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Abstract 
The use of Electric vehicles (EVs) is increasing but some unexpected 

technical failures can affect safety, reliability and operating costs. Traditional 

maintenance methods are often not able to detect early failures and it creates the 

need for predictive maintenance strategies. There are some limitations for 

machine learning models in EVs when they are working with imbalanced data 

because it can affect the performance. This study evaluates and compares four 

machine learning models: Logistic Regression, Decision Tree, Random Forest 

and XGBoost to predict Diagnostic Trouble Codes (DTC) using EV sensor data. 

The project also studies the use of Synthetic Minority Oversampling 

Technique (SMOTE) to improve the performance of the model. The dataset has 

131,396 units from three different profiles of EV users (rare, moderate and 

heavy), the dataset was cleaned, merged and processed. The models were trained 

using both datasets, imbalanced and balanced and they were evaluated using 

different evaluation metrics such as Accuracy, Balanced Accuracy, Precision, 

Recall, F1 Score, and ROC AUC. The results showed that without balancing the 

data, Logistic Regression could not detect failures and the tree-based models got 

high accuracy with a possible overfitting. After applying SMOTE, all the models 

improved their performance. Random Forest and XGBoost showed the best 

results between precision and recall and these results confirm that addressing 

class imbalance is very important for predictive failures in EVs and support the 

use of machine learning models for predictive maintenance to reduce downtime 

and costs. In the future we can study deep learning models with real-time data. 

Keywords: Electric Vehicles, Predictive Maintenance, Machine Learning, 

SMOTE. 

 

1 Introduction 

Electric vehicles are more popular now because they help to protect the environment 

(Surabhi, 2024). However, they can be affected by unexpected technical failures, which can 

create problems of safety, downtime of the service and increase the repairing costs (Zhang et 

al., 2021). This situation has created a good opportunity to work in predictive maintenance 

methods to detect early signs of problems with the use of data information (Nunes et al., 

2023). 

https://github.com/AlexisSCC/Predictive_Maintenance_Project


Predictive maintenance is totally necessary because it can help to reduce costs and improve 

the trust of people on EVs (Theissler et al., 2021). Some studies explain that machine 

learning models like Random Forest works well predicting failures in different industries 

(Assagaf et al., 2023). Even when the use of ML models in electric vehicles is limited, some 

recent researches like Mishra et al., (2024) highlights the effectiveness of classification model 

to identify early failures. Also, Attia and Aoulmia (2025) tested different models such as 

Logistic Regression, Decision Tress and Random Forest using real time sensor data and they 

got an accuracy of 96%. 

 

This project focuses in exploring how well artificial intelligence and different machine 

learning models can predict diagnostic trouble codes (DTC) in EVs to support more efficient 

maintenance decisions in the industry. The main objective is to compare and evaluate the 

performance of four ML in predictive maintenance. Some of the research questions that guide 

this project are: 

 RQ1: How accurate are ML models to predict DTCs in different usage profiles? 

 RQ2: Which are the variables that contribute most towards the predictions? 

 RQ3: Are balancing techniques a good option to improve the performance of the 
model? 

 

In this project two limitations are that the analysis focuses on binary classification of DTC 

and we are not working to identify the type of failures and the project assumes that the 

available data reflects important EV patterns and that they can be captured by machine 

learning models. The study is organized in six sections: Section 1 introduces to the research 

problem. Section 2 studies the related work in predictive maintenance. Section 3 shows the 

dataset and methodology. Section 4 describes the models and evaluation metrics. Section 5 

shows the results and Section 6 are the conclusions and future work. 

 

2 Related Work 

Predictive Maintenance works preventing failures in different type of equipments. In electric 

vehicles where systems like batteries, electric motors and electronic units are very important, 

PdM is very useful and necessary (Mishra et al., 2021). Unlike traditional maintenance 

strategies, PdM is focus on the real condition of the components which is good to reduce 

downtime and extend the vehicle life. (Jauhar, S et al., 2024). 

 

The EVs generate sensor datasets that could be useful to train machine learning models to 

prevent failures. Different studies demonstrated that predictive maintenance systems improve 

safety, reduce operative costs and help to monitor systems like batteries and power 

electronics (Zhang, X et al., 2021). However, there are some challenges like the quality of the 

data, class imbalance and the correct selection of evaluation metrics to measure these models 

(Nunes, P et al., 2023). 

2.1 Machine Learning Models for Predictive Maintenance 

Many machine learning models have been applied to predictive maintenance tasks in electric 

vehicles and they got good results. Some of the most important are the tree-based models 

such as Decision Tree (DT), Random Forest (RF) and XGBoost (XGB), which are often 

preferred because they are easy to interpret when working with structured data (Lou J, 2024). 

Random Forest showed that is a strong model to handle high dimensional and noisy data, 

which makes it suitable for electric vehicle diagnostics (Attia, R et al., 2025). XGBoost offers 



higher accuracy and computational efficiency especially to work with imbalanced data or rare 

fault types (Tsylenko, M et al., 2022). 

Although, models like Logistic Regression (LR) are simple, it still can be used because of its 

ability to provide probabilistic results and explainable decisions (Aydin, C et al., 2025). Some 

studies that compare these models suggest that three-based models often perform better than 

linear models in predictive maintenance tasks, especially when the variables are complex 

(Jafari, S et al., 2023). However, the final choice of the model depends on the data, 

computational limitations and specific objective of prediction. 

 

2.2 Data Challenges in Predictive Maintenance 

Feature engineering is a very important step in predictive maintenance because it transforms 

raw data in informative variables that improve the model learning. For electric vehicles, 

important variables include battery voltage, temperature, current and real-time data from 

OBD systems. Studies showed that a combination of sensor sources and derivative variables 

improves the accuracy of the model (Theissler et al., 2021). The use of vibration and voltage 

data is also very helpful to detect and prevent early failures. Also, feature selection methods 

such as correlation filtering and mutual information can help to reduce the noise and improve 

the interpretability (Prytz. R, 2014). 

 

Class imbalance in failure prediction is a big problem, it happens when no failures are more 

common than the real failures. This imbalance makes the model to predict more the majority 

class and it means poor recall for failure detection. Oversampling and similar resampling 

techniques work well to improve the performance in those cases (Mahale, Y et al., 2025). 

Ignoring imbalance often means in low accuracy and bad results (Buabeng, A et al., 2021). 

Another evaluation metrics such as balanced accuracy or F1 score are recommended to obtain 

better information about the performance of the model (Theissler et al., 2021). In this project, 

class imbalance was addressed applying SMOTE techniques. 

 

2.3 Evaluation Metrics 

The correct selection of evaluation metrics is important to measure the performance of 

predictive maintenance models, especially in classification tasks. However, for example, is 

more common to use accuracy but the results can be wrong when we are working with 

imbalanced data, because they show the majority class and are not able to make a real 

prediction. To address this problem, there are more metrics such as precision, recall and F1 

Score, which are also used to evaluate how well a model, detects failure cases. Some studies 

showec that depending only in accuracy may not get important information in models that fail 

identifying important variables (Spiegel, S et al., 2018). 

 

The F1 score is a good metric for balancing false positives and false negatives, which can 

improve predictions and avoid breakdowns. Also, metrics like balanced accuracy and the area 

under the ROC curve AUC offer better information of the performance of the model with 

class imbalance. A good measure is balanced accuracy since it balances both classes 

(Achariyee, B et al., 2021). The ROC AUC measures the capability to separate the failure and 

no failure classes in classification models. These measures are used to make comparisons and 

know which machine learning model made a superior performance when predicting failures 

from the data provided on electric vehicles. 

2.4 Research Gaps and Future Directions 

Even though machine learning is very used in predictive maintenance, there are still some 



limitations, especially when we are working with electric vehicles. Most of the studies focus 

on general industrial machines and not in specific problems to EVs, like battery or OBD 

system failures (Surabhi, 2024). Also, it is hard to find good datasets for EV maintenance, 

which makes it difficult to compare models (Chukwudi, I et al., 2024). Some models like 

deep learning need large amounts of data and a strong computing power, which is not always 

available (Kumar, A et al. 2023). Another problem is that many datasets have more no failure 

cases than failure ones and not all the studies deal with this imbalance in a proper way 

(Amihai, I et al., 2018). There are also few comparisons between classic models like logistic 

regression or decision trees for EVs (Benhanifia, A et al., 2025). 

In conclusion, the literature shows that predictive maintenance using machine learning is still 

developing, but there are some important gaps, especially for electric vehicle applications. 

Most of the studies agree on the value of early fault detection and the use of machine learning 

models, but problems like class imbalance, limited EV datasets. This project aims to address 

these areas applying classic machine learning models to EV failure data, selecting useful 

variables, correcting data imbalance and evaluating the performance with different metrics. 

 

3 Research Methodology 
 

3.1 Dataset Overview 

The dataset that we use in this study contains historical data that was collected from electric 

vehicles (EVs) under three types of users: Rare, which use their vehicle less frequent and only 

for short distances; Moderate, which use the vehicle on a daily basis, sometimes for long 

distances and Heavy, which have a more frequent usage, it includes coomercial and city 

drivings. We collected the data from Kaggle (Kunal Mehra, 2025), The data is from January 

2020 to December 2024: 

 

The original dataset included four user profiles but in this study only three were selected for 

analysis (Rare, Moderate, Heavy), the Regular user data was not included to maintain 

consistency and avoid redundancy. After merging the three individual CSV files, we created a 

column called user type to show the usage profile for each one. The dataset has different 

sensor variables like SOC (State of Charge), SOH (State of Health), Battery Temp, Motor 

Temp, Motor RPM, Motor Torque, Charging Cycles, Charging Voltage, Tire Pressure, Brake 

Pad Wear, etc. 

 

Also, we transformed the main variable DTC (Diagnostic Trouble Code) to binary 

classification. The original variables were codes like POMR, POB, etc, and we cleaned and 

transformed it in a binary variable: No Failure = 0, Failure = 1. After cleaning the final 

dataset contained 131,396 rows for analysis and model development. 

 

3.2 Exploratory Data Analysis (EDA) 

The exploratory Data Analysis (EDA) was made to understand the characteristics of the 

dataset before building the predictive models. This process included analysis using some 

visualization. 

3.2.1 Distribution of Numerical Variables 

To understand the spread and shape of the dataset, we generate histograms for the most 

important numerical variables. These graphs show the variable distribution. 

 

 

 



 

 

 

 

 

 

 
 

Figure 1: Distributions of Numerical Features 

In the graph Fig. 1 we can see the behavior of some important variables, for example Battery 

Temp shows a slightly skewed distribution and most of the values are between 25 and 45°C, 

it could be because of an overload in the system. The SOC present a multimodal distribution 

with peaks in different charge levels. This suggests that every user has different charging 

habits, which can influence in the health of the battery and the vehicle in general. The 

distribution of Brake Pad Wear is wide and spread with many entries with more than 70%. 

This suggests many vehicles may be working under high bake usage, which can increase 

wear failure and maybe preventive maintenance. 

3.2.2 Outlier Detection (Boxplots) 

The boxplots were used to show the presence of outliers in the numerical variables. This step 

is very important because extreme values can affect the performance of the model and reduce 

the reliability in the predictions. In this case the three most affected variables were: 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Outliers in the Numerical Features 



In Fig. 2 Battery Temp shows that many values are over the upper whisker, it can means 

overheating cases. This information is important, because high battery temperaturs can 

reduced lifespan and it can bring some safety problems. The boxplot for Motor RPM shows 

many extreme values above 4000 RPM. These readings can be caused for sudden 

acceleration or aggressive driving patterns, especially from Heavy Users, those peaks also 

could indicate stress on the motor system and be important in failure predictions. Finally, 

Charging Cycles has many numbers of high outliers, with values up to 500 cycles. These is 

usually associated with long term and high usage vehicles. Due to frequent charging can 

damage battery health, it is important to consider this information for predicting battery 

failures. Also, other variables like Motor Temp and Motor Torque have moderate number of 

outliers. These variables were not removed because they can have useful information about 

vehicle stress and system warnings. 

3.2.3 Correlation Analysis (Heatmap) 

A correlation matrix was used to verified linear relationships between sensor variables. This 

helped to identify multicollinearity and redundancy in features. 

 
Figure 3: Correlation Matrix of Numerical Features 

 

The Fig.3 shows that Motor RPM and Motor Torque correlation is perfect (1.00). This makes 

sense because higher RPMs means higher torque, especially in electric vehicles. Also, Motor 

Temp has a positive correlation with Motor RPM and Motor Torque (0.78), it suggests that 

an intense activity in the motor creates heat generation. This relationship is useful to 

anticipate failures for overheating. Finally, Charging Cycles and SOH show a negative 

correlation (-0.64), that indicates that frequent charging cycles can reduce the health of the 

battery. 



3.2.4 Relationship between Features and Target (DTC) 

 

T understand which variables can help to predict failures before they happen, we compared 

the distribution of numerical variables across the target variable DYC: Failure and No 

Failure. The boxplots shows important differences. 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 4: Relationship between main features with Target (DTC) 

 

In Fig. 4 Battery Temp we can observe a clear change in distribution, where vehicles with 

failures have higher battery temperatures. This supports the idea that temperature stress can 

create problems in the system, it can be because of poor cooling or too much use in difficult 

driving conditions. On the other hand, Charging Cycles shows that contrary to initial 

assumptions vehicles without failures show higher charging cycles, this can suggest that 

vehicles that are frequently charging are better maintained or the usage makes to avoid the 

overcharging. Finally, we can see that Brake Pad Wear shows an increase in brake wear 

between the vehicles with failures, This could indicate that an aggressive driving or constant 

stop and go conditions generate stress on the system. Other variables like Motor RPM and 

Motor Torque show less differences, which makes them less important for predictions. 

 

3.2.5 Comparative Analysis by User Type 

 

To explore the behavior and mechanical diffrences between the user profiles, we compared 

distribution of important numerical variables. The following observations are based on the 

boxplots below. 

 

 

 



 

 

 

 

 

 

 

 

 

Figure 5: Distribution of Numerical Features by User Type 

 

As Fig. 5 shows that for variables like Battery Temp, the heavy users often have higher 

temperatures with more extreme values. This suggests that they use more the vehicles and it 

can have thermal strain, which could increase wear. On the contrary, Rare users have the 

lowest battery temperatures because of the frequency of usage. In Charging Cycles case, Rare 

and Moderate users have higher values compared to Heavy users. This can be shorter but 

more frequent trips for Rare users or regular daily usage for Moderate users. 

 

Heavy users may charge less frequently but they use the car more time and finally, SOC 

shows that Heavy users show the bigger variation, going from very low to totally charge. On 

the other hand, Rare users keep SOC lower, it can be possible because they have less driving 

activity and they charge less than the others. 

 

3.3 Feature Engineering and Selection 

Before training the models, it was necessary to prepare the dataset following some 

preprocessing steps. These steps included the transformation of the target variable, handling 

with missing or null values and the creation of one variable. The goal was to improve the 

performance of the model and make sure that the data that we use for training the model is 

consistent, representative and properly scaled when it was necessary. 

 

3.3.1 Cleaning and Transformation of Target Column (DTC) 

The original target variable, Diagnostic Trouble Codes (DTC) was not in a suitable format to 

work with binary classification. At the beginning this variable included different values to 

describe types of failures, so to simplify the work and achieve the objective, this variables 

was converted into two categories: Failure and No Failure. This step allowed us to focus to 

detect if the system is likely to fail or not, without considering the type of fail. This way to 

simplify is important in predictive maintenance, where the main goal is to alert about possible 

failures more than classify them. 



3.3.2 Handling Missing Values 

Before training the models, we checked the dataset trying to find any missing values. In this 

case, the dataset did not contain missing values in the main variables. This step confirmed 

that the dataset was ready to use it. 

 

3.3.3 User Type Feature Creation 

The original dataset had three different files, each one of them representing one vehicle usage 

profile: Rare, Moderate and Heavy User. To make a good analysis, we merged the three 

datasets in a single DataFrame. 

 

For the next step we create a new column for User Type, this column shows the type of usage 

profile. This variable helped the model to study different pattern behaviors. However, we did 

not include the target variable in the training set because it can influence the probability of a 

DTC in different driving conditions. 

 

3.3.4 Feature Selection Criteria 

To ensure that the models were trained with useful variables, we worked only with numerical 

features. The selection process was based on a combination of exploratory data analysis 

(EDA), domain importance and statistical properties such as variance and correlation. 

Columns like identifiers or timestamps were removed, because they did not contribute to 

predict failures. The final set of variables captures different aspect of the vehicle 

performance, it includes temperature readings, torque levels, battery usage and brake 

conditions, among others. 

 

3.3.5 Scaling Strategy (StandardScaler for Logistic Regression only) 

Between the four models applied, only in the Logistic Regression model was necessary to use 

a Scaling strategy. This is because logistic regression is sensitive to the scale of input 

features, because it depends on gradient-based techniques for optimization. StandardScaler 

from scikit-learn was used to normalize the numerical variables and this transformation 

adjusted the features to have a mean of 0 and a standard deviation of 1, it improved the model 

performance and convergene. For the other models like Decision Tree, Random Forest and 

XGBoost was not necessary to apply scaling, because these models are based on tree 

structures and can make the decisions through threshold-based splits. It means that applying 

scaling to thee models would not have any effect on the performance or results. 

 

3.4 Handling Class Imbalance 

Many times imbalanced datasets can really affect the learning process and model 

performance. In this project, the target variable DTC showed a notable imbalance between 

the two classes, it means that most of the entries were part of the normal conditions (no 

failure) and only a smaller proportion were the failure cases. Since the main objective of this 

study is to predict failures before they happen, it is important to ensure that the model is not 

biased toward the majority class. To address this problem, we analyzed the original class 

distribution and then we applied oversampling techniques to compare the performance of the 

model before and after balancing the dataset. 

 

3.4.1 DTC Class Distribution Before Balancing 

Before to apply techniques to balance the data, the distribution of the target variable DTC 

was studied. The dataset showed a class imbalance, where most of the records were No 

failures = 0 and only a smaller portion was Failure = 1 class. This imbalance data can damage 

the performance of the model because it is going to favor the majority class during the 



training model. The figure below shows the original distribution of both classes: 

 

 
 

Figure 6: DTC class distribution before balancing. 

 

3.4.2 SMOTE: Oversampling Strategy 

To work on the class imbalance that we observed in the target variable DTC, we applied the 

Synthetic Minority Oversampling Technique (SMOTE). This is an important technique 

because it generates examples of the minority class and it helps to the model to learn better 

and reduces overfitting. The technique SMOTE was selected because of its ability to create 

more realistic samples improving the model sensitivity to minority class (failures) and 

maintain the general distribution of feature values in the dataset. 

 

SMOTE was applied after splitting the data into training (105116, 10) and test (26280, 10) 

sets, but it was applied only to the training set. This ensures that the test data continues 

representative and do not lose important information during the model evaluation. 

 

3.4.3 SMOTE Application Pipeline 

The application of SMOTE followed a pipeline to ensure the data integrity and prevent 

loosing information. The process was implemented using the imblearn library within the 

scikit-learn framework. First, we divided the data in training and testing sets and we used 

Stratified split. Second, we applied SMOTE only to the training set, generating synthetic 

samples for the minority class. The technique was not applied to the test set to not affect the 

real data distribution. Then we trained the four models using the balanced training set, to 

make sure they learn from an equal representation of both classes. Finally, we did the 

evaluation in the original testing set, which still had the imbalance class. It can provide more 

real results of the performance of the model. This pipeline ensured that the created data did 

not affect the testing phase to compare the model performance before and after to apply 

SMOTE. 

 

3.4.4 Distribution After Balancing 

After we applied SMOTE to the training set, the distribution of the target variable DTC was 

balanced. The number of failure cases (DTC = 1) was increased through synthetic data to be 

equal with the majority class (DTC = 0) and have the same number of samples for both 

classes in the training data. This balancing was very important to mitigate the tendency of the 



model to favor the majority class and to improve its ability identifying failure cases. This 

graph shows the new balanced distribution of the DTC variable in the training set after 

oversampling. Both classes now have the same number of instances. 

 

 
Figure 7: DTC Class Distribution after Balancing 

 

3.4.5 Rationale for Using SMOTE 

The use of SMOTE (Synthetic Minority Oversampling Technique) was because we could 

identify a strong imbalance in the original dataset, the number of failure cases (DTC = 1) was 

lower than the no failure cases (DTC = 0), which represents a risk of bias during the model 

training. Without using the technique the models would likely perform well in predicting no 

failure cases but poorly in detecting real failures, which is the class we want to predict in the 

context of predictive maintenance. 

 

SMOTE generates new samples of the minority class instead of only duplicate the ones that 

already exist. This helps to the model to learn better the patterns of failure cases while 

preserving diversity within the data. SMOTE was applied only to the training, it ensures that 

the evaluation on the test set continues without bias and more realistic. Balancing the classes, 

we can get more fair model training and improve the ability of the model to detect rare but 

important signals of failures. 

 

4 Design Specification 

4.1 Model Choice Rationale 

To evaluate the performance of different approaches in predictive maintenance, we worked 

with four models: Logistic Regression, Decision Tree, Random Forest and XGBoost. 

 

 

 

 

 

 

 

 



Table 1: Comparison of Selected Machine Learning Models for EV Fault Prediction 

 

 

 

Logistic Regression was selected like a baseline model, because it is very simple for 

interpretation. With this model we can evaluate if there is a lineal relationship between the 

variables and the target variable DTC. However, this model has some limitations whe it needs 

to work with complex data or no linear patterns. The Decision Tree model was included 

because they can study the relationships and interactions between variables without the need 

of scaling and even when they can overfit on small datasets, they usually offer transparent 

decision and also are easy to interpret. 

 

Random Forest is an important model, it is able to reduce overfiting and improve 

generalization. It is also good working with noise data and can handle large datasets very 

well. However, it is not very easy to interpret but has a higher predictive accuracy. Finally, 

XGBoost was selected because its good performance as a gradient boosting algorithm. It is 

able to manage structured datasets and although sometimes it is not totally transparent, it has 

a good performance managing imbalanced data. This combination of models is important to 

balance performance and interpretability. The table below shows the main characteristics of 

each model: 

 

4.2 Model Pipeