ACCA7025 Application of Machine Learning

[image: ]

Programme: MSc Data and Artificial Intelligence

Module: L7 – Application of Machine Learning
Module code: ACCA7025

Assignment Title: Recommendation of a Machine Learning Model

Lecturer: Dr Aliyu Sambo


Student name: Parth Nitinbhai Patel
Student ID number: 2528028




Contents
1	Contents	2
2	Abstract	3
3	Introduction	4
4	Literature Review	5
4.1	Predictive Maintenance	5
4.2	Decision Tree	5
4.3	Logistic Regression	6
4.4	Support Vector Machine (SVM)	6
4.5	Random Forest	7
4.6	Comparison of Algorithms	7
5	Proposed Workflow Methodology	8
5.1.1	Figure1: Proposed Predictive Maintenance Workflow	8
5.2	Data Collection	9
5.3	Data Preprocessing	9
5.3.1	Figure 2: Data Preprocessing Workflow	10
5.4	Feature Extraction and Feature Selection	10
5.5	Model Training Using Random Forest	11
5.5.1	Figure 3: Random Forest Training Process	11
5.6	Performance Evaluation	12
6	Discussion and Recommendation	13
7	Conclusion	14
8	References	15




[bookmark: _Toc233147786]Abstract
Predictive Maintenance has become important strategy in modern manufacturing because it allows organizations to predict equipment fault before they occur and perform maintenance only when necessary. [1] The rapid development of Industry technologies, including smart sensors, and edge computing, has increased the use of data-driven maintenance approaches that improve equipment reliability and reduce unexpected downtime. However, manufacturing systems operating under limited computational resources require machine learning algorithms that provide high predictive performance while maintaining computational efficiency, robustness, and interpretability. [8]
This report provides a critical evaluation of four traditional machine learning algorithms Decision Tree, Logistic Regression, Support Vector Machine (SVM), and Random Forest for predictive maintenance in manufacturing environments with limited computing resources. [1] The algorithms are compared based on predictive accuracy, computational complexity, interpretability, robustness to noisy sensor data, and susceptibility to overfitting. The findings indicate that although Decision Tree and Logistic Regression offer simplicity and interpretability, their predictive capabilities are limited for complex industrial data. [6] SVM achieves strong classification performance but requires higher computational resources and extensive parameter tuning. By comparison, Random Forest offers the most balanced solution by combining high predictive accuracy, robustness to noise, resistance to overfitting, and moderate computational requirements. [8]
Based on the evaluation, Random Forest is recommended traditional machine learning algorithm for predictive maintenance in manufacturing systems. [6] In addition, a systematic workflow consisting of data collection, data preprocessing, feature extraction and selection, model training, and performance evaluation is proposed to support practical industrial implementation. [8]
[bookmark: _Toc233147787]Introduction
Manufacturing industries increasingly rely on intelligent maintenance strategies to update equipment reliability, lower operational disruptions, and reduce maintenance costs. [1] Traditional maintenance approaches, including corrective and preventive maintenance, present several limitations in modern industrial environments. Corrective maintenance is performed only after equipment failure, often resulting in unexpected downtime and expensive repairs. [2] prevent maintenance, although more proactive, schedules maintenance activities at fixed intervals regardless of the actual condition of equipment, which may lead to unnecessary maintenance actions and inefficient resource utilization. [8]
To overcome these limited resources, Predictive Maintenance has emerged as an effective data driven maintenance strategy that continuously monitors equipment health and predicts fault before they occur. [1] By analyzing historical records and real-time sensor measurements, Predictive Maintenance allows organizations to perform maintenance activities based on the actual condition of machinery rather than predefined schedules. This approach improves equipment availability, reduces downtime, extends asset life, and enhances overall operational efficiency. [2]
The adoption of Industry 4.0 technologies, including IoT devices, smart sensors, cloud computing, and edge computing, has significantly accelerated the implementation of predictive maintenance in manufacturing industries. [8] Modern industrial systems generate large amounts of sensor data, such as vibration, temperature, pressure, torque, and rotational speed measurements. Machine learning techniques have become essential for analyzing these datasets because they can identify hidden degradation patterns and accurately predict equipment failures before critical breakdowns occur. [1]
Although deep learning methods have demonstrated strong predictive capabilities, they often require substantial computational power, large datasets, and specialized hardware. [2] These requirements may limit their applicability in manufacturing environments operating with constrained computational resources, particularly edge-computing systems. By contrast, traditional machine learning algorithms provide faster training times, lower computational requirements, and greater interpretability, making them more suitable for practical industrial applications. [8]
Selecting the most appropriate machine learning algorithm for predictive maintenance remains a significant challenge. [1] Industrial datasets are frequently characterized by noise, missing values, outliers, and nonlinear relationships among variables. As a result, an effective predictive maintenance model must balance predictive accuracy, computational efficiency, robustness, and interpretability. [2] This report provides a critical evaluation of four traditional machine learning algorithms—Decision Tree, Logistic Regression, Support Vector Machine (SVM), and Random Forest—and recommends the most suitable approach for predictive maintenance in manufacturing systems operating under limited computational resources. Furthermore, a systematic workflow is proposed to support the practical deployment of the selected model in industrial environments. [8]
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[bookmark: _Toc233147789]Predictive Maintenance
Predictive Maintenance is a proactive maintenance strategy that predicts equipment failures before they occur by analyzing historical and real-time operational data. [1] Unlike corrective maintenance, which repairs equipment after failure, and preventive maintenance, which follows fixed maintenance schedules, Predictive Maintenance performs maintenance based on the actual condition of equipment. This approach reduces unexpected downtime, minimizes maintenance costs, and improves equipment reliability and operational efficiency. [8]
The development of Industry has significantly accelerated the adoption of predictive maintenance. [2] Smart sensors, IoT devices, and edge-computing platforms continuously collect operational data, including vibration, temperature, pressure, torque, and rotational speed. Machine learning techniques play a crucial role in analyzing these datasets because they can identify hidden degradation patterns and predict failures before severe breakdowns occur. [8]
Despite its advantages, implementing predictive maintenance remains challenging. [1] Industrial sensor data often contain missing values, noise, outliers, and class imbalance, all of which can affect prediction accuracy and model reliability. As a result, selecting a machine learning algorithm that balances predictive performance, computational efficiency, interpretability, and robustness is essential, particularly in manufacturing environments with limited computational resources. [2]
[bookmark: _Toc233147790]Decision Tree
Decision Tree is a supervised machine learning algorithm that uses a tree-like structure to classify data based on a sequence of decision rules. [3] Due to its simple architecture and visual representation, Decision Tree is widely recognized as one of the most interpretable machine learning techniques used in industrial applications. [6]
The main advantages of Decision Tree include low computational cost, ease of implementation, and the ability to handle both numerical and categorical data without extensive preprocessing. [6] These characteristics make the algorithm attractive for industrial environments where rapid deployment and model transparency are important requirements. [3]
However, Decision Trees also have significant limitations. [3] Industrial sensor data are often noisy and highly nonlinear, causing a single Decision Tree to become unstable and sensitive to small variations in training data. Consequently, the model is susceptible to overfitting and may perform poorly when applied to unseen datasets. [6] For predictive maintenance applications involving complex sensor data, Decision Trees generally provide lower predictive performance than ensemble methods such as Random Forest.
[bookmark: _Toc233147791]Logistic Regression
Logistic Regression is a widely used supervised learning algorithm designed for binary classification tasks. [3] In predictive maintenance, the model that estimates the probability of equipment failure based on relationships between sensor measurements and the target outcome. [6]
One of the major strengths of Logistic Regression is its simplicity and interpretability. [6] Model coefficients provide a clear explanation of how individual features influence failure prediction, allowing maintenance engineers to understand the factors contributing to equipment degradation. Additionally, Logistic Regression requires minimal computational resources and can be efficiently implemented in edge-computing environments. [3]
Nevertheless, Logistic Regression assumes a linear relationship between input variables and the target class. [3] Industrial sensor data frequently exhibit nonlinear relationships and complex interactions among variables such as vibration, pressure, and temperature. As a result, Logistic Regression often struggles to capture these intricate patterns, leading to lower predictive accuracy compared with more advanced machine learning techniques. [6]
[bookmark: _Toc233147792]Support Vector Machine (SVM)
Support Vector Machine (SVM) is a powerful classification algorithm that aims to separate classes by identifying an optimal hyperplane with the maximum margin between them. [3] Through the use of kernel functions, SVM can effectively model nonlinear relationships and achieve high predictive accuracy. [6]
Several studies have demonstrated that SVM performs well in predictive maintenance and fault diagnosis applications because of its strong classification capability and robustness against overfitting. [6] The algorithm is particularly effective when the dataset is moderately sized and properly preprocessed. [3]
However, SVM presents several challenges for resource-constrained manufacturing environments. [3] The model requires careful hyperparameter tuning, including kernel selection and parameter optimization, which increases implementation complexity. Furthermore, computational costs increase substantially as dataset size grows. [6] Another limitation is its lack of interpretability, as maintenance engineers may find it difficult to understand how individual sensor variables influence predictions. These limitations reduce the practicality of SVM for industrial deployment despite its strong predictive performance.
[bookmark: _Toc233147793]Random Forest
Random Forest is an ensemble learning algorithm that combines multiple Decision Trees to improve predictive accuracy and reduce overfitting. [3] Each tree is trained using randomly selected subsets of training data and features, while the final prediction is obtained through majority voting. [7]
A major advantage of Random Forest is its ability to achieve high predictive accuracy while remaining robust to noisy sensor data and outliers. [7] By aggregating predictions from multiple trees, the algorithm reduces variance and provides more stable results than a single Decision Tree. [6]
Random Forest is also highly suitable for predictive maintenance because it can efficiently process high-dimensional sensor data and perform feature importance analysis. [7] This capability allows maintenance engineers to identify the variables most strongly associated with equipment degradation and failure, thereby improving both model interpretability and maintenance decision-making. [6]
Although Random Forest requires slightly more computational resources than Logistic Regression or Decision Tree, it remains significantly more efficient than deep learning models and large-scale SVM implementations. [7] Consequently, it provides an effective balance between predictive performance and computational efficiency. [3]
[bookmark: _Toc233147794]Comparison of Algorithms
The selection of a predictive maintenance algorithm should not depend  on predictive accuracy. [1] Other factors, including interpretability, computational cost, robustness to noisy data, and resistance to overfitting, are equally important in manufacturing environments operating under limited computational resources. [6]
Decision Tree offers excellent interpretability and low computational cost but suffers from instability and overfitting when handling complex industrial datasets. [3] Logistic Regression is computationally efficient and highly interpretable; however, its assumption of linearity restricts its ability to model nonlinear equipment degradation patterns. Support Vector Machine achieves high classification accuracy and effectively handles nonlinear relationships, yet its high computational cost and limited interpretability reduce its suitability for practical industrial deployment. [6]
By contrast, Random Forest provides a balanced solution that addresses many of these limitations. [1] The algorithm combines strong predictive accuracy with robustness to noise, resistance to overfitting, and moderate computational requirements. Furthermore, feature importance analysis enhances model transparency and supports maintenance decision-making. [3] As a result, considering the operational requirements of manufacturing systems with limited computational resources, Random Forest represents the most practical and effective machine learning algorithm for predictive maintenance. [6]

[bookmark: _Toc233147795]Proposed Workflow Methodology 
This study proposes a systematic machine learning workflow for predictive maintenance in manufacturing environments operating under limited computational resources. [1] The workflow is designed to provide reliable failure prediction while maintaining computational efficiency, robustness, and model interpretability. Based on the findings of the literature review, Random Forest is selected as the most appropriate algorithm because it offers a balanced combination of predictive accuracy, resistance to overfitting, and moderate computational requirements. [6]
The proposed workflow consists of five major stages: data collection, data preprocessing, feature extraction and feature selection, model training, and performance evaluation, as illustrated in Figure 1. 

[bookmark: _Toc233147796]Figure1: Proposed Predictive Maintenance Workflow


This workflow allows organizations to transform raw industrial sensor measurements into meaningful predictive insights that support maintenance decision-making and reduce unexpected equipment failures. [1]


[bookmark: _Toc233147797]Data Collection
The first stage involves collecting operational data from industrial machinery using smart sensors and monitoring systems. [8] Modern manufacturing environments continuously generate large amounts of sensor data that describe machine operating conditions. Common measurements include vibration, temperature, pressure, torque, and rotational speed. [1]
In addition to real-time sensor data, historical maintenance records and equipment failure logs are collected to create labelled datasets for supervised machine learning models. [8] Combining historical and real-time information enables the predictive model to learn degradation patterns and recognize early signs of equipment failure. [1]
The quality of collected data is critical because inaccurate or incomplete measurements may significantly reduce model performance. [8] As a result, proper sensor calibration, continuous monitoring, and reliable data acquisition systems are essential for ensuring accurate and consistent datasets. [1]

[bookmark: _Toc233147798]Data Preprocessing
Raw industrial sensor data frequently contain missing values, outliers, and measurement noise. [4] As a result, preprocessing is an essential stage that improves data quality before machine learning analysis. [5]
The first step involves handling missing values caused by sensor malfunction or communication failures. [4] Statistical imputation techniques, such as replacing missing observations with mean or median values, are commonly applied to preserve dataset integrity. [5]
The second step focuses on detecting and handling outliers. [4] Abnormal sensor readings caused by faulty sensors or unusual operating conditions may negatively influence model training and reduce predictive accuracy. Outlier detection methods are therefore used to identify and remove extreme observations. [5]
Noise reduction is also important because sensor measurements are often affected by environmental disturbances. [4] Filtering techniques help improve signal quality and remove irrelevant variations. Finally, data normalization or standardization is performed to transform variables into comparable scales and improve model stability. [5]


[bookmark: _Toc233147799]Figure 2: Data Preprocessing Workflow


These preprocessing operations produce a reliable and consistent dataset that enhances model accuracy and generalization capability.
[bookmark: _Toc233147800]Feature Extraction and Feature Selection
Following preprocessing, feature extraction and feature selection are performed [1] to identify the most informative variables associated with equipment health. [6]
Feature extraction transforms raw sensor signals into meaningful statistical characteristics that describe machine behavior. [1] In predictive maintenance, commonly used time-domain features include mean, standard deviation, root mean square (RMS), skewness, and kurtosis. Frequency-domain features may also be extracted to identify hidden degradation patterns and abnormal operating conditions. [6]
Once features have been extracted, feature selection is used to eliminate redundant or irrelevant variables. [1] This process reduces computational complexity and improves model generalization. In the proposed workflow, Random Forest feature importance analysis is employed to rank variables according to their contribution to prediction performance. [6]
As a result, only the most relevant sensor variables are retained, [1] improving both predictive accuracy and computational efficiency. [6]

[bookmark: _Toc233147801]Model Training Using Random Forest
Based on the comparative analysis presented in the literature review, [6] Random Forest is selected as the predictive model for equipment failure prediction. [7]
Random Forest is an ensemble learning algorithm that constructs multiple Decision Trees using randomly selected subsets of training data through bootstrap sampling. [6] In addition, a random subset of features is selected at each split, increasing diversity among trees and reducing correlation between individual models. [7]
During prediction, each Decision Tree independently classifies the equipment condition as either normal operation or potential failure. [6] The final prediction is obtained through a majority voting mechanism, where the most frequently predicted class is selected as the final output. [7]
[bookmark: _Toc233147802]Figure 3: Random Forest Training Process


The ensemble structure of Random Forest improves prediction stability and enables the model to generalize effectively to unseen industrial data. [7]

[bookmark: _Toc233147803]Performance Evaluation
The final stage of the workflow evaluates the performance of the trained Random Forest model. [6] A comprehensive evaluation strategy is essential because relying on a single metric may provide misleading results, particularly when equipment failure cases are relatively rare. [1]
Several evaluation metrics are therefore considered: Accuracy: Measures the proportion of correctly classified instances. Precision: Evaluates the proportion of correctly predicted failure cases among all predicted failures. [1] Recall (Sensitivity): Measures the ability of the model to identify actual equipment failures. F1-score: Combines precision and recall into a single performance measure. [6] ROC-AUC: Evaluates the model's ability to distinguish between failure and non-failure conditions across different classification thresholds.
Using multiple evaluation metrics provides a more comprehensive assessment of predictive performance [1] and ensures that the proposed Random Forest model is reliable, robust, and suitable for real-world predictive maintenance applications in manufacturing environments. [6]














[bookmark: _Toc233147804]Discussion and Recommendation
The comparative evaluation of traditional machine learning algorithms demonstrates that selecting an appropriate predictive maintenance model depends on balancing predictive accuracy, computational efficiency, interpretability, and robustness. [1] Manufacturing environments operating under limited computational resources require models that not only provide accurate predictions but also operate efficiently and offer transparent decision-making processes. [6]
Decision Tree provides excellent interpretability and low computational cost, it is attractive for simple predictive maintenance applications. [3] but, its susceptibility to overfitting and sensitivity to noisy industrial data limit its predictive reliability. Logistic Regression is computationally efficient and easy to interpret, but its assumption of linearity restricts its ability to capture complex degradation patterns frequently observed in manufacturing systems. [6]
Support Vector Machine offers strong classification performance and effectively models nonlinear relationships. [3] Nevertheless, its high computational cost, extensive hyperparameter tuning requirements, and limited interpretability reduce its suitability for edge-computing and resource-constrained manufacturing environments. [6]
By contrast, Random Forest offers the most balanced solution among the algorithms considered. [1] The ensemble structure improves predictive accuracy and reduces overfitting by combining multiple Decision Trees. Furthermore, Random Forest performs well when analyzing noisy and high-dimensional industrial sensor data, while feature importance analysis enhances model interpretability and supports maintenance decision-making. [6]
Based on these findings, this report recommends Random Forest as the most suitable traditional machine learning algorithm for predictive maintenance in manufacturing environments with limited computational resources. [1] The algorithm effectively balances predictive performance, robustness, and computational efficiency, making it a practical and reliable solution for modern smart manufacturing systems. [6]
The implementation of a Random Forest-based predictive maintenance framework is expected to improve equipment reliability, reduce unexpected downtime, [3] optimize maintenance planning, and enhance operational efficiency across industrial environments. [6]



[bookmark: _Toc233147805]Conclusion
This report critically evaluated traditional machine learning algorithms for predictive maintenance in manufacturing environments operating under limited computational resources. [1] The findings demonstrate that predictive maintenance offers significant advantages over traditional maintenance strategies by reducing equipment downtime, improving operational efficiency, and enabling data-driven maintenance decisions. [8]
The comparative analysis of Decision Tree, Logistic Regression, Support Vector Machine, and Random Forest revealed that each algorithm possesses specific strengths and limitations. [1] Decision Tree and Logistic Regression provide high interpretability and low computational requirements but are less effective when modelling complex industrial datasets. Support Vector Machine offers strong predictive performance but requires higher computational resources and extensive parameter tuning. [8]
Among the algorithms examined, Random Forest provides the most effective balance between predictive accuracy, computational efficiency, robustness to noisy sensor data, and interpretability. [6] The ensemble approach improves generalization capability and reduces overfitting while maintaining reliable performance across different manufacturing conditions. [8]
As a result, Random Forest is recommended as the preferred traditional machine learning algorithm for predictive maintenance in resource-constrained manufacturing environments. [6] The proposed workflow, incorporating data collection, preprocessing, feature extraction, model training, and performance evaluation, provides a practical framework for industrial implementation and supports the development of reliable and intelligent maintenance systems. [8]
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