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Predictive maintenance (PdM) uses condition-monitoring data to identify deterioration before a failure happens and to support maintenance at the right time. This project looks at machine-learning-based PdM in automotive systems, using lithium-ion battery ageing as the practical case study. The NASA Ames Prognostics Center of Excellence dataset was processed in MATLAB using B0005, B0006, B0007 and B0018. In total, 636 valid discharge cycles and 27 variables were extracted with no non-finite rows. State of Health (SOH) was calculated from capacity and divided into three maintenance conditions: Healthy (SOH >= 90%), Degrading (80% <= SOH < 90%) and Maintenance Required (SOH < 80%). Fifteen voltage-, current- and temperature-based predictors were used. Capacity, SOH, RUL, battery identity and cycle number were excluded from the model inputs to reduce data leakage. B0005, B0006 and B0007 provided 504 training observations, while B0018 provided 132 independent test observations. Decision Tree, Random Forest, Support Vector Machine (SVM) and Neural Network models were compared using class weighting and training-only standardisation. SVM gave the best B0018 result with 86.36% accuracy and 84.25% macro F1-score. Extra checks compared model time, differences between batteries, a synthetic drained-battery example and removal of B0007 from training. SVM also remained the best model in the reduced-training test at 84.09% accuracy. Random Forest feature importance ranked Mean Voltage as the strongest predictor. Overall, the work shows how sensor-based condition features can be used to classify battery health and support automotive predictive-maintenance decisions.
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[bookmark: _Toc239522187]1 Introduction
Component maintenance plays a critical role in automotive engineering due to the fact that the reliability of vehicles is based on the state of components during their entire operation cycle rather than the design of components at the beginning. The mechanical load, temperature, vibration, contamination, electric stress, operation cycles, and aging are all factors that may cause changes in the behavior of components over time.
The main maintenance approaches are reactive, preventive and condition-based or predictive maintenance. Reactive maintenance means the component is used until it fails. This can be acceptable for low-cost and non-critical parts, but an unexpected failure can also create extra cost through towing, secondary damage, lost vehicle availability and disruption to fleet operation.
Preventive maintenance tries to avoid failure by using planned inspections or replacement intervals. Vehicle servicing based on time, mileage or operating hours is a common example. The problem is that a fixed interval does not always match the real condition of a component. One part may still have useful life remaining, while another part working under harder conditions may deteriorate earlier.
Condition-based maintenance uses measurements describing the condition of the equipment. Jardine, Lin and Banjevic (2006) identify data acquisition, data processing and maintenance decision-making as core stages of condition-based maintenance. Predictive maintenance extends this principle by using measured and historical condition information to identify developing degradation and, where possible, anticipate maintenance requirements before unacceptable performance or failure occurs (Jardine et al., 2006; Zonta et al., 2020).
Modern vehicles now have more sensors, electronic control systems, connectivity and computing power, which makes this type of maintenance more practical. Machine learning is useful in PdM because it can find patterns in sensor data that may be difficult to represent using only fixed limits or simple rules.
Predictive maintenance is especially relevant to automotive systems because modern vehicles already measure many mechanical, thermal and electrical parameters. Vibration, temperature, pressure, rotational speed, voltage and current can all provide information about component condition (Arena et al., 2022).
The main focus of this project is automotive predictive maintenance. Lithium-ion battery ageing is used as the practical case study because it gives measurable degradation data that can be used to build and test the PdM workflow.
A case study with measurable deterioration was needed to test a machine-learning PdM method. Battery ageing is suitable because usable capacity reduces over repeated operation and the battery also provides measurable voltage, current and temperature data. These signals can be used to check whether condition-monitoring data can be turned into useful maintenance information (Khaleghi et al., 2024; Xie et al., 2024).
The project is not mainly about battery chemistry. The battery is used to show the wider PdM process: collect condition data, extract useful features, assess health, classify the condition and link the result to a maintenance action.
For predictive maintenance, model accuracy alone is not enough. The predicted condition also needs to lead to a useful engineering action. For this reason, the project uses three practical conditions: Healthy, Degrading and Maintenance Required.
The project also focuses on how well the models work on a different physical battery. Cycles from the same battery are related and nearby cycles can look very similar. Randomly mixing cycles from every battery could therefore give an over-optimistic result. To avoid this, B0005, B0006 and B0007 were used for model development and B0018 was kept completely separate for independent testing.
A further important point is that predictive maintenance should consider how well a model works outside the data used for training. If individual cycles from the same battery are randomly divided between training and testing, the training and test data can be very similar because neighbouring cycles come from the same physical cell. The resulting accuracy may look strong, but it may not show whether the model can transfer to another battery. For this reason the final project keeps B0018 completely separate. B0005, B0006 and B0007 are used for model development, while B0018 is used only after the models have been trained. This gives the results a more realistic meaning because the models have to classify health on a battery they did not see during training.
[bookmark: _Toc239522188]1.1 Research Question
To what degree can condition-monitoring data be utilized by machine learning methods to detect deterioration of components and facilitate predictive maintenance decisions in automobiles, taking lithium-ion batteries degradation as an example?
The project is not aimed at developing a fully functional Battery Management System for an electric vehicle or predicting the exact day of its breakdown. Its objective is the classification of current battery health status based on its measurable behavior.
The battery case study also gives the research question a practical boundary. The project does not attempt to predict every possible battery fault, thermal runaway event or exact future failure date. It focuses on progressive capacity-related ageing and asks whether voltage, current and temperature behaviour can indicate three useful health conditions. This boundary is important because predictive-maintenance projects can become too broad when diagnosis, prognosis, fault detection, SOH estimation, RUL estimation and maintenance optimisation are all treated as the same problem. Here, the main task is health-state classification, with RUL and full prognosis kept as future development. The question can therefore be investigated with a clear target and measurable model outputs while still remaining relevant to the wider PdM topic.
The research question is deliberately wider than asking which machine-learning model gives the highest accuracy. A simple model-comparison question would only show which algorithm performs best on one dataset. The project instead considers whether condition-monitoring information can be turned into useful maintenance information. This means that several connected points have to be considered at the same time: the quality of the input data, the physical meaning of the selected features, the way the health classes are defined, the separation of training and test batteries, the balance between the health classes, the type of errors made by each model and the maintenance meaning of those errors. The research question therefore fits the complete predictive-maintenance process rather than one isolated stage.
[bookmark: _Toc239522189]1.2 Industrial Relevance
The automotive industry is moving towards more electrified, connected and software-based vehicles. As vehicles collect more onboard sensor and diagnostic data, maintenance can move away from only fixed service intervals and make more use of actual component condition.
PdM can be used in conventional vehicles, hybrids and battery-electric vehicles. Possible applications include bearings, driveline parts, cooling and lubrication systems, brakes, electrical machines, batteries and power electronics. The sensors are different for each system, but the basic process is similar: collect condition data, process it, assess the condition and decide what maintenance is needed.
One such example would be the lithium-ion battery since battery status is critical to the performance of electrified vehicles. Capacity degradation may decrease the amount of range and energy storage, while battery status also influences the decision on replacement and life cycle costs (Vignesh et al., 2025; Zhai et al., 2024).
However, the valuable part of the research is more than just the battery. The same approach to PdM may be applied to translate sensor data into the condition of any automotive component.
In a future vehicle application, voltage, current and temperature data from the Battery Management System could be processed over suitable operating periods. The extracted features could then be passed to a trained model and the predicted health condition shown in a workshop diagnostic tool, vehicle display or fleet system. The condition-to-action framework used in this project is explained in Section 3.18.
Real industrial deployment would require more than the MATLAB classifier developed in this project. It would require reliable onboard data, data quality checks, cybersecurity, calibration control, diagnostic integration, model version control and a process for handling uncertain predictions. The model would also have to operate under a wider range of temperatures, driving styles, charging patterns and battery types than those included in the NASA dataset. These extra requirements do not reduce the value of the project. They help define the difference between a university proof of concept and a production system. The project demonstrates the core analytical chain first, then identifies the additional engineering work needed for real deployment.
A workshop or fleet-management system would not normally present raw machine-learning probabilities without interpretation. It would present information that helps an engineer decide what to do next. This is why the project uses three health categories. A Healthy result supports normal monitoring. A Degrading result creates an early-warning stage where monitoring can be increased and further checks can be planned. A Maintenance Required result indicates that inspection or replacement planning should be considered. The categories simplify a continuous degradation process, but they create an understandable link between sensor data and maintenance action. Literature on decision-making in PdM similarly shows that prediction and maintenance planning should be considered together rather than as separate problems (Florian, Sgarbossa and Zennaro, 2021).
[bookmark: _Toc239522190]1.3 Aims and Objectives
[bookmark: _Toc239522191]1.3.1 Project Aim
To investigate machine-learning-based predictive maintenance in automotive systems by developing and testing a condition-monitoring and maintenance-decision framework, using lithium-ion battery ageing as the practical case study.
The project aim was kept broad enough to represent automotive predictive maintenance but narrow enough to be completed using one well-defined case study. The practical output is not only a trained classifier. It is a complete workflow that begins with raw experimental battery data and ends with a maintenance recommendation. This allows the project to show how data processing decisions affect the final maintenance output. For example, using capacity or SOH directly as a predictor would make classification easier, but it would also create data leakage because these variables define the target. Removing them makes the task more realistic and keeps the model dependent on condition-monitoring behaviour instead of target information. In the same way, separating B0018 by battery identity makes the evaluation harder but gives the final result more engineering meaning.
[bookmark: _Toc239522192]1.3.2 Project Objectives
Critically review predictive-maintenance principles, automotive condition monitoring, battery-health assessment and relevant machine-learning techniques.
Process a suitable automotive-related degradation dataset and extract measurable condition-monitoring indicators capable of representing component deterioration.
Use the NASA lithium-ion battery ageing dataset as a case study and develop Healthy, Degrading and Maintenance Required conditions from battery State of Health.
Develop and compare Decision Tree, Random Forest, Support Vector Machine and Neural Network classifiers using voltage-, current- and temperature-derived predictors.
Measure generalisability of models by training with B0005, B0006 and B0007 batteries and testing all the models on the independent test battery B0018.
Interpret the machine learning results in a predictive maintenance point of view, find important condition indicators and derive maintenance decisions from the best performing model.
Monitor computational efficiency and robustness of the models by time analysis, battery comparison, artificial drained battery example and single battery removal experiment.
The objectives were designed so that each stage creates evidence for the next stage. The literature review provides the technical basis for choosing predictive maintenance, condition monitoring and the four machine-learning methods. Dataset investigation checks whether the NASA data contain suitable degradation and sensor information. Feature extraction converts variable-length discharge measurements into a consistent cycle-level dataset. The health-state framework creates an output that can be interpreted in maintenance terms. Model training then compares different algorithms under the same conditions, while independent testing checks generalisation. Feature importance and per-class results add interpretation, and the additional timing and sensitivity tests show whether the conclusions depend strongly on computation time or on the inclusion of one training battery. In this way the objectives form one connected project rather than separate tasks completed only to increase the amount of analysis.
[bookmark: _Toc239522193]1.3.3 SMART Objective Assessment
The project objectives were set using the SMART framework to ensure that the work stayed clear and easy to manage during the course of the project. The objectives were specific since the project involved the development of automotive predictive-maintenance using the NASA lithium-ion battery ageing dataset. The work involved the analysis of voltage, current and temperature condition monitoring data through comparison of four different machine learning models including Decision Tree, Random Forest, Support Vector Machine and Neural Networks.
The objectives were measurable since the final performance was evaluated by using quantitative measures such as accuracy, precision, recall, F1-Score, confusion matrixes, training time and prediction time. Model generalization was also measured using battery B0018 as the independent testing battery following the training on batteries B0005, B0006 and B0007.
The objectives were achievable because the NASA dataset and MATLAB provided the required data and software within the available university resources. Using an existing ageing dataset also made it possible to investigate long-term battery degradation without carrying out several months of laboratory ageing tests.
The objectives were relevant because each stage directly supported the main aim of automotive predictive maintenance. The battery was used as the practical case study, while the wider focus remained on converting condition-monitoring data into useful health information and maintenance decisions.
The objectives were time-bound because the work was planned around the MSc project period and final submission deadline. Dataset preparation, feature extraction, model development, independent testing, results analysis and dissertation preparation were completed as separate stages within the available project schedule.
[bookmark: _Toc239522194]1.4 Project Plan
The work was completed in linked stages, starting from the PdM problem and literature review, then moving through data processing, feature extraction, health classification, machine-learning model development, independent testing and maintenance interpretation.
Table 1. Project plan and expected outputs
	Phase
	Main Activity
	Output

	1
	Predictive-maintenance literature review
	Definition of PdM problem and suitable methods

	2
	Dataset investigation
	Selection of NASA battery ageing data

	3
	MATLAB data extraction
	Cycle-level dataset

	4
	Feature engineering
	Voltage, current and temperature predictors

	5
	Health-framework development
	Healthy, Degrading and Maintenance Required labels

	6
	ML model development
	DT, RF, SVM and NN classifiers

	7
	Independent testing
	B0018 performance results

	8
	Interpretation and robustness testing
	Confusion matrices, feature importance, timing, battery differences and sensitivity testing

