result, models with high accuracy but low recall for the ‘failure’ class are obtained, which is unacceptable in an industrial context. Another important issue is how to develop a simplified predictive maintenance model that is accessible to small and medium-sized enterprises, as they often lack the necessary technical and financial resources. Future research could focus on creating such a simplified PdM model [6].
[bookmark: _Toc233183410]Proposed Workflow Methodology
[bookmark: _Toc233183411]1. Overview of the Proposed Approach
The proposed methodology, following a structured workflow, will be used to develop a lightweight and predictive maintenance model. Using the literature already reviewed, we conclude that traditional machine learning algorithms are the most suitable based on their accuracy, computational efficiency and robustness. The overall process follows a structured sequence of steps, beginning with data gathering and preparation, followed by feature generation, model construction, and finally the evaluation of predictive performance through relevant metrics.
The ultimate goal is to choose a practical and resource-efficient method that can be implemented in a real industrial environment with limited computing capacity. The chosen workflow is suitable for companies with limited computing capacity, where deep learning models are not applicable. The structure of the methodology is a linear pipeline and can be implemented in real time.

[bookmark: _Toc233183412]2. Data Description
Predictive maintenance systems use data from sensors located in different sections of the production process. These can be temperature sensors, vibration sensors, pressure sensors, and so on. This data is used to monitor the operating condition of industrial equipment, detect anomalies, and prevent failures. This project does not use a database, but the methodology requires the use of sensor data. The sensor data is a multivariate time series of variables such as temperature, vibration, and pressure. These variables are important indicators of the condition of the machine and potential indicators of failure. This data can include both values ​​under normal operating conditions and potential equipment deterioration or failure. [9].

[bookmark: _Toc233183413]3. Data Preprocessing
Before developing the model, the sensor data must be cleaned and prepared.
Raw sensor data often contains uninformative or redundant data. Through preprocessing, the data becomes clean and consistent and suitable for modeling. Duplicate records are removed, missing values ​​are checked, and measurement errors are filtered. Typically, sensor readings are at different scales, and normalization or standardization needs to be performed. All parameters are standardized using the StandardScaler system. Since failure events occur much less frequently than normal operation, resampling or class weighting is used to address this problem [2].
Various methods are used to address the main data issues. Missing values are handled by prefilling small gaps of up to five minutes, while larger gaps are filled using linear interpolation. To reduce noise and smooth the signals, filtering techniques such as the Savitzky–Golay filter are applied. Outliers are identified using the interquartile range method, with sensor‑specific IQR thresholds based on domain knowledge [9].

[bookmark: _Toc233183414]4. Feature Engineering
Feature engineering is a very important in improving model performance. Feature engineering is used to enhance the predictive power of machine learning algorithms by creating new features from available data. First, feature engineering is performed, the next step is feature selection, by removing redundant, highly correlated, and irrelevant features. When using historical data, it should be kept in mind that they are separate moments in the past. Disturbances, such as noise, may appear in the measurement of individual parameters, complicating the prediction. Statistical descriptors such as mean, variance, kurtosis, skewness, and rms are commonly extracted for vibration and rotational speed signals. Aggregation of time windows can be applied, on the basis of which the values ​​are "smoothed", thus the effects of noise on the characteristics are minimized. These engineering features help the model detect subtle changes in machine behavior that may indicate early signs of deterioration [8].

[bookmark: _Toc233183415]5. Model training
During training, Random Forest “learns” the data by creating multiple separate decision trees. Each tree works with different randomly selected features, which helps reduce overfitting and improve the robustness of the model. Then, all the trees make their predictions, and the model combines their results, resulting in better generalization and less sensitivity to noise in the data. Hyperparameters such as the number of trees, maximum depth, and minimum number of split samples are gradually adjusted until a good balance between accuracy and speed is found. To avoid information leakage, all preprocessing steps—such as scaling and creating new features—are applied only to the training data. The same transformations are then used on the test set. This way, the model does not learn from the test data during training [11].