	9
	Maintenance framework
	Condition-to-action recommendations

	10
	Dissertation preparation
	Final report and conclusions


The project was also designed to be done step by step in such a way that errors would be discovered before any further work had to depend on them. The initial inspection was done on the raw files, followed by the detection of discharge cycles, feature generation, and then checking the generated table for missing or non-finite entries. These steps came only after the use of health labels and machine learning models. It is essential to follow this order since it is impossible to correct errors in input data through accurate modeling. The same idea applies to any predictive maintenance process in real life, where reliable sensing and preprocessing should precede the modeling process.
[bookmark: _Toc239522195]2 Literature Review
[bookmark: _Toc239522196]2.1 Predictive Maintenance Fundamentals
The traditional concept of maintenance consists in repair of failed machinery or replacement of its components after some predefined intervals of time. The increasing availability of sensors allows for monitoring of the component state during the operation of the system.
According to Jardine, Lin, and Banjevic (2006), there are three main phases of CBM which include data acquisition, data processing and maintenance decision-making. The process of diagnostics is associated with determination of the condition or fault, while prognostics takes into account the future wear and life.
Predictive maintenance is based on the condition data obtained through measurement, history of the component and mathematical models which help to evaluate the current state of the component and plan future maintenance activities.
As mentioned by Zonta et al. (2020), PdM is becoming more multidisciplinary, which means that engineering knowledge is being integrated with computer science, big data analytics, artificial intelligence and distributed systems. Machine learning has become especially important due to nonlinearity, noise and high dimensionality of condition monitoring data sets.
Using machine learning by itself does not make a complete PdM system. The data and features need to be meaningful, the model needs realistic testing, and the predicted condition needs to connect to a maintenance decision.
The economic meaning of prediction errors is also important. A false warning may create an unnecessary inspection, but a missed maintenance condition may create a higher cost if failure occurs. Florian, Sgarbossa and Zennaro (2021) discuss this type of cost-oriented decision problem and show why maintenance thresholds should not be chosen only to maximise a generic accuracy value. The present project does not build a full cost model, but the per-class analysis follows the same reasoning. It looks at whether Maintenance Required observations are being missed and where those missed observations are placed. This provides more maintenance information than reporting one overall accuracy figure.
A complete PdM system also has to manage uncertainty. Sensor measurements contain noise, environmental conditions change, and the same level of wear may not always create exactly the same measured response. The maintenance system therefore has to tolerate variation without creating too many false alarms. At the same time it should avoid missing serious deterioration. This creates a trade-off between sensitivity and specificity. In the present project the three health categories provide one way of managing this problem. The Degrading class creates an intermediate condition between Healthy and Maintenance Required, so uncertain observations near a boundary are more likely to move into an adjacent warning state rather than jump directly between the two extremes.
[bookmark: _Toc239522197]2.2 Predictive Maintenance in Automotive Engineering
The automotive sector presents a strong opportunity for PdM because modern vehicles continuously generate large amounts of operational information. Vehicle sensors can provide temperature, pressure, vibration, voltage, current and other electrical and mechanical parameters that can be interpreted for maintenance purposes (Arena et al., 2022).
Possible automotive applications extend across the vehicle. Vibration measurements can be applied to bearings and rotating machinery; pressure and temperature can provide information about lubrication and cooling; electrical data can be used for motors and power electronics; and voltage, current and temperature can support battery-health monitoring.
The battery used in this project is one example of a wider automotive PdM system. The same general workflow can be described as sensing, condition monitoring, preprocessing, feature extraction, health or fault classification and maintenance decision-making.
Vehicle safety will also play a role in defining the error tolerance. The false positive may just increase the maintenance cost, but the false negative of a safety-related part will lead to a more dangerous situation. It is then required that production-level adoption be carried out in a conservative manner, performance monitoring of the models in production and a clear strategy for handling errors. It might even be required that we blend our machine learning predictions with some rules that provide safety boundaries rather than relying fully on the machine learning models. This way, the safety requirements will be satisfied along with data-driven detection of degraded systems.
A vehicle PdM system also needs to work with the existing service process. The final prediction should support a technician, not replace engineering judgement completely. For example, a Degrading classification could trigger a more detailed diagnostic test at the next workshop visit. A Maintenance Required classification could lead to capacity testing, insulation checks, battery-module diagnostics or replacement planning depending on the vehicle. Similar logic can be applied to other components. A bearing model may trigger vibration inspection, while a cooling-system model may trigger pressure testing or leak checks. The machine-learning result therefore acts as decision support. It provides earlier information so that the workshop can choose the next action with more evidence.
[bookmark: _Toc239522198]2.3 Condition Monitoring, Diagnostics and Prognostics
Condition monitoring describes the acquisition and analysis of measurements that reflect equipment behaviour. It can identify whether a system remains within normal operating limits or whether deterioration is occurring.
Diagnosis is primarily concerned with identifying current condition or fault state, whereas prognosis attempts to estimate how condition will develop in the future and may include prediction of Remaining Useful Life.
This project focuses mainly on health-state classification. Each cycle is classified as Healthy, Degrading or Maintenance Required. It does not predict an exact number of cycles before failure, so full RUL prediction is left for future development.
Prognosis is a logical future extension of the current project. Once a reliable health indicator is available, a sequence of past health estimates can be used to estimate the trend and predict when a maintenance threshold may be crossed. This could be expressed as remaining cycles, remaining days or remaining distance depending on the application. However, RUL prediction creates additional uncertainty because the future operating load is not known exactly. A battery driven gently in mild temperatures may degrade differently from one exposed to rapid charging, high temperatures or high power demand. A future RUL model would therefore need not only past degradation but also assumptions or forecasts about future use.
[bookmark: _Toc239522199]2.4 Battery Systems as an Automotive PdM Case Study
Lithium-ion batteries were selected because their degradation is progressive, measurable and highly relevant to electrified vehicles (Khaleghi et al., 2024; Zhai et al., 2024).
The battery was selected as a practical automotive component with measurable condition signals and an available ageing dataset. The project does not try to study battery chemistry in detail.
Voltage, current and temperature are measurable battery signals that can change with condition. These measurements make it possible to build a clear PdM case study from degradation data through to health classification and maintenance action.
The choice of batteries as the subject of the research also fits the focus of the project on the automobile sector since this sector is shifting towards being electric. The health status of batteries influences the range of the car, charging patterns, resale value, and life cycle. In addition, it relates to second-life issues since the battery that will not be useful anymore in the car can still be used somewhere else in a more static setting. This issue is discussed by Vignesh et al. (2025) who outline problems of the second life of EV batteries and underline the significance of their health evaluation.
[bookmark: _Toc239522200]2.5 Lithium-Ion Battery Ageing
Lithium-ion batteries degrade due to various electrochemical reactions that take place while the battery is in use and/or storage. They tend to limit the capacity of the battery to retain and release energy.
Battery degradation depends on temperature conditions, depth of discharge, charge and discharge current, charging method and duration. The dependency is generally not linear and different batteries may have a different trend of degradation even in the same class (Khaleghi et al., 2024; Xie et al., 2024).
According to Xie et al. (2024), the problem of estimating the battery state-of-health from whole life is a complicated data-based problem depending on degradation features, preprocessing, health features extraction and modeling.
Public ageing datasets are useful because collecting full battery-life data can take a long time and requires controlled laboratory equipment. However, laboratory datasets also have their own test conditions and limitations, so results should not automatically be treated as the same as real vehicle operation.
Different cells can age differently because of manufacturing variation and differences in experimental operation. This battery-to-battery variation is one of the most important findings for predictive maintenance. The present dataset shows a final SOH of about 58.25% for B0006 but about 75.75% for B0007. If both batteries had been replaced at one fixed cycle count, one could have been replaced too late and the other too early. Direct health assessment provides a way to adapt maintenance to actual condition rather than assuming that all assets follow the same degradation curve.
Capacity degradation is also not perfectly smooth. Experimental datasets often show local recovery effects or short-term variation between neighbouring cycles. A battery may show a small capacity increase after a rest period even though the long-term trend remains downward. This is important when health classes are created from capacity-based SOH. An individual cycle can move slightly around a threshold because of measurement variation or temporary recovery. The machine-learning inputs may also be similar for cycles immediately above and below a threshold. The confusion seen between neighbouring health classes in the present results is therefore understandable and should not automatically be treated as a model failure.
[bookmark: _Toc239522201]2.6 State of Health and Remaining Useful Life
State of Health describes battery condition relative to an initial or reference state. Capacity-based SOH is intuitive because it expresses how much usable capacity remains compared with the battery's initial measured capacity (Ren and Du, 2023; Shu et al., 2021).
RUL has a different purpose from SOH. SOH describes the present battery condition, while RUL estimates how much useful operation remains before a chosen end-of-life limit is reached.
RUL was calculated in the extracted dataset for reference, but it was not used as a machine-learning input. The final models classify the current health state rather than predicting an exact future life.
Around 80% SOH is commonly used as an EV first-life or end-of-life reference, although the exact limit depends on the application. In this project, 90% SOH is used only as an early-warning point so that a Degrading condition can be identified before the 80% maintenance level.
SOH >= 90%  ->  Healthy
80% <= SOH < 90%  ->  Degrading
SOH < 80%  ->  Maintenance Required
RUL adds a time or usage dimension to health assessment. If current SOH is known and the future degradation rate can be estimated, the number of cycles until an end-of-life threshold can be predicted. However, this is more difficult than current-state classification because degradation rate can change with future conditions. The current feature-extraction script calculates a cycle-based RUL reference to the 80% boundary, but this value is excluded from model training because it would reveal future progression directly. A future version of the project could use historical feature sequences to predict RUL as a separate output, but that would require a different validation design and probably more batteries.
The 80% threshold is widely used in battery literature as an approximate first-life reference, but it should not be treated as a universal physical failure point. A battery at 79% SOH does not suddenly become unusable while a battery at 81% is perfect. The threshold is a decision boundary used for maintenance and lifecycle planning, and the suitable value can change with the application. The present project therefore treats 80% as the Maintenance Required boundary for the case study and uses 90% as an earlier project-defined warning boundary. This produces three states instead of only healthy and failed. The Degrading state is important for PdM because maintenance should ideally react before the end-of-life boundary is crossed.
[bookmark: _Toc239522202]2.7 Battery Condition-Monitoring Parameters
Battery discharge data contain many individual measurements. Machine-learning models can use the full time series, or the signals can first be converted into summary features. This project uses the second approach.
Feature engineering reduces dimensionality, produces a consistent predictor row for every cycle, improves computational efficiency and creates more interpretable inputs. Voltage features describe level, variation and progression during discharge; temperature features represent thermal loading and heat development; and current variation provides additional electrical information (Shu et al., 2021; Xie et al., 2024; Wang et al., 2025).
The selected features have a clear engineering meaning and describe voltage, current and temperature behaviour. This makes the model inputs easier to relate to the physical condition of the battery.
Feature engineering has a practical benefit for deployment. Raw discharge signals contain many samples and can be different lengths. A fixed set of summary features produces one consistent row per cycle, making the data easier to store, compare and process with conventional machine-learning models. The disadvantage is that some detailed time-series information is lost. Deep sequence models could use more of the raw signal shape, but they would require more data and greater model complexity. The engineered-feature approach was therefore suitable for the available dataset and project scope, and it also keeps the predictor meaning understandable for engineering discussion (Khaleghi et al., 2024; Wang et al., 2025).
Temperature features provide a third information domain. Mean temperature describes the average thermal state, maximum temperature captures the highest measured value, standard deviation describes variation, temperature rise shows the change during the cycle, and temperature slope represents the rate of change. A deteriorated battery may produce a different temperature response because of changes in internal resistance and efficiency. The Random Forest importance analysis in this project later shows that Temperature Slope and temperature variation are among the stronger predictors, supporting the decision to include thermal as well as electrical information.
[bookmark: _Toc239522203]2.8 Machine Learning for Predictive Maintenance
Machine learning refers to computational techniques capable of learning patterns from existing data and using those patterns to make predictions about new observations. Within predictive maintenance, common supervised-learning tasks include fault classification, health-state classification, anomaly identification, SOH estimation and RUL regression (Carvalho et al., 2019; Scaife, 2024; Susto et al., 2015).
Four classification methods were used so their performance could be compared using the same training data and the same independent B0018 test battery.
It is unlikely that there will be any machine-learning algorithm which will be most suitable for all predictive maintenance tasks. The performance of the algorithms varies with respect to the size of the dataset, the number of features, class separability, noise, normalization, tuning, and the similarity between training and deployment conditions. Both Carvalho et al. (2019) and Surucu, Gadsden, and Yawney (2023) make it clear that model selection must necessarily have to be based on the characteristics of the application. This aspect has been noted in various studies related to battery health monitoring too, where classic ML, SVMs, neural nets, and deep learning models have performed well depending on the dataset size, feature types, and generalization needs.
The four selected algorithms represent different levels and types of model complexity. Decision Tree provides a simple rule-based baseline. Random Forest tests whether combining many trees improves robustness. SVM provides a different type of nonlinear classifier based on separating classes in feature space. Neural Network provides a flexible nonlinear model with learned hidden representations. Comparing these methods under the same training and testing conditions is more informative than reporting one model on its own because it shows whether a result depends strongly on the chosen algorithm.
[bookmark: _Toc239522204]2.8.1 Decision Tree
Classification of objects with a Decision Tree involves dividing the predictor space into regions by using logical splits in the predictor space. It has an advantage in terms of interpretability, as well as being able to handle non-linear decision boundaries and few preprocessing requirements.
One Decision Tree is easy to interpret, although it might be unstable and prone to overfitting. One Decision Tree was chosen as a simple baseline model to compare the performance of other methods.
The project uses the Decision Tree as a baseline. There would be no need to use any other method, if a simple Decision Tree worked equally well as all the others. The end result shows that the Decision Tree is useful, but not the best classifier. The main mistakes of a Decision Tree happen around the neighboring class boundaries. Thus, we have a baseline to compare with Random Forest, SVM and Neural Network models.
[bookmark: _Toc239522205]2.8.2 Random Forest
Random Forest combines multiple decision trees rather than relying on one. Individual trees are trained using sampled observations and subsets of predictors, after which their predictions are combined.
Random Forest combines many trees, which can improve robustness compared with one Decision Tree. It also provides out-of-bag permutation importance, which was useful for ranking the condition-monitoring predictors.
A major reason for including Random Forest in this project is that MATLAB's TreeBagger implementation can provide out-of-bag permutation predictor importance. This gives a separate engineering output in addition to classification accuracy. When one predictor is randomly disturbed, the change in out-of-bag error indicates how much the forest depended on that predictor. The resulting ranking helps identify which measured behaviours contain the strongest health information. It does not prove physical causation, but it gives a useful link between the machine-learning model and the underlying condition-monitoring signals.
[bookmark: _Toc239522206]2.8.3 Support Vector Machine
Support vector machines find the decision boundaries to separate the classes. If the problem is not linearly separable in the original input space, then kernel functions can help to create the nonlinear decision boundaries.
The radial basis function kernel employed in this research project is able to model nonlinear relationships between the predictors. In order to have three health categories, we need to use the ECOC approach implemented in MATLAB with binary SVM learners.
The SVM learning procedure can be heavily influenced by predictor scaling and the choice of hyperparameters. Predictors measured on a wider numeric scale would prevail over predictors measured on a narrow scale. That is why training set standardization plays an important role in SVM analysis. The selected Box Constraint and automatic kernel scale were not the result of a very large optimisation study, so the final SVM should not be treated as the universal optimum. However, the model provides a strong comparison and later gives the best independent result on B0018.
[bookmark: _Toc239522207]2.8.4 Neural Network
Artificial Neural Networks describe nonlinear relationships by employing layers of interconnected computational elements. Neuronal networks can model extremely complicated functions, yet the performance of the neural networks relies heavily on the structure of the network and the volume and structure of data used for training.
A relatively simple feed-forward Neural Network was used instead of a deep sequential model because the latter would not fit the dataset we had, which comprised of several hundred cycles' worth of observations.
Neural networks may show great performance if there are sufficient and diversified sets of data available to them, and if applied to the data directly as sequences or images. There are many LSTM, CNN, GRU, and Attention based approaches in battery-health literature that use these techniques for SOH and RUL estimation. But there are additional data and tuning needs in the application of these models (Khaleghi et al., 2024; Wang et al., 2025). From this comparison, one can learn an important engineering principle, which is that increasing model complexity does not always mean better transfer to a new battery. The Neural Network is the worst-performing model among all in B0018 tests.
[bookmark: _Toc239522208]2.9 Data Preparation and Feature Engineering
Preprocessing can have a large effect on machine-learning results. One important risk is data leakage, where information that should not be available during real prediction enters the training process.
SOH could not be used as an input because SOH directly defines the health class. Capacity was also excluded because it is used to calculate SOH, while RUL gives direct information about progress towards the maintenance limit.
The final predictors were therefore limited to measurements that describe battery behaviour rather than variables that directly reveal the target class.
Standardisation was also handled carefully. The mean and standard deviation were calculated only from the training batteries and then applied to B0018. Using B0018 to calculate these values would allow test information to enter preprocessing (Wang et al., 2024; Wang et al., 2025).
The class sizes were different, so inverse-frequency weighting was used. This gives more importance to the smaller classes without creating duplicate observations.
Class weighting deals with a different problem. The training set contains more Maintenance Required cycles than Degrading cycles. Without weighting, a classifier may improve overall accuracy by concentrating on the largest class. Inverse-frequency weights increase the contribution of smaller classes during training without creating artificial duplicate observations. The use of macro precision, macro recall and macro F1 then complements the weighting because these metrics give each class equal importance during evaluation.
Standardisation is yet another stage where there can be information leakage. The right way is to compute the mean and standard deviation using the training dataset and use the computed numbers to scale the test dataset. Had all the batteries been standardised together, information about B0018 would have leaked into the scaling even before testing the model. The last approach makes sure that information leakage does not happen by calculating the scaling numbers only based on B0005, B0006, and B0007.
[bookmark: _Toc239522209]2.10 Model Performance Assessment
Accuracy provides a value representing the percent of all correctly labeled observations but does not indicate how efficiently each class has been labeled. Precision indicates the reliability of labeling a certain class, recall indicates the amount of observations from a particular class that have been identified, and F1-score is a balanced measure of precision and recall.
Metrics calculated using macro averaging provide individual metrics per class and then the average value. This is especially important in this case, since three health classes do not have equal numbers of observations.
Confusion matrices were applied to the problem since the orientation of the error matters in the maintenance process. For example, a Healthy cycle that was labeled as Degrading requires further monitoring, while a Maintenance Required cycle labeled as Healthy can cause delays in maintenance.
Accuracy = Correct Predictions / Total Predictions	(Equation 2-1)
Precision = TP / (TP + FP)	(Equation 2-2)
Recall = TP / (TP + FN)	(Equation 2-3)
F1 = 2 x (Precision x Recall) / (Precision + Recall)	(Equation 2-4)
Computation time is included because a practical model also needs to run fast enough for the intended application. In this project the deterioration timescale is very slow compared with the prediction time, so even the slowest model is easily fast enough. However, measuring the timing still provides useful evidence. It shows that SVM achieves the strongest accuracy without requiring the longest training or prediction time. In a future embedded or cloud system, processing load, memory and energy use would also need to be measured.
The confusion matrix adds information that is lost in summary metrics. A one-class error between Healthy and Degrading has a different maintenance meaning from an error between Maintenance Required and Healthy. The first may cause extra monitoring. The second could delay necessary intervention. For this reason the project examines the direction of errors as well as their number. The strongest SVM makes errors mainly between adjacent states and does not classify any Maintenance Required B0018 observation as Healthy. This is one reason the result is encouraging from a maintenance perspective even though the accuracy is not close to 100%.
[bookmark: _Toc239522210]2.11 Research Gap
Previous research has made strong progress in PdM, battery SOH estimation and RUL prediction, but several points are still important for this project.
Automotive PdM needs to turn sensor data into a useful maintenance decision, not only produce a numerical prediction. Battery-health research often focuses on estimation accuracy, while technicians and fleet operators also need a clear condition and action.
Generalisation between batteries is another issue. A random cycle split can give a higher result if the same physical batteries appear in both training and testing.
Public battery datasets are mainly produced in controlled laboratory conditions. They are useful for model development, but the transfer to real vehicle use still needs to be tested.
This project brings these points together in one workflow: an automotive PdM aim, real experimental ageing data, condition-monitoring features, leakage-controlled predictors, three maintenance conditions, four machine-learning models, an independent test battery and a maintenance action framework.
The contribution of the project is therefore not a claim of a new battery algorithm that outperforms all published work. It is the development and critical evaluation of a complete automotive PdM proof of concept. The workflow connects experimental degradation data, condition-monitoring features, leakage-aware preparation, four different classifiers, independent battery testing, model interpretation, robustness checks and maintenance actions. This integrated focus matches the MSc engineering aim more closely than concentrating on one isolated accuracy value.
Fourth, robustness is often difficult to judge from one train-test split. The project adds a limited sensitivity experiment by removing B0007 from training and repeating the independent B0018 test. This is not as strong as a full leave-one-battery-out study across a large cell population, but it shows whether the main ranking collapses when training diversity is reduced. The result that SVM remains strongest provides extra evidence, while the performance drop across all models also shows why more physical batteries would improve confidence.
[bookmark: _Toc239522211]3 Methodology and Testing
[bookmark: _Toc239522212]3.1 Research Approach
A quantitative, data-driven approach is employed. All steps from loading the battery files to generating predictions and computing the final results were performed in MATLAB: identification of the discharge cycles, feature extraction, SOH estimation, assignment of health labels, partition of batteries into train and test sets, predictor standardisation, class weighting, training of the models and making the predictions.
The methodology employs a standard PdM approach as it is used throughout the project: collecting the data, pre-processing the data, assessing the condition and giving recommendations for maintenance.
A quantitative approach is appropriate as the project involves comparison of measurable characteristics of the batteries and of the models’ performance. The quantitative analysis is not confined to the numerical aspect. It is followed by an engineering analysis that considers confusion-matrix errors, the most important Random Forest predictors, various types of battery degradation and the translation of predicted health states to maintenance actions. This is necessary as a predictive-maintenance model should be both measurable and applicable.
This methodology is conceived to be a reproducible data processing workflow where each step is designed to generate an output which can be verified prior to initiating the next step in the process. The inputs to the workflow are the raw data from the NASA MAT files. First, a MATLAB script will analyze the data to find discharge instances in order to extract the necessary features to generate one row of features for each discharge cycle. The second major script will process the feature set, create the predictor sets, train the four classifiers, predict and evaluate the results.
[bookmark: _Toc239522213]3.2 Rationale for Using a Secondary Dataset
An existing battery-ageing dataset was used instead of trying to generate a full degradation dataset during short university workshop testing (Mayemba et al., 2024; Wang et al., 2024).
A useful PdM study needs data that show deterioration over a large part of component life. Producing a complete lithium-ion battery ageing dataset would require repeated charge/discharge testing, controlled equipment and much more time than was available for this project.
The NASA dataset already contains repeated degradation measurements from several batteries. Using it allowed the project to focus on developing and testing the predictive-maintenance method.
The limitation is that the original test conditions cannot be changed and laboratory operation is not the same as real vehicle use. These points are discussed later in the report.
The disadvantage is that the experimental protocol was not designed specifically for this dissertation. The project cannot change the cell type, sensor placement, discharge current or environmental conditions after the data have already been collected. It also cannot claim that the NASA profiles are identical to real UK vehicle use. These limits are accepted rather than hidden. The dataset is treated as a controlled proof-of-concept environment, and real-vehicle validation is identified as future work.
[bookmark: _Toc239522214]3.3 NASA Battery Ageing Dataset
The NASA Ames Prognostics Center of Excellence lithium-ion battery ageing dataset was used. NASA reports that the batteries were tested on a custom prognostics testbed using charge, discharge and Electrochemical Impedance Spectroscopy profiles, with repeated cycling used to create ageing data (NASA, n.d.).
Four batteries were used: B0005, B0006, B0007 and B0018. Only discharge cycles were used for the final machine-learning dataset.
The final extracted dataset contained 636 discharge cycles and 27 variables, with no missing or non-finite values. B0005, B0006 and B0007 each provided 168 cycles, while B0018 provided 132. Feature extraction took 7.937 seconds (0.13 minutes). Table 2 summarises the variable groups and Appendix C gives the full list with representative rows.
Table 2. Extracted NASA battery dataset variable groups
	Variable group
	Variables included
	Purpose

	Identifiers and health-reference variables
	Battery_ID; Cycle_Number; Capacity_Ah; SOH_Percent; Health_Status; RUL_Cycles_To_80pct; Ambient_Temperature_C; Initial_Capacity_Ah
	Metadata, target definition and reference information

	Voltage features
	Mean, minimum, maximum and STD voltage; voltage range; start/end voltage; voltage drop; voltage slope
	Electrical condition and discharge progression

	Current features
	Mean current; STD current
	Electrical load and current variability

	Temperature features
	Mean, maximum and STD temperature; temperature rise; temperature slope
	Thermal loading and thermal progression

	Time, power and energy features
	Discharge duration; mean power; discharge energy
	Cycle duration and derived electrical behaviour

	Total
	27 variables
	Complete cycle-level extracted dataset



The data-quality result of zero rows containing non-finite values is important because it means the final feature table does not require imputation before the selected models are fitted. This simplifies the final pipeline and reduces one possible source of uncertainty. It does not mean the raw signals are perfect. Experimental variation remains present, but the processed table is numerically complete for the variables used in the project.
[bookmark: _Toc239522215]3.4 Battery Selection and Experimental Design
B0005, B0006 and B0007 were combined for training and provided 504 observations. B0018 was kept separate and provided 132 observations for independent testing.
B0018 was not used during model training or when calculating the standardisation values. This was done to test how well the models transfer to a different physical battery.
This battery-level split gives a more realistic generalisation test than randomly mixing cycles from all four batteries, because the test battery was not seen during model development.
There is still only one official test battery, so the result should not be generalised to all lithium-ion batteries. A stronger future design would rotate the held-out battery so that each physical cell is used as the test battery in turn, or use a larger external dataset with several independent test cells. The B0007-removal experiment partially explores this issue by reducing training diversity while keeping B0018 unchanged.
[bookmark: _Toc239522216]3.5 Discharge-Cycle Extraction
The original NASA MATLAB files contain different cycle types. The extraction script identifies the discharge cycles and processes each valid discharge cycle separately.
For each cycle, voltage, current, temperature and time data are read and converted into one row of summary features. Capacity is kept only for SOH calculation and reporting.
The final cycle-level data were saved as NASA_Battery_Cycle_Features.csv and NASA_Battery_Cycle_Features.mat. Supporting extraction material is included in Appendices A and C.
The extraction process also produces derived variables such as mean power and discharge energy. These values are useful for the complete feature dataset and for possible future analysis, although they were not included in the final 15-predictor model. Keeping them in the exported table means future experiments can test different predictor combinations without repeating all raw-file processing.
[bookmark: _Toc239522217]3.6 State-of-Health Calculation
SOH was calculated separately for each battery using its own initial measured discharge capacity. This avoids assuming that every battery started with exactly the same capacity.
SOH_b,i = (C_b,i / C_b,0) x 100	(Equation 3-1)
The resulting SOH remains a calculated target-related variable, not a predictor. It is used to label the ground truth and to plot degradation, but it is removed before the models receive their inputs. This keeps the classification task focused on whether the condition-monitoring features can recover the health state without being given the answer directly.
[bookmark: _Toc239522218]3.7 Health-State Classification
The continuous SOH value was divided into three maintenance conditions. Healthy represents normal condition, Degrading gives an early warning, and Maintenance Required is used when inspection or replacement should be considered.
The 80% level was used as the maintenance reference. The 90% boundary was added as a project-defined early-warning limit and is not treated as a universal automotive standard.
Table 3. Health-state classification framework
	SOH
	Health State
	Maintenance Interpretation

	>= 90%
	Healthy
	Normal operation

	80% to < 90%
	Degrading
	Early deterioration

	< 80%
	Maintenance Required
	Inspection/replacement should be considered



Threshold-based labelling inevitably creates hard boundaries on a continuous degradation process. Two cycles with SOH values of 90.1% and 89.9% receive different labels even though their measured behaviour may be nearly identical. Some classification errors close to the threshold are therefore expected. A future approach could use continuous SOH regression or probabilistic health states to represent this uncertainty more smoothly.
[bookmark: _Toc239522219]3.8 Condition-Monitoring Feature Extraction
Fifteen predictors were selected from voltage, current and temperature behaviour. They describe operating level, variation and change during the discharge cycle, so the models can use more than one part of battery behaviour.
These predictors also have a clear engineering meaning, which helps connect the machine-learning model to the physical condition of the battery.
Table 4. Selected machine-learning predictors
	Predictor
	Engineering Meaning

	Mean Voltage
	Average discharge voltage

	Minimum Voltage
	Lowest observed voltage

	Maximum Voltage
	Highest observed voltage

	STD Voltage
	Voltage variability

	Voltage Range
	Maximum minus minimum voltage

	Start Voltage
	Voltage at beginning of discharge

	End Voltage
	Voltage toward end of discharge

	Voltage Drop
	Difference between start and end

	Voltage Slope
	Rate of voltage change with time

	STD Current
	Current variability

	Mean Temperature
	Average cell temperature

	Maximum Temperature
	Peak cell temperature

	STD Temperature
	Temperature variability

	Temperature Rise
	Thermal increase through cycle

	Temperature Slope
	Rate of thermal change



The final feature set is small enough for conventional ML but large enough to represent different aspects of the discharge. This is appropriate for the available sample size. A future raw-signal model could use the full voltage and temperature curves, but it would need more training data and would be less easy to explain. The engineered features therefore support both model performance and interpretation.
[bookmark: _Toc239522220]3.9 Predictor Selection and Data Leakage Prevention
Variables that directly define or reveal the target were removed from the model inputs. Health_Status is the target, SOH_Percent directly creates that target, Capacity_Ah is used to calculate SOH, and RUL_Cycles_To_80pct contains direct information about progress towards the maintenance limit.
Battery_ID and Cycle_Number were also excluded so the models could not simply learn the battery name or its position in the ageing sequence. The classification therefore depends on the selected condition-monitoring features.
Table 5. Variables excluded from model training
	Excluded Variable
	Reason

	Battery_ID
	Prevent memorising battery identity

	Cycle_Number
	Prevent reliance on position in ageing sequence

	Capacity_Ah
	Used to derive SOH

	SOH_Percent
	Directly defines target condition

	Health_Status
	Target variable

	RUL_Cycles_To_80pct
	Target-related future-life information

	Initial_Capacity_Ah
	Baseline used in SOH

	Ambient_Temperature_C
	Experimental metadata not selected as final predictor

	Mean_Current_A
	Excluded during final predictor selection

	Discharge_Duration_Seconds
	Excluded from final predictor set

	Mean_Power_W
	Derived but not selected

	Discharge_Energy_Wh
	Derived but not selected



The same principle explains the handling of B0018. Data leakage is not only about columns. It can also happen when the test component influences model development, scaling or tuning. The workflow keeps B0018 out of training and uses training-only statistics for standardisation. This separation makes the final test a much stronger check of generalisation.
[bookmark: _Toc239522221]3.10 Data-Quality Assessment
Before training, all predictor values were checked for NaN and Inf. Predictors with effectively zero variation in the training data would also be removed because they cannot help separate the classes.
These checks reduce the chance of numerical problems or non-informative features affecting the models.
In a production system, data-quality monitoring would need to continue after deployment. Sensors can drift, fail or report impossible values. Communication packets can be lost. New software versions can change signal definitions. A practical PdM pipeline would therefore need range checks, plausibility checks, missing-data handling and monitoring for changes in the input distribution. The present project performs the basic offline version of this requirement.
[bookmark: _Toc239522222]3.11 Class Imbalance Treatment
The three health classes did not contain the same number of cycles. Inverse-frequency weighting was used so the smaller classes had more influence during training.
The method does not create duplicate samples. It only gives a larger weight to errors made on the smaller classes.
w_c = N / (K x n_c)	(Equation 3-2)
The complete dataset contained 200 Healthy, 159 Degrading and 277 Maintenance Required cycles. B0018 contained 38 Healthy, 36 Degrading and 58 Maintenance Required cycles. The training set therefore contained 162 Healthy, 123 Degrading and 219 Maintenance Required observations.
The model results show that weighting does not make every class equally easy. Healthy recall remains lower than Degrading and Maintenance Required recall for the strongest models. This indicates that class overlap and cross-battery differences are still important. Class weighting is therefore a correction for imbalance, not a guarantee of equal performance.
[bookmark: _Toc239522223]3.12 Predictor Standardisation
The training mean and standard deviation from B0005, B0006 and B0007 were used to standardise the predictors. The same values were then applied to B0018.
This keeps the test battery independent because B0018 does not influence the preprocessing values.
z = (x - mu_train) / sigma_train	(Equation 3-3)
Using only training data to calculate the scaling values protects the independence of B0018. The test battery is transformed using statistics it did not help to create. This procedure matches the logic that would be used in real deployment, where a new battery arrives after model development has already finished.
[bookmark: _Toc239522224]3.13 Decision Tree Model
The Decision Tree was used as the simple baseline model. It used a minimum leaf size of 5, a maximum of 50 splits and class weighting, and it was implemented with MATLAB fitctree (MathWorks, 2026c).
Class weighting is included so that the tree's split decisions consider the smaller classes. The final B0018 result of 77.27% accuracy shows that the tree captures much of the health structure but has difficulty around the boundaries. Its performance provides a useful reference for judging the added value of the ensemble and nonlinear methods.
[bookmark: _Toc239522225]3.14 Random Forest Model
The Random Forest used 500 trees, a minimum leaf size of 2, approximately the square root of the predictor count at each split, class weighting, out-of-bag prediction and out-of-bag predictor importance. MATLAB TreeBagger was used for the model (MathWorks, 2026d).
Random Forest was expected to be more robust than one Decision Tree and also allowed the predictor importance to be checked.
The final Random Forest accuracy of 83.33% is higher than the Decision Tree result, supporting the expected benefit of averaging many trees. It also provides the feature-importance ranking used in the engineering discussion. The method therefore contributes both predictive performance and interpretability.
[bookmark: _Toc239522226]3.15 Support Vector Machine Model
The multiclass SVM used an RBF kernel, automatic kernel scale, a Box Constraint of 10, one-versus-one ECOC coding and class weighting. The predictor data had already been standardised using training-only values, so internal MATLAB standardisation was disabled. The model was implemented using fitcecoc (MathWorks, 2026a).
The predictor matrix had already been standardised manually using training-only statistics, so internal MATLAB standardisation was disabled.
The predictor matrix is already standardised before fitting, so additional internal standardisation is disabled. This avoids applying two different scaling operations. The final result of 86.36% accuracy and 84.25% macro F1 makes SVM the strongest official model on B0018, while the later battery-removal experiment shows that it also loses less performance than the other models when the training set is reduced.
[bookmark: _Toc239522227]3.16 Neural Network Model
Neural Network was performed using 15 predictors, two hidden layers of 20 and 10 nodes respectively, ReLU activation function, and 3 classes. Weighted classes and standardised input predictors were used. For this task, the MATLAB fitcnet classifier was employed (MathWorks, 2026b).
Neural Network has been kept small in order to perform nonlinear analysis of the data without introducing any additional complexity for such data volume.
As shown by the resulting accuracy of 72.73%, Neural Network is not as generalizable as SVM and Random Forest models. This does not mean that neural networks are inappropriate for batteries. The result merely indicates that in this particular case, the classical approaches can be transferred better to B0018. In future studies, different results can be achieved using larger batteries’ datasets or sequences.
[bookmark: _Toc239522228]3.17 Performance Evaluation
All four models were tested on the same 132 B0018 observations. The comparison used accuracy, precision, recall, F1-score, macro metrics, weighted F1, training time, prediction time and confusion matrices.
Using several metrics gives a better view of performance than using accuracy alone.
The best model is selected mainly from independent-test performance rather than training accuracy. A model can fit the training batteries extremely well and still fail to transfer to B0018. The project therefore treats B0018 as the main evidence. This is consistent with the general machine-learning principle that a useful model must perform on data that were not used to develop it.
[bookmark: _Toc239522229]3.18 Maintenance Decision Framework
The best model prediction was converted into a simple maintenance action: Healthy means continue routine monitoring, Degrading means increase monitoring, and Maintenance Required means schedule inspection or battery replacement.
This links the machine-learning output to the main predictive-maintenance purpose of the project.
Table 6. Predictive-maintenance decision framework
	Prediction
	Recommended Action

	Healthy
	Continue routine monitoring

	Degrading
	Increase monitoring frequency

	Maintenance Required
	Schedule inspection or battery replacement



The framework could later be extended by adding model confidence and cost information. A low-confidence Degrading prediction might trigger another measurement before action, while a high-confidence Maintenance Required prediction might receive higher priority. Cost-based optimisation could also balance inspection cost against the risk of missed deterioration, as discussed by Florian, Sgarbossa and Zennaro (2021).
[bookmark: _Toc239522230]3.19 Reproducibility
The MATLAB workflow uses a fixed random seed, rng(42), and automatically saves the performance tables, class metrics, B0018 predictions, Random Forest feature importance, confusion matrices and trained models.
This makes the workflow easier to repeat from the same data and scripts. The main supporting files are summarised in Appendices A-J.
A future reproducibility improvement would be to record software and hardware versions automatically. MATLAB release, toolbox versions, operating system and processor can affect execution time and, in some cases, numerical details. These values could be saved in a run-information text file together with the result tables.
[bookmark: _Toc239522231]3.20 Synthetic Drained-Battery Demonstration
A separate 90-cycle dataset called SYNTH_DRAIN1 was used only as a synthetic drained-battery demonstration. It has the same 27-column structure and the same 15 predictor inputs. It is not a real NASA battery and it was not used to replace the official B0018 independent test.
For this reason the report keeps the synthetic results clearly separated from the official B0018 results. B0018 remains the real experimental independent test. The synthetic case is discussed as a demonstration and sensitivity exercise only. This avoids overstating the evidence and keeps the validation logic clear.
[bookmark: _Toc239522232]3.21 Computational Time Assessment
Training time and prediction time were measured for each model. Feature-extraction time and total workflow time were also recorded so the computational cost of the four models could be compared.
The full workflow time of about 52.974 seconds includes much more than model prediction. It includes data processing, model development, evaluation, figure creation and saved outputs. The separate feature-extraction run takes about 7.937 seconds. These values show that the complete analysis can be repeated quickly during development.
[bookmark: _Toc239522233]3.22 Battery-to-Battery Difference Analysis
Capacity loss, final SOH and health-class counts were compared between B0005, B0006, B0007 and B0018. The synthetic battery was shown separately only for comparison and was not treated as real NASA validation data.
The synthetic drained battery is plotted with the NASA cells only when the figure is clearly labelled. Its purpose is visual comparison, not evidence that a fifth experimental cell was tested. Keeping this distinction clear protects the interpretation of the results.
[bookmark: _Toc239522234]3.23 Battery-Removal Sensitivity Experiment
Regarding the sensitivity experiment, B0007 was removed from the dataset and training was repeated for all four models with just B0005 and B0006. The result was 336 observations: 97 Healthy, 65 Degrading and 174 Maintenance Required. Training and testing was done on the same B0018 battery as before, and comparison was done against the results when three batteries were used.
Another takeaway from this experiment is that training with lots of cycles is different from training with lots of independent assets. Removal of one physical asset removes 168 observations, but it also means that one degradation process is missing. Thus, more future batteries will contribute not just because of more rows, but because of more physically different degradation behavior.
[bookmark: _Toc239522235]3.24 Complete Methodology Workflow
NASA .mat battery files
↓
B0005 / B0006 / B0007 / B0018
↓
Extract discharge cycles
↓
Extract voltage, current and temperature characteristics
↓
Calculate capacity and SOH
↓
Generate Healthy / Degrading / Maintenance Required labels
↓
Remove target-related and inappropriate predictors
↓
B0005 + B0006 + B0007 -> Training
↓
B0018 -> Independent Testing
↓
Data-quality checks
↓
Training-only standardisation
↓
Inverse-frequency class weighting
↓
Decision Tree / Random Forest / SVM / Neural Network
↓
Independent B0018 predictions
↓
Accuracy + Precision + Recall + F1 + Confusion Matrices
↓
Random Forest predictor importance
↓
Best-model selection
↓
Maintenance recommendation
This sequence is important because every later output depends on the reliability of the earlier stages. A maintenance recommendation is only meaningful if the health label is defined correctly, the model is tested honestly and the input features are available in practice. The methodology therefore treats predictive maintenance as a system rather than only as an algorithm.
[bookmark: _Toc239522236]4 Results and Analysis
[bookmark: _Toc239522237]4.1 Dataset Summary
Feature extraction produced 636 valid discharge-cycle observations with 27 variables. No missing or non-finite values remained. B0005, B0006 and B0007 each provided 168 cycles, while B0018 provided 132. The extraction stage took 7.937 seconds (0.13 minutes).
B0005, B0006 and B0007 provided 504 observations for model development. B0018 provided 132 observations for the independent test.
This is about 79.2% training data and 20.8% test data, but the split was based on battery identity rather than a random percentage. The purpose was to check cross-battery generalisation.
The zero non-finite-row result confirms that the feature-extraction script produced a complete modelling table. This avoids uncertainty from imputation methods. The measured feature-extraction time also shows that the raw battery files can be converted into a model-ready table quickly once the workflow has been developed.
[bookmark: _Toc239522238]4.2 Battery Capacity Degradation
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Figure 1. NASA Battery Capacity Degradation for B0005, B0006, B0007 and B0018
Figure 1 depicts the dependence of discharge capacity on the cycle number. All four batteries lose usable capacity as the cycle number grows.
The batteries experience capacity loss at different rates. Battery B0006 experiences faster capacity loss and has the lowest final capacity, whereas B0007 has more capacity retained. Batteries B0005 and B0018 experience the battery capacity loss in-between these cases.
While there are some slight capacity increases during some periods, the general trend remains to decrease. The reasons for these brief increases could be related to the testing conditions, recovery properties or measurement variations.
In relation to PdM, the key take-away here is that different batteries experience capacity deterioration at different rates. That is why the state of the asset is more relevant for the decision-making process rather than a fixed service interval for all assets.
Also, battery differences justify the need to use the specific battery capacity as the initial value when determining SOH. Battery B0006 has higher capacity at the beginning of the process compared to other selected batteries. Thus, normalization helps to compare the percentage capacity loss without assumptions about the initial cell uniformity.
[bookmark: _Toc239522239]4.3 State-of-Health Degradation
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Figure 2. Battery State-of-Health Degradation with 90% and 80% Thresholds
Figure 2 shows the same degradation using SOH. The 90% and 80% limits separate the data into Healthy, Degrading and Maintenance Required conditions.
The batteries cross these limits at different cycle numbers. B0006 reaches the Maintenance Required region earlier, while B0007 stays above the 80% limit for longer.
This again shows why cycle number alone is not enough to describe battery condition. Condition-monitoring features can give a better picture of the actual health state.
From a maintenance viewpoint, the 90% warning boundary gives time to react before the 80% point. The system is therefore not waiting for a severe condition before producing a different maintenance recommendation. This is the main PdM value of the intermediate state.
[bookmark: _Toc239522240]4.4 Health-Class Distribution
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Figure 3. Battery Health-Class Distribution

Table 7. Health-class distribution for the 636-cycle dataset
	Health Class
	Number of Cycles

	Healthy
	200

	Degrading
	159

	Maintenance Required
	277

	Total
	636



The class sizes are different. The full dataset contains 277 Maintenance Required cycles, 200 Healthy cycles and 159 Degrading cycles. Maintenance Required is the largest class and Degrading is the smallest.
Because of this imbalance, inverse-frequency class weighting was used. Macro precision, recall and F1 were also reported so every class had equal importance in the overall metric.
The Degrading class is useful for PdM because it creates an early-warning stage before the battery reaches the Maintenance Required condition.
If class weighting had not been used, the model could achieve better overall accuracy by favouring Maintenance Required. Macro metrics are therefore important because they prevent the largest class from dominating the reported conclusion. The later results show that the best SVM has very high Maintenance Required performance while also detecting every Degrading observation, but Healthy recall remains the more difficult part of the task.
[bookmark: _Toc239522241]4.5 Decision Tree Results
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Figure 4. Decision Tree Confusion Matrix for Independent Battery B0018
Table 8. Decision Tree confusion matrix - independent B0018 test
	Actual Condition
	Healthy
	Degrading
	Maintenance Required

	Healthy
	19
	19
	0

	Degrading
	0
	36
	0

	Maintenance Required
	0
	11
	47



Decision Tree achieved 77.27% accuracy, 84.85% macro precision, 77.01% macro recall, 75.59% macro F1 and 77.78% weighted F1.
It correctly identified all 36 Degrading cycles. Of the 38 Healthy cycles, 19 were classified correctly and 19 were moved to Degrading. Eleven Maintenance Required cycles were also classified as Degrading.
There was no direct confusion between Healthy and Maintenance Required. Most of the Decision Tree errors happened around the boundary between neighbouring health conditions.
The class F1-scores were 66.67% for Healthy, 70.59% for Degrading and 89.52% for Maintenance Required.
The result also illustrates why a simple interpretable model may be attractive but not always sufficient. The tree creates fixed axis-aligned splits using individual predictors. The true separation between health states may depend on a more complex combination of voltage and temperature features. Random Forest and SVM are better able to represent this complexity.
[bookmark: _Toc239522242]4.6 Random Forest Results
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Figure 5. Random Forest Confusion Matrix for Independent Battery B0018
Table 9. Random Forest confusion matrix - independent B0018 test
	Actual Condition
	Healthy
	Degrading
	Maintenance Required

	Healthy
	20
	18
	0

	Degrading
	0
	36
	0

	Maintenance Required
	0
	4
	54



Random Forest achieved 83.33% accuracy, 87.36% macro precision, 81.91% macro recall, 80.66% macro F1 and 83.11% weighted F1.
Its accuracy was 6.06 percentage points better than the Decision Tree.
It missed only four Maintenance Required cycles, all of which were categorized as Degrading instead of Healthy. The F1 score for Maintenance Required is 96.43%.
This demonstrates the advantage of using multiple trees compared to the use of only one Decision Tree.
Another important reason for considering the Random Forest is the ability of the algorithm to provide predictor importance. Clearly, Mean Voltage is the top predictor, but the existence of Temperature Slope, STD Temperature and STD Current in the top positions proves that the algorithm does not depend on a single voltage predictor.
[bookmark: _Toc239522243]4.7 Support Vector Machine Results
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Figure 6. Support Vector Machine Confusion Matrix for Independent Battery B0018
Table 10. Support Vector Machine confusion matrix - independent B0018 test
	Actual Condition
	Healthy
	Degrading
	Maintenance Required

	Healthy
	23
	15
	0

	Degrading
	0
	36
	0

	Maintenance Required
	0
	3
	55



SVM gave the best independent B0018 result with 86.36% accuracy, 88.89% macro precision, 85.12% macro recall, 84.25% macro F1 and 86.30% weighted F1.
It correctly classified 23 of 38 Healthy cycles, all 36 Degrading cycles and 55 of 58 Maintenance Required cycles.
The class F1-scores were 75.41% for Healthy, 80.00% for Degrading and 97.35% for Maintenance Required.
The SVM worked well with the selected condition features and the nonlinear RBF kernel. Its result also depends on the scaling, class weighting, model settings and the characteristics of this dataset, so the performance should not be linked to the kernel alone.
The SVM result is consistent with the general suitability of kernel methods for moderate-sized nonlinear datasets. Ren and Du (2023) identify SVM methods as widely used in battery state estimation, while recent battery-health reviews continue to report strong performance from classical ML when useful features are available. The present project should not compare accuracy values directly with papers that use different batteries, targets or splits, but the result supports the broader finding that SVM remains competitive for battery-health tasks.
[bookmark: _Toc239522244]4.8 Neural Network Results
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Figure 7. Neural Network Confusion Matrix for Independent Battery B0018
Table 11. Neural Network confusion matrix - independent B0018 test
	Actual Condition
	Healthy
	Degrading
	Maintenance Required

	Healthy
	8
	30
	0

	Degrading
	0
	32
	4

	Maintenance Required
	0
	2
	56



The Neural Network achieved 72.73% accuracy, 81.11% macro precision, 68.83% macro recall, 64.57% macro F1 and 69.17% weighted F1.
The class F1-scores were 34.78% for Healthy, 64.00% for Degrading and 94.92% for Maintenance Required.
It was the poorest of all the independent tests of the four models. This proves that a more complicated model does not necessarily provide a better output.
The small number of physical batteries and the utilization of summary features may work well in traditional machine learning algorithms than the present neural network system.
It is an important negative result. It makes sure that the report does not take it for granted that a more complicated model will give a better output. As indicated by deep learning literature review studies, deep learning systems perform excellently under circumstances with large datasets and time series inputs, although data availability and interpretability are deployment problems (Khaleghi et al., 2024; Wang et al., 2025).
[bookmark: _Toc239522245]4.9 Model Performance Comparison
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Figure 8. Predictive Maintenance Model Performance Comparison
Table 12. Independent B0018 model performance
	Model
	Accuracy
	Macro Precision
	Macro Recall
	Macro F1
	Weighted F1
	Train (s)
	Predict (s)

	Decision Tree
	77.27%
	84.85%
	77.01%
	75.59%
	77.78%
	0.560
	0.062

	Random Forest
	83.33%
	87.36%
	81.91%
	80.66%
	83.11%
	2.530
	0.108

	SVM
	86.36%
	88.89%
	85.12%
	84.25%
	86.30%
	0.482
	0.082

	Neural Network
	72.73%
	81.11%
	68.83%
	64.57%
	69.17%
	0.474
	0.011



On B0018, the model order was SVM first, Random Forest second, Decision Tree third and Neural Network fourth. Macro F1 gave the same order. Detailed model and class results are included in Appendices D and E.
Random Forest took the longest to train and predict, while the Neural Network had the fastest prediction time. Even so, all of the measured times were very small compared with the slow process of battery degradation, so computation time was not a practical problem in this project.
SVM gave the best balance because it had the strongest prediction result without a large computational cost.
The comparison also shows why a final model should not be selected from training behaviour. The official ranking is based on B0018, which was not used during fitting. This keeps the conclusion focused on transfer rather than memorisation of the training batteries.
[bookmark: _Toc239522246]4.10 Random Forest Predictor Importance
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Figure 9. Random Forest Predictor Importance

Table 13. Random Forest predictor importance
	Rank
	Predictor
	OOB Permuted Importance

	1
	Mean Voltage
	1.695

	2
	End Voltage
	0.848

	3
	Temperature Slope
	0.835

	4
	STD Temperature
	0.797

	5
	STD Current
	0.774

	6
	Voltage Drop
	0.729

	7
	Voltage Slope
	0.667

	8
	Start Voltage
	0.467

	9
	Maximum Voltage
	0.451

	10
	STD Voltage
	0.400

	11
	Temperature Rise
	0.397

	12
	Maximum Temperature
	0.361

	13
	Mean Temperature
	0.346

	14
	Voltage Range
	0.325

	15
	Minimum Voltage
	0.292



Mean Voltage was the strongest Random Forest predictor, with an importance value around twice the second-ranked feature.
The other important features came from more than one measurement type. Voltage features included End Voltage, Voltage Drop and Voltage Slope, thermal features included Temperature Slope and temperature variation, and STD Current represented current behaviour.
This shows that the model used a mixture of electrical and thermal condition information rather than one single measurement. It also shows that useful health information remained even after Capacity, SOH and RUL were removed from the inputs.
The OOB importance values are not percentages and do not prove physical cause. They only show how the Random Forest error changes when each predictor is permuted. The complete ranking is shown in Appendix H.
The finding is broadly consistent with battery-health literature that uses voltage and temperature derived health indicators. Recent reviews emphasise feature engineering from voltage, current and temperature because these signals are commonly measured and contain degradation information (Khaleghi et al., 2024; Wang et al., 2025). The present project adds a practical ranking for its own dataset.
[bookmark: _Toc239522247]4.11 Synthetic Drained-Battery Demonstration
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Figure 10. Synthetic Drained-Battery Model Performance Comparison
The synthetic drained-battery dataset contained 90 observations and was used only as a demonstration. Decision Tree, Random Forest and SVM each achieved 96.67% accuracy, while the Neural Network achieved 94.44%. The macro F1-scores were 97.09%, 97.06%, 96.42% and 93.91% respectively. These results are demonstration results only because SYNTH_DRAIN1 is synthetic and is not an independent NASA battery.
The difference between synthetic and experimental performance is itself useful. It shows how easy it can be to obtain very high accuracy when the test data follow expected patterns. Real battery variation is more difficult. This reinforces the decision to keep B0018 as the official evidence and to discuss synthetic performance separately.
[bookmark: _Toc239522248]4.12 Computational Time Comparison
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Figure 11. Machine-Learning Model Training-Time Comparison
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Figure 12. B0018 Model Prediction-Time Comparison
Random Forest had the highest computational cost, with about 2.53 seconds training time and 0.108 seconds prediction time on B0018. The other models trained in about 0.47-0.56 seconds and predicted B0018 in about 0.011-0.082 seconds. Feature extraction took 7.937 seconds and the complete final MATLAB workflow took 52.974 seconds (0.88 minutes). These times are small enough for this proof-of-concept study.
The timing results should still be treated as hardware-specific. Another computer or MATLAB version could produce different absolute values. The useful conclusion is the relative order and the fact that none of the tested methods has a prohibitive computational requirement for this proof of concept.
[bookmark: _Toc239522249]4.13 Battery-to-Battery Difference Analysis
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Figure 13. Capacity Degradation Comparison Between NASA Batteries and the Synthetic Demonstration
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Figure 14. Health-Class Difference Between Batteries
The real NASA batteries did not age at the same rate. B0006 had the largest capacity loss, from 2.0353 Ah to 1.1857 Ah, which is a 41.75% loss and a final SOH of 58.25%. B0007 degraded the least, from 1.8911 Ah to 1.4325 Ah, which is a 24.25% loss and a final SOH of 75.75%. B0005 ended at 71.38% SOH and B0018 at 72.29% SOH. B0006 also had 108 Maintenance Required cycles, compared with 66 for B0005 and 45 for B0007. This difference supports the use of direct condition monitoring instead of depending only on cycle count.
SYNTH_DRAIN1 is included only as a visual comparison. Its final SOH was 68.0%, with 21 Healthy, 32 Degrading and 37 Maintenance Required observations. These values show how the workflow handles the synthetic case and are not real battery validation results.
The B0018 trajectory is not identical to any one training cell, yet the SVM still achieves the strongest performance. This provides evidence that the model is using a transferable relationship between the engineered features and health state, although testing on more independent batteries would be needed to confirm how general that relationship is.
[bookmark: _Toc239522250]4.14 Battery-Removal Sensitivity Test
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Figure 15. B0018 Accuracy Before and After Removing B0007 from Training
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Figure 16. B0018 Macro F1 Before and After Removing B0007 from Training[image: ]
Figure 17. Training-Class Distribution Before and After Removing B0007
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Figure 18. Training Time Before and After Removing B0007
Since B0007 has been removed, the number of training data has reduced from 504 to 336 instances. Regarding B0018, there is an overall decrease in performance among all models. The decision tree has seen the accuracy reduce from 77.27% to 71.97%, Random Forest accuracy reduced from 83.33% to 71.21%, SVM accuracy reduced from 86.36% to 84.09%, and neural network accuracy reduced from 72.73% to 60.61%.
The smallest reduction in performance is shown in SVM as it has a reduced accuracy of 2.27 percentage points and macro F1 of 84.25% to 81.42%. Performance in Random Forest and Neural Network decreases by more than 12 percentage points of accuracy. Even though the training time becomes smaller due to reduced dataset size, the decrease in prediction performance indicates that this tradeoff is not helpful for the prediction task. Comparison can be seen in Appendix J.
SVM changes the least and is thus the best model. It adds additional confirmation to the final model choice as it is not bound to this specific training configuration. This test can be considered as sensitivity test rather than robustness test. Robustness test would include removing B0005 and B0006 separately and rotating the independent test battery.
[bookmark: _Toc239522251]4.15 Per-Class Performance
Table 14. Per-class classification performance on B0018
	Model
	Class
	Precision
	Recall
	F1

	Decision Tree
	Healthy
	100.00%
	50.00%
	66.67%

	Decision Tree
	Degrading
	54.55%
	100.00%
	70.59%

	Decision Tree
	Maintenance Required
	100.00%
	81.03%
	89.52%

	Random Forest
	Healthy
	100.00%
	52.63%
	68.97%

	Random Forest
	Degrading
	62.07%
	100.00%
	76.60%

	Random Forest
	Maintenance Required
	100.00%
	93.10%
	96.43%

	SVM
	Healthy
	100.00%
	60.53%
	75.41%

	SVM
	Degrading
	66.67%
	100.00%
	80.00%

	SVM
	Maintenance Required
	100.00%
	94.83%
	97.35%

	Neural Network
	Healthy
	100.00%
	21.05%
	34.78%

	Neural Network
	Degrading
	50.00%
	88.89%
	64.00%

	Neural Network
	Maintenance Required
	93.33%
	96.55%
	94.92%



For SVM, Healthy precision was 100% and Healthy recall was 60.53%. This means 23 of 38 Healthy cycles were kept as Healthy and the remaining Healthy cycles were classified as Degrading.
Degrading recall was 100%, so all 36 Degrading B0018 cycles were detected. Degrading precision was 66.67% because some Healthy and Maintenance Required cycles were also placed in the Degrading class.
For Maintenance Required, SVM precision was 100% and recall was 94.83%. Only three of the 58 Maintenance Required cycles were missed, and all three were classified as Degrading rather than Healthy.
This is a useful error pattern for PdM because the best model did not classify a severely deteriorated cycle as Healthy.
From a maintenance point of view, the error pattern is preferable to missing severe deterioration, but it still has a cost. Too many early warnings could lead to unnecessary checks. Future optimisation could therefore give more attention to Healthy/Degrading discrimination and use model confidence or hysteresis to prevent repeated class switching near the threshold.
[bookmark: _Toc239522252]4.16 Misclassification Analysis
Most errors in the confusion matrices happened between neighbouring health states.
Healthy cycles were sometimes classified as Degrading, and Maintenance Required cycles were sometimes classified as Degrading. There was no direct Healthy-to-Maintenance Required confusion in the B0018 results.
This is understandable because SOH changes continuously while the labels use fixed boundaries. A cycle at 90.1% SOH is Healthy and a cycle at 89.9% is Degrading even though their measured behaviour can be very similar.
The direction of the error matters. A Healthy cycle classified as Degrading may only cause extra monitoring, while a Maintenance Required cycle classified as Healthy could delay maintenance. SVM did not make that more serious error on B0018.
For this reason, confusion matrices and class-level metrics are important alongside overall accuracy.
A production system could handle boundary uncertainty in several ways. The health category could be required to persist for several events before an alert is changed. A probability band could create an Uncertain status when the classifier has low confidence. Continuous SOH estimation could also be used together with the class labels. These options would reduce the effect of a single borderline observation.
[bookmark: _Toc239522253]4.17 Critical Discussion
The model ranking is specific to this dataset and should not be treated as a universal result. Battery-health studies show that ageing behaviour, preprocessing, feature selection and model design can all change model performance (Xie et al., 2024; Wang et al., 2025). In this project, the same 15 predictors and the same B0018 test battery produced clearly different results across the four models.
The independent B0018 test is also important when comparing the results with published work. Public battery datasets are mainly laboratory based, and recent studies still identify data size, preprocessing and generalisation to new batteries as difficult areas (Mayemba et al., 2024; Wang et al., 2024; Wang et al., 2025). The drop in B0018 performance after removing B0007 shows that the amount of battery variation in the training data had an effect on generalisation.
The workflow also follows the normal PdM process from condition-data collection and processing through to health assessment and maintenance decision-making (Jardine et al., 2006). This matches the wider automotive PdM literature, where sensor data and machine learning are increasingly used to support maintenance decisions (Arena et al., 2022). Comparative battery research also supports testing more than one machine-learning model instead of assuming the most complex model will give the best result (Eleftheriadis et al., 2024).
The extra robustness tests support the main model comparison. The synthetic drained-battery case showed that the workflow responded consistently to an intentionally degraded example, while the B0007-removal test showed weaker performance when training-battery diversity was reduced. SVM remained the strongest model in both cases.
The main result is that the selected condition-monitoring features were able to separate useful battery health states on B0018, which was not used during model development.
The battery provides the degradation example, but the main engineering work is the PdM process that converts measurements into a maintenance condition. SVM achieved 86.36% accuracy and 84.25% macro F1 on the independent B0018 test.
In contrast, there might be an opportunity for improving performance through the random division of cycles from each physical battery; however, in this case, the results will have no meaning regarding the way the algorithm would behave on the new battery. Cross-battery generalization is still one of the main difficulties in battery machine learning.
The Neural Network algorithm demonstrated lower performance comparing to all other algorithms used for classification task in terms of the dataset B0018, providing only 72.73% accuracy and 64.57% macro F1 score. On the contrary, Decision Tree performed better with 77.27% accuracy and 75.59% macro F1 score. Random Forest and SVM showed their best performance.
It should also be noted that the poor performance of the Neural Network algorithm can be considered an example of the way an advanced algorithm does not necessarily mean better generalization.
SVM may have worked well because the predictors were standardised, the RBF kernel can model nonlinear relationships, class weighting reduced the effect of imbalance and the dataset size was moderate. These are reasonable explanations, but a larger optimisation study would be needed to test them properly.
Random Forest feature importance also helps with engineering interpretation. Mean Voltage ranked first, but temperature and current features also appeared near the top, so the model used more than one type of condition measurement.
The project classifies the present condition and does not predict an exact future failure time. Its PdM value comes from identifying a Degrading state early enough to change the maintenance response before the Maintenance Required limit is reached.
Overall, the project supports a condition-classification form of predictive maintenance rather than full prognosis. The model identifies present health and provides an early-warning state, but it does not directly forecast the exact future time of failure. This is still useful because maintenance decisions can change before the selected 80% boundary is reached. Full RUL forecasting would add another level of prediction and uncertainty and is therefore treated as future development rather than being claimed by the current model. This also supports the wider maintenance objective.
[bookmark: _Toc239522254]4.18 Automotive Predictive-Maintenance Application
The same method can be viewed as a general automotive PdM workflow. In a real vehicle, sensors or the Battery Management System could provide voltage, current and temperature data, which would then be processed into condition features for the trained model.
A Healthy result would continue normal monitoring. A Degrading result could increase monitoring or flag the vehicle for a workshop check. A Maintenance Required result could trigger inspection, detailed battery testing or replacement planning.
Real vehicles do not follow the same controlled full-discharge cycles used in laboratory testing. A production system would therefore need features based on charging events, partial discharge periods, driving segments or longer-term BMS history.
The same PdM idea could also be used with other automotive components. Bearing vibration can be converted into vibration features, motor current can provide electrical condition information, and pressure or temperature can be used for cooling and lubrication systems.
The battery is the proof-of-concept component used to test the method, not the limit of the overall project topic.
The same architecture can be transferred to other vehicle components by changing the sensor inputs and health labels. A wheel-bearing model may use RMS vibration, kurtosis, temperature and speed. An electric motor may use current harmonics, vibration and winding temperature. A cooling system may use pressure, flow and temperature. The project therefore demonstrates a reusable PdM structure even though the numerical model is battery-specific.
[bookmark: _Toc239522255]4.19 Validity and Reliability
The B0007-removal test gives an extra sensitivity check because the models were trained again with fewer physical batteries while B0018 remained the same independent test. The performance drop shows that the wider training-battery variation was useful.
Several choices helped keep the evaluation reliable. B0018 stayed outside model training, standardisation values came only from the training batteries, target-related variables were removed, and all four models were compared on exactly the same B0018 cycles.
Several metrics were used instead of relying on accuracy alone. A fixed random seed and automatically saved outputs also make the workflow easier to repeat, and the inputs are based on understandable voltage, current and temperature behaviour.
These checks give reasonable confidence that the reported results are valid for the selected NASA dataset, while still recognising the limitations of using a small laboratory battery set.
Construct validity is connected to the way health is defined. SOH is a reasonable capacity-based health indicator, but the 90% early-warning boundary is project-defined and the 80% maintenance boundary is an approximate engineering reference rather than a universal failure criterion. The model therefore predicts the health framework defined in this dissertation. A different application could choose different thresholds and would need the model to be retrained or relabelled.
[bookmark: _Toc239522256]4.20 Limitations
Limited number of physical batteries: The 636 cycle observations come from only four physical batteries. B0018 gives an independent test, but using several unseen batteries would give stronger confidence in the generalisation result.
Laboratory data rather than production vehicle data: The NASA data were produced under controlled test conditions. Real vehicles have more variation in climate, driving style, charging behaviour, partial cycling, thermal conditions and sensor noise (Wang et al., 2024; Mayemba et al., 2024).
Cell-level rather than pack-level data: A production EV battery contains many cells, modules, electronics and thermal-management parts, so pack-level behaviour can be more complex than the cell-level dataset used here.
Project-defined 90% boundary: The 90% Healthy/Degrading limit was created as an early-warning level for this project. It is not a universal automotive standard.
Condition classification rather than direct RUL prediction: The models classify the current health state but do not predict the exact number of future cycles or time before maintenance.
Limited hyperparameter optimisation: The model settings are reasonable for the comparison, but a full nested optimisation study was not carried out.
Calculation of feature importance limited to Random Forest: The calculation of feature importance is limited to Random Forest only. SVM produced the highest accuracy output but it is non-interpretable.
Final test battery used is only one: Only one test battery (B0018) has been used as one test battery. It is necessary to use more test batteries for cross-validation in order to improve generalization ability (Khaleghi et al., 2024; Wang et al., 2025).
Synthetic demonstration limitation: SYNTH_DRAIN1 was only used to show how the workflow behaves on an intentionally drained synthetic example. It is not real NASA experimental data and is not used as validation evidence.
Finally, the synthetic drained-battery dataset is not experimental evidence. It is useful for demonstrating the pipeline but cannot replace a real additional battery. The report therefore keeps its results clearly labelled and does not include them in the official model ranking.
[bookmark: _Toc239522257]5 Further Development
[bookmark: _Toc239522258]5.1 Larger multi-battery dataset
Increase the number of independent physical batteries and include broader manufacturing, chemistry and degradation variation. This would support dedicated training, validation and final test groups (Wang et al., 2024; Wang et al., 2025).
A larger dataset would also allow separate training, validation and test groups. Hyperparameters could be selected using validation batteries without touching the final test set. Confidence intervals could be reported across several held-out batteries instead of one accuracy value. This would make the model comparison more statistically reliable.
[bookmark: _Toc239522259]5.2 Leave-one-battery-out validation
Repeat training while holding out a different battery each time so that every battery becomes the independent test case once. This would provide a stronger measure of cross-battery robustness.
With only four batteries this approach would still be limited, but it would show whether one test battery is unusually easy or difficult. With a larger dataset it would become a strong way to evaluate cross-component generalisation and compare model robustness.
[bookmark: _Toc239522260]5.3 Real vehicle data
Collect BMS measurements from operational electric or hybrid vehicles across different climates, driving styles, charging behaviours and partial-cycle conditions.
The feature extraction would need to move away from full controlled discharge cycles. Features could be calculated over repeated partial-charge windows, charging sessions or standard driving segments. The model would also need to handle different ambient temperatures and driver behaviour. This would test whether the laboratory relationships identified here remain useful in real service.
[bookmark: _Toc239522261]5.4 Continuous SOH estimation
Extend the framework from discrete health classification to continuous SOH regression, allowing a model to estimate present health directly from condition-monitoring features.
This would make it easier to track gradual change and measure the size of prediction error. It would also allow the maintenance threshold to be changed without retraining the health estimator, provided the underlying SOH model remains valid.
[bookmark: _Toc239522262]5.5 Remaining Useful Life prediction
Develop a regression or sequence model that predicts cycles or time remaining before the selected maintenance threshold.
The main difficulty would be uncertainty in future use. RUL should ideally be reported with a confidence range rather than one exact number. A vehicle expected to experience rapid charging and high loads may have a different future degradation rate from the same vehicle under mild use.
[bookmark: _Toc239522263]5.6 Sequence-based models
Look at LSTM, GRU, temporal CNN, or attention mechanisms, which would explicitly incorporate the degradations' history over multiple cycles (Wang et al., 2024; Zhai et al., 2024).
The issue here is higher data requirements. In order to train a sequential model without using particular cells exclusively, one needs more battery sequences to analyze complex sequential models.
[bookmark: _Toc239522264]5.7 Physics-informed machine learning
Combine electrochemical or degradation knowledge with machine learning to improve extrapolation and reduce physically unrealistic predictions (Wang et al., 2024; Wang et al., 2025).
The approach could also improve trust because the prediction would be influenced by both measured data and engineering knowledge. Battery-health reviews increasingly identify physics-informed and hybrid methods as an important future direction, especially where purely data-driven models struggle with new operating conditions (Khaleghi et al., 2024; Wang et al., 2025).
[bookmark: _Toc239522265]5.8 Explainable AI
Use methods such as SHAP to explain why individual observations are classified as Healthy, Degrading or Maintenance Required.
SHAP is one possible method. It has already been used in battery-health research to interpret relationships between model outputs and electrical or thermal features. A future project could compare SVM explanations with the Random Forest importance ranking to see whether both methods rely on similar condition indicators.
[bookmark: _Toc239522266]5.9 Maintenance cost optimisation
Combine model predictions with inspection cost, replacement cost, downtime and risk to select the economically optimal maintenance action.
Florian, Sgarbossa and Zennaro (2021) show how machine-learning performance and maintenance cost can be connected in a decision-support framework. Applying a similar approach to the current project would make the PdM output more directly relevant to fleet economics.
[bookmark: _Toc239522267]5.10 Real-time demonstrator
Create a dashboard displaying current health state, SOH trend, model confidence, important indicators and recommended action for workshop or fleet use.
The demonstrator would help test usability. A technically accurate system can still fail if the output is difficult to understand. Workshop technicians and fleet managers need clear information, not only model scores. User feedback could therefore become part of future validation.
[bookmark: _Toc239522268]5.11 Future PdM Development Path
Real Vehicle Data -> SOH Estimation -> RUL Forecast -> Risk Assessment -> Maintenance Scheduling