[bookmark: _Toc233183416]6. Model Selection and Rationale
Based on the literature I reviewed and the need for a model that can work with limited computational resources, I chose Random Forest as the most suitable option for predictive maintenance. Compared to decision trees, SVMs, and neural networks, Random Forest offers a better overall balance between accuracy, robustness when data is noisy, ease of interpretation, and reasonable computational cost. Another advantage is that it shows which features are most important, which is useful in industrial settings where maintenance decisions need to be clear and justified.
The final choice was made after comparing the performance of all tested models under the same conditions. Studies show that Random Forest achieves quite high recall in predicting actual failure events, outperforming SVM and logistic regression. A high recall rate is essential in predictive maintenance because missing an actual fault will lead to damage or costly downtime. It is also more precise than the other models, meaning that it generates fewer false alarms and is more reliable in correctly identifying non-failure conditions. Precision is also an important element, as more false alarms can interrupt operations and lead to unnecessary maintenance. This combination of strong recall and precision makes Random Forest one of the most reliable models for predictive maintenance applications [10].

[bookmark: _Toc233183417]7. Evaluation Metrics
Several classification metrics should be used to evaluate the performance of the model. Accuracy gives a general idea of ​​the number of correctly made predictions, but it is not sufficient on its own, especially when the number of failures is significantly lower than the number of normal states. For this reason, precision, recall and F1-score also need to be considered. Precision shows how well the predicted failures actually were failures, while recall measures the model's ability to detect real failures. This is especially important in predictive maintenance, since a missed failure can lead to unplanned downtime and additional costs. The F1-score combines precision and recall into one metric and allows for a more balanced evaluation of the model. To obtain a more reliable evaluation of the result, it is good to apply 5-fold cross-validation, in which the model is trained and tested on different parts of the data set. In this way, the estimation does not depend on a single data split and on the estimation of more realistic model behavior [4].

[bookmark: _Toc233183418]8. Limitations of the Proposed Method
Although the Random Forest approach is practical and efficient in terms of computational resources, it has several important limitations. The main issue is its dependence on the quality of the input sensor data — when there is significant noise or a lack of failure examples, the model may struggle to generalize effectively. In addition, while Random Forest is strong at capturing complex relationships, it gradually becomes less interpretable as the number of trees increases, which makes it more difficult to explain how individual features contribute to the final predictions. Furthermore, the approach assumes relatively stable operating conditions, which is not always the case in real industrial environments. In situations where equipment behaviour changes dynamically, additional techniques such as drift detection or online learning may be required [12].




[bookmark: _Toc233183419]Results & Discussion
[bookmark: _Toc233183420]1. Overview of Model Performance
The predictive maintenance model was assessed using accuracy, precision, recall, F1-score, and the ROC curve. These metrics were selected to measure how effectively the model could identify equipment failures and distinguish them from normal operating conditions. Because failure cases occur relatively infrequently, precision and recall were considered particularly important when evaluating model performance [7].
[bookmark: _Toc233183421]2. ROC Curve Analysis
The ROC curves displayed in Figure 1 summarize the classification performance of the machine learning models considered in this study. By plotting the True Positive Rate against the False Positive Rate at different decision thresholds, the curves provide an overview of each model’s discriminative ability. Logistic Regression achieved the best result with an AUC of 0.871, while Random Forest and XGBoost obtained values of 0.867 and 0.862, respectively. These scores demonstrate that all models were effective in identifying failure events and differentiating them from normal observations. Similar trends have been observed in previous studies involving datasets of small and moderate size, where Logistic Regression and ensemble-based algorithms delivered competitive predictive performance [13].
[image: ]
Figure 1
The Random Forest model achieved results that were very close to those of Logistic Regression. This suggests that it could be a suitable option for predictive maintenance tasks, particularly when sensor data contains noise. Its ability to handle complex patterns and produce stable results makes it a practical choice for real-time industrial applications.
[bookmark: _Toc233183422]3. Confusion Matrix Analysis
A confusion matrix Figure 2 was used to examine how well the Random Forest model classified failure and non-failure cases. It shows the number of correct and incorrect predictions, including true positives, true negatives, false positives, and false negatives. In predictive maintenance, false negatives are particularly important because missing a failure can lead to equipment damage, production interruptions, and additional costs. Although false positives may result in unnecessary maintenance, their impact is usually less severe.
The results show that the Random Forest model correctly classified most observations and produced only a small number of false negatives. This suggests that the model can detect potential failures effectively while maintaining a good balance between sensitivity and accuracy. Similar findings have been reported in previous studies involving sensor-based predictive maintenance datasets [10]. Overall, the confusion matrix supports the use of Random Forest for predictive maintenance applications, particularly in situations where early failure detection is a priority.
[image: ]
Figure 2

[bookmark: _Toc233183423]3. Discussion of Classification Metrics
In addition to the ROC curve, precision and recall were used to assess the practical performance of the model. Recall is particularly important in predictive maintenance because undetected failures can result in equipment damage and production downtime. The Random Forest model achieved high recall while maintaining good precision, which means it was able to detect most failures without generating too many false alarms. These findings are consistent with previous studies that report strong performance of Random Forest models when analyzing sensor data [10]. Another advantage of the model is its ability to identify the most important variables, helping engineers better understand which factors are associated with equipment failures.

[bookmark: _Toc233183424]4. Comparison with Literature
The results obtained in this project are similar to those reported in previous predictive maintenance studies. Research based on CMAPSS and other industrial datasets has shown that Random Forest and XGBoost often perform better than single decision trees and SVM models [2]. Other studies using sensor measurements such as vibration, temperature, and rotational speed have also reported good performance from Random Forest models while maintaining low computational requirements [6].
The ROC results from this study support these findings. They show that traditional machine learning models can achieve high prediction accuracy without the need for more complex deep learning approaches, which may require greater computational resources.

[bookmark: _Toc233183425]5. Interpretation and Practical Implications
The results indicate that the Random Forest model is well‑suited for real‑time predictive maintenance applications. Its high recall ensures that potential failures are detected early, while its precision reduces unnecessary maintenance actions. This makes the model particularly valuable for companies with limited computational resources, where interpretability, reliability, and efficiency are essential.
The ROC curve confirms that the model maintains strong discriminative ability across different thresholds, making it adaptable to various industrial risk tolerances. For example, in safety‑critical environments, the threshold can be adjusted to prioritize recall, while in cost‑sensitive environments, precision may be prioritized.










[bookmark: _Toc233183426]Recommendations
Based on the findings from both the literature and the experiments conducted in this project, Random Forest appears to be a suitable choice for predictive maintenance tasks. It generally provides strong predictive performance while remaining relatively easy to interpret. Unlike more complex deep learning approaches, Random Forest allows engineers to examine feature importance scores and identify which sensor measurements contribute most to failure prediction. In industrial environments, this information can be useful when investigating the causes of equipment faults.
A typical implementation would begin with collecting data from multiple sensors, followed by preprocessing steps such as handling missing values, reducing noise and preparing the data for analysis. Additional features can then be created from the raw measurements using statistical summaries or time-based aggregation. Once the data are prepared, the model can be trained and validated using techniques such as k-fold cross-validation to improve reliability and reduce the likelihood of overfitting.
Because machine failures usually occur less frequently than normal operating conditions, class imbalance should also be considered during model development. Depending on the dataset, this can be addressed through resampling methods or by assigning higher weights to failure cases during training.
Model performance should be evaluated using several metrics rather than accuracy alone. Measures such as precision, recall, F1-score and ROC-AUC provide a better understanding of how effectively failures are identified. Particular attention should be paid to recall, since missed failures may result in unplanned downtime or equipment damage. Examining the confusion matrix can also help determine whether the model produces an acceptable balance between false alarms and missed failures. Overall, this approach offers a practical combination of predictive performance, interpretability and computational efficiency for industrial predictive maintenance applications.




[bookmark: _Toc233183427]Conclusion
The results of this project suggest that traditional machine learning methods can be an effective option for predictive maintenance, particularly in environments with limited computing resources. Among the models tested, Random Forest achieved the best overall performance, combining good accuracy, recall, and stability when analysing noisy sensor data.
The evaluation metrics showed that the model was able to distinguish effectively between normal and failure conditions. High recall helped identify most potential failures, while good precision reduced the number of unnecessary maintenance actions. These characteristics are important in industrial settings, where both missed failures and false alarms can have financial consequences.
The findings are broadly consistent with previous research, which has reported strong performance from ensemble-based methods such as Random Forest. The results also indicate that accurate predictions can be achieved without relying on complex deep learning models or expensive computing infrastructure.
Overall, the study shows that a relatively simple and interpretable machine learning approach can support predictive maintenance and help organisations reduce downtime and improve operational efficiency.
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