The current project provides the first stage of this path. It demonstrates that condition-monitoring features can classify useful health states on an unseen battery and that those states can be linked to maintenance action. Future work can therefore build on an established workflow rather than starting again from raw data.
[bookmark: _Toc239522269]6 Conclusion
[bookmark: _Toc239522270]6.1 Achievement of Research Objectives
Table 15. Achievement of research objectives
	Objective
	Outcome

	Review predictive maintenance and relevant ML literature
	Achieved - PdM, automotive monitoring and battery-health literature were reviewed.

	Process a suitable degradation dataset and extract condition indicators
	Achieved - 636 NASA discharge-cycle observations and 27 variables were produced.

	Develop maintenance-oriented health states
	Achieved - Healthy, Degrading and Maintenance Required categories were generated.

	Develop and compare four ML models
	Achieved - DT, RF, SVM and NN were implemented in MATLAB.

	Assess generalisation using independent testing
	Achieved - B0018 was excluded from training and used for final testing.

	Interpret results and connect predictions to maintenance action
	Achieved - feature importance, per-class analysis and a three-level maintenance framework were developed.

	Assess computational efficiency and robustness
	Achieved - timing, synthetic drained-battery, battery-difference and B0007-removal sensitivity tests were completed.



The project also met the practical objective of converting analytical results into maintenance meaning. The three health states are linked to routine monitoring, increased monitoring and inspection or replacement planning. This is a simple framework, but it demonstrates the final decision stage that is sometimes missing from machine-learning studies. The outcome is therefore both a classification result and an example of how that result could be used within an automotive maintenance process.
[bookmark: _Toc239522271]6.2 Overall Project Findings
The main findings are based on the independent B0018 test and the additional robustness checks carried out in MATLAB.
The models were able to separate the three health conditions using voltage-, current- and temperature-based features without using SOH, capacity or RUL as inputs.
SVM gave the strongest B0018 result with 86.36% accuracy and 84.25% macro F1. For the Maintenance Required class it achieved 100% precision and 94.83% recall, and it detected all Degrading cycles. After B0007 was removed from training, SVM still gave the best reduced-training result at 84.09% accuracy.
These results show useful condition-classification performance for this dataset, but they should not be treated as a complete production PdM solution. The work uses one laboratory dataset, one independent final test battery and health-state classification rather than direct RUL forecasting.
The supporting experiments also strengthen the interpretation. Battery-to-battery comparison shows that cells age at different rates, supporting direct condition monitoring. The timing analysis shows that all four methods are computationally practical. The synthetic drained case demonstrates workflow behaviour but is correctly kept separate from real validation. The B0007-removal test shows that training diversity matters and that SVM is the least sensitive of the four models to this reduction.
[bookmark: _Toc239522272]6.3 Final Conclusion
This project developed and tested a machine-learning predictive-maintenance workflow for automotive systems using lithium-ion battery ageing as the practical case study.
The main purpose was to connect the stages of PdM in one process: collect condition data, extract useful features, classify the health condition and link the result to a maintenance action.
The NASA battery ageing dataset was used because it contains repeated experimental degradation data. Four batteries were processed in MATLAB and 636 discharge-cycle observations were extracted.
Fifteen voltage-, current- and temperature-based predictors were used. SOH was used only to create the Healthy, Degrading and Maintenance Required labels. Capacity, SOH, RUL and other target-related variables were kept out of the model inputs to reduce data leakage.
The splitting strategy based on battery level was an essential component of the technique. The datasets B0005, B0006 and B0007 had 504 samples of the training set, whereas B0018 had 132 samples to be used as a separate independent test set.
On B0018, Decision Tree reached the accuracy of 77.27%, Random Forest – 83.33%, SVM – 86.36%, Neural Network – 72.73%.
Random Forest feature importance ranked Mean Voltage first. End Voltage, Temperature Slope, current variation, temperature variation and Voltage Drop were also useful, showing that the health condition was represented by a mix of electrical and thermal behaviour.
The extra tests also added useful information. The real batteries aged at different rates, the synthetic drained-battery data were kept separate as a demonstration only, and removing B0007 reduced B0018 performance for every model. SVM had the smallest drop, from 86.36% to 84.09% accuracy.
Most classification errors happened between neighbouring health states. The best model did not directly classify a Maintenance Required cycle as Healthy, which is a useful result from a maintenance point of view.
The Degrading class gives an early-warning stage before the Maintenance Required condition. The maintenance framework therefore uses routine monitoring for Healthy, increased monitoring for Degrading and inspection or replacement planning for Maintenance Required.
The main limitations are the small number of physical batteries, laboratory rather than real-vehicle data, one independent final test battery, no direct RUL prediction and the project-defined 90% early-warning limit.
Overall, the project shows a complete PdM proof of concept from condition measurements through to a maintenance recommendation. The results are strong enough to support the method within the selected dataset, while further validation is still needed before real vehicle use.
The battery is used as the practical example for the wider predictive-maintenance method. Future work can extend the same framework with more batteries, real vehicle BMS data, leave-one-battery-out validation, RUL prediction, explainable AI and real-time maintenance support.


The work still demonstrates the main engineering principle required for predictive maintenance: condition should be measured and interpreted rather than assumed from age alone. The NASA batteries do not deteriorate at the same rate, and the machine-learning models can use measured behaviour to distinguish useful health states. By linking those states to monitoring and maintenance actions, the project shows how a battery case study can represent a wider automotive PdM approach rather than becoming an isolated battery analysis.
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[bookmark: _Toc239522275]Appendix A - MATLAB Battery Feature-Extraction Script
The complete final feature-extraction script is retained as electronic supporting material under the filename Pasted text (3).txt / Battery_Step2_FeatureExtraction.m. The extract below shows the core dataset selection, discharge-cycle processing and health-class logic used in the study.
%% =========================================================
% NASA BATTERY FEATURE EXTRACTION
%
% This script reads the NASA battery data.
% It uses the discharge cycles and calculates some battery features.
%% =========================================================

clear;
clc;
close all;

% start timer
overallFeatureTimer = tic;

fprintf('\n====================================================\n');
fprintf(' NASA BATTERY FEATURE EXTRACTION\n');
fprintf('====================================================\n\n');

%% 1. Select battery folder

datasetFolder = uigetdir(pwd, ...
    'Select the NASA Battery Dataset Folder');

if datasetFolder == 0
    error('No dataset folder selected.');
end

% battery files used in this project
requiredFiles = { ...
    'B0005.mat', ...
    'B0006.mat', ...
    'B0007.mat', ...
    'B0018.mat'};

%% 2. Create output folder

    %% Find discharge cycles

    operationTypes = strings(numel(AllOperations), 1);

    for operationNumber = 1:numel(AllOperations)

        operationTypes(operationNumber) = ...
            string(AllOperations(operationNumber).type);

    end

    dischargeIndices = ...
        find(strcmpi(operationTypes, "discharge"));

    fprintf('Discharge cycles found: %d\n', ...
        numel(dischargeIndices));

    %% Find starting capacity

        %% Calculate SOH

        SOHPercent = ...
            100 * capacityAh / initialCapacity;

        %% Voltage features

        meanVoltage = ...
            mean(voltage);

        minimumVoltage = ...
            min(voltage);

        maximumVoltage = ...
            max(voltage);

        standardDeviationVoltage = ...
            std(voltage);

        voltageRange = ...
            range(voltage);

        startVoltage = ...
            voltage(1);

        endVoltage = ...
            voltage(end);

        voltageDrop = ...
            startVoltage - endVoltage;

        %% Current features

        absoluteCurrent = ...
            abs(current);

        meanCurrent = ...
            mean(absoluteCurrent);

        standardDeviationCurrent = ...
            std(absoluteCurrent);



% 90% or more = Healthy
% 80% to 90% = Degrading
% below 80% = Maintenance Required

healthStatus = ...
    strings(height(Results), 1);

healthStatus( ...
    Results.SOH_Percent >= 90) = ...
    "Healthy";

healthStatus( ...
    Results.SOH_Percent >= 80 & ...
    Results.SOH_Percent < 90) = ...
    "Degrading";

healthStatus( ...
    Results.SOH_Percent < 80) = ...
    "Maintenance Required";

Results.Health_Status = ...


numericData = ...
    Results{:, vartype('numeric')};

invalidRows = ...
    any(~isfinite(numericData), 2);

fprintf('\nRows containing nonfinite values: %d\n', ...
    sum(invalidRows));

%% 10. Save results

csvOutputFile = fullfile( ...
    outputFolder, ...
    'NASA_Battery_Cycle_Features.csv');

matOutputFile = fullfile( ...
    outputFolder, ...
    'NASA_Battery_Cycle_Features.mat');

writetable( ...
    Results, ...
    csvOutputFile);

save( ...
    matOutputFile, ...

[bookmark: _Toc239522276]Appendix B - MATLAB Model-Training and Testing Script
The complete final model-training workflow is retained as electronic supporting material under the filename Pasted text (2)(1).txt / Battery_Model_Training.m. The extract below documents the fixed random seed, training/test battery design, predictor selection and the principal comparison settings.
%% =========================================================
% BATTERY PREDICTIVE MAINTENANCE
%
% This script trains the models and compares the battery results.
% It also checks a drained battery and removes one battery for comparison.
%% =========================================================

clear;
clc;
close all;

rng(42);

overallWorkflowTimer = tic;

fprintf('\n============================================================\n');
fprintf(' FINAL AUTOMOTIVE BATTERY PREDICTIVE MAINTENANCE WORKFLOW\n');
fprintf('============================================================\n\n');

%% Settings

% Random Forest trees
numberOfTrees = 500;

% battery removed for second test

removedBattery = "B0007";

%% 1. Load NASA feature data

[fileName, inputFolder] = uigetfile( ...
    '*.csv', ...
    'Select NASA_Battery_Cycle_Features.csv');

if isequal(fileName, 0)

    error('No NASA battery feature CSV file was selected.');

end



% I do not use capacity, SOH and RUL for model training

predictorNames = {
    'Mean_Voltage_V'
    'Minimum_Voltage_V'
    'Maximum_Voltage_V'
    'STD_Voltage_V'
    'Voltage_Range_V'
    'Start_Voltage_V'
    'End_Voltage_V'
    'Voltage_Drop_V'
    'Voltage_Slope_V_Per_Min'
    'STD_Current_A'
    'Mean_Temperature_C'
    'Maximum_Temperature_C'
    'STD_Temperature_C'
    'Temperature_Rise_C'
    'Temperature_Slope_C_Per_Min'
    };

requiredVariables = [
    {
    'Battery_ID'
    'Cycle_Number'
    'Capacity_Ah'
    'SOH_Percent'
    'Health_Status'
    }
    predictorNames
    ];



trainingBatteries = [
    "B0005"
    "B0006"
    "B0007"
    ];

testingBattery = ...
    "B0018";

if ~ismember(removedBattery, trainingBatteries)

    error(['removedBattery must be B0005, B0006 or B0007.']);

end

trainingMask = ismember( ...
    Data.Battery_ID, ...
    trainingBatteries);

testingMask = ...
    Data.Battery_ID == testingBattery;

if ~any(trainingMask)

    error('Training battery records were not found.');

end

if ~any(testingMask)

    error('B0018 records were not found.');

end

%% 7. Prepare training and testing data

XTrainRaw = ...
    Data{trainingMask, predictorNames};

XTestRaw = ...
    Data{testingMask, predictorNames};

YTrain = ...
    Data.Health_Status(trainingMask);

YTest = ...
    Data.Health_Status(testingMask);

XDrainRaw = ...
    DrainData{:, predictorNames};

YDrain = ...
    DrainData.Health_Status;

fprintf('\n============================================================\n');


% train with B0005, B0006 and B0007

fprintf('\n============================================================\n');
fprintf(' BASELINE MODEL TRAINING\n');
fprintf('============================================================\n\n');

Baseline = trainFourModels( ...
    XTrainRaw, ...
    YTrain, ...
    XTestRaw, ...
    classNames, ...
    classOrder, ...
    numberOfTrees);

%% 12. Check B0018 results

[ModelComparison, ...
 PerClassMetrics, ...
 BaselineConfusionMatrices] = ...
    evaluateFourModels( ...
        YTest, ...
        Baseline.Predictions, ...
        classOrder, ...
        Baseline.TrainingTimes, ...
        Baseline.PredictionTimes);

fprintf('\n============================================================\n');
fprintf(' OFFICIAL INDEPENDENT TEST RESULTS - B0018\n');
fprintf('============================================================\n\n');

disp(ModelComparison);

fprintf('\nPer-class B0018 results:\n\n');

disp(PerClassMetrics);

%% 13. Find best model

[~, bestModelIndex] = max( ...
    ModelComparison.Macro_F1_Percent);

bestModelName = ...
    ModelComparison.Model(bestModelIndex);

fprintf('\nBest official model based on Macro F1-score:\n');

fprintf('%s\n\n', ...
    bestModelName);

bestPrediction = selectModelPrediction( ...
    bestModelName, ...
    Baseline.Predictions);

recommendedAction = ...
    createMaintenanceActions( ...

[bookmark: _Toc239522277]Appendix C - Extracted Battery Feature Dataset
The complete 636-row, 27-variable NASA_Battery_Cycle_Features.csv file is retained as electronic supporting material. Table C1 provides the full variable list used in the extracted cycle-level dataset, and Table C2 gives representative values from the first five B0005 discharge cycles.
Table C1. Complete extracted variable list
	No.
	Variable

	1
	Battery_ID

	2
	Cycle_Number

	3
	Capacity_Ah

	4
	SOH_Percent

	5
	Health_Status

	6
	RUL_Cycles_To_80pct

	7
	Ambient_Temperature_C

	8
	Initial_Capacity_Ah

	9
	Mean_Voltage_V

	10
	Minimum_Voltage_V

	11
	Maximum_Voltage_V

	12
	STD_Voltage_V

	13
	Voltage_Range_V

	14
	Start_Voltage_V

	15
	End_Voltage_V

	16
	Voltage_Drop_V

	17
	Voltage_Slope_V_Per_Min

	18
	Mean_Current_A

	19
	STD_Current_A

	20
	Mean_Temperature_C

	21
	Maximum_Temperature_C

	22
	STD_Temperature_C

	23
	Temperature_Rise_C

	24
	Temperature_Slope_C_Per_Min

	25
	Discharge_Duration_Seconds

	26
	Mean_Power_W

	27
	Discharge_Energy_Wh


Table C2. Representative extracted rows from B0005
	Cycle
	Capacity (Ah)
	SOH (%)
	Health status
	Mean voltage (V)
	Mean temperature (C)
	Discharge energy (Wh)

	1
	1.8565
	100.000
	Healthy
	3.5298
	32.572
	6.6088

	2
	1.8463
	99.453
	Healthy
	3.5373
	32.725
	6.5863

	3
	1.8353
	98.861
	Healthy
	3.5437
	32.643
	6.5557

	4
	1.8353
	98.857
	Healthy
	3.5437
	32.515
	6.5548

	5
	1.8346
	98.823
	Healthy
	3.5423
	32.382
	6.5522


[bookmark: _Toc239522278]Appendix D - Independent B0018 Model Performance
The official independent validation results are reproduced in Table D1. B0018 remained excluded from model development and preprocessing statistics.
Table D1. Official independent B0018 performance
	Model
	Accuracy
	Macro precision
	Macro recall
	Macro F1
	Weighted F1
	Train (s)
	Predict (s)

	Decision Tree
	77.27%
	84.85%
	77.01%
	75.59%
	77.78%
	0.560
	0.062

	Random Forest
	83.33%
	87.36%
	81.91%
	80.66%
	83.11%
	2.530
	0.108

	SVM
	86.36%
	88.89%
	85.12%
	84.25%
	86.30%
	0.482
	0.082

	Neural Network
	72.73%
	81.11%
	68.83%
	64.57%
	69.17%
	0.474
	0.011


[bookmark: _Toc239522279]Appendix E - Per-Class Performance
Table E1 reproduces the precision, recall and F1-score for each B0018 health class and model.
Table E1. Per-class B0018 performance
	Model
	Class
	Precision
	Recall
	F1

	Decision Tree
	Healthy
	100.00%
	50.00%
	66.67%

	Decision Tree
	Degrading
	54.55%
	100.00%
	70.59%

	Decision Tree
	Maintenance Required
	100.00%
	81.03%
	89.52%

	Random Forest
	Healthy
	100.00%
	52.63%
	68.97%

	Random Forest
	Degrading
	62.07%
	100.00%
	76.60%

	Random Forest
	Maintenance Required
	100.00%
	93.10%
	96.43%

	SVM
	Healthy
	100.00%
	60.53%
	75.41%

	SVM
	Degrading
	66.67%
	100.00%
	80.00%

	SVM
	Maintenance Required
	100.00%
	94.83%
	97.35%

	Neural Network
	Healthy
	100.00%
	21.05%
	34.78%

	Neural Network
	Degrading
	50.00%
	88.89%
	64.00%

	Neural Network
	Maintenance Required
	93.33%
	96.55%
	94.92%


[bookmark: _Toc239522280]Appendix F - Independent B0018 Prediction Output
The complete B0018_Test_Predictions.csv file is retained as electronic supporting material. It contains one row for each of the 132 B0018 discharge cycles and records Battery_ID, Cycle_Number, SOH_Percent, Actual_Health_Status, the prediction from each of the four models, the selected best-model prediction and the corresponding maintenance recommendation. The file is not reproduced in full here because the 132-row table would be unnecessarily extensive for the printed report.
[bookmark: _Toc239522281]Appendix G - Confusion-Matrix Data
Tables G1-G4 reproduce the four confusion matrices used for the official independent B0018 evaluation. Rows are actual classes and columns are predicted classes in the order Healthy, Degrading and Maintenance Required.
Table G1. Decision Tree confusion matrix
	Actual / Predicted
	Healthy
	Degrading
	Maintenance Required

	Healthy
	19
	19
	0

	Degrading
	0
	36
	0

	Maintenance Required
	0
	11
	47


Table G2. Random Forest confusion matrix
	Actual / Predicted
	Healthy
	Degrading
	Maintenance Required

	Healthy
	20
	18
	0

	Degrading
	0
	36
	0

	Maintenance Required
	0
	4
	54


Table G3. SVM confusion matrix
	Actual / Predicted
	Healthy
	Degrading
	Maintenance Required

	Healthy
	23
	15
	0

	Degrading
	0
	36
	0

	Maintenance Required
	0
	3
	55


Table G4. Neural Network confusion matrix
	Actual / Predicted
	Healthy
	Degrading
	Maintenance Required

	Healthy
	8
	30
	0

	Degrading
	0
	32
	4

	Maintenance Required
	0
	2
	56


[bookmark: _Toc239522282]Appendix H - Random Forest Feature Importance
Table H1 reproduces the out-of-bag permuted predictor importance ranking. The values are model-specific error changes and are not percentages or direct measures of physical causation.
Table H1. Random Forest out-of-bag permuted predictor importance
	Rank
	Predictor
	OOB permuted importance

	1
	Mean Voltage
	1.695

	2
	End Voltage
	0.848

	3
	Temperature Slope
	0.835

	4
	STD Temperature
	0.797

	5
	STD Current
	0.774

	6
	Voltage Drop
	0.729

	7
	Voltage Slope
	0.667

	8
	Start Voltage
	0.467

	9
	Maximum Voltage
	0.451

	10
	STD Voltage
	0.400

	11
	Temperature Rise
	0.397

	12
	Maximum Temperature
	0.361

	13
	Mean Temperature
	0.346

	14
	Voltage Range
	0.325

	15
	Minimum Voltage
	0.292


[bookmark: _Toc239522283]Appendix I - Saved Machine-Learning Models
Battery_Classification_Models.mat is retained as electronic supporting material. The saved file contains the trained Decision Tree, Random Forest, SVM and Neural Network models together with the predictor names, training-set mean and standard deviation, class names, model-comparison table, per-class metrics and the selected best-model name. This file supports reproducibility without requiring the full model objects to be printed in the report.
[bookmark: _Toc239522284]Appendix J - Additional Robustness and Timing Results
The final workflow included the professor-requested timing comparison, battery-to-battery comparison, synthetic drained-battery demonstration and one-battery-removal sensitivity experiment. Tables J1 and J2 summarise the main numerical results. SYNTH_DRAIN1 is synthetic demonstration data only and is not a NASA validation battery.
Table J1. Synthetic drained-battery demonstration performance
	Model
	Accuracy
	Macro precision
	Macro recall
	Macro F1

	Decision Tree
	96.67%
	97.05%
	97.16%
	97.09%

	Random Forest
	96.67%
	97.50%
	96.88%
	97.06%

	SVM
	96.67%
	96.39%
	96.47%
	96.42%

	Neural Network
	94.44%
	93.52%
	94.93%
	93.91%


Table J2. Effect of removing B0007 from training
	Model
	Baseline accuracy
	Reduced accuracy
	Accuracy change
	Reduced macro F1

	Decision Tree
	77.27%
	71.97%
	-5.30 points
	69.09%

	Random Forest
	83.33%
	71.21%
	-12.12 points
	70.85%

	SVM
	86.36%
	84.09%
	-2.27 points
	81.42%

	Neural Network
	72.73%
	60.61%
	-12.12 points
	52.92%


The recorded feature-extraction execution time was 7.937 seconds (0.13 minutes), and the complete final MATLAB workflow required 52.974 seconds (0.88 minutes). Random Forest had the longest baseline model training time at approximately 2.53 seconds, whereas all four prediction times on B0018 were below 0.11 seconds.
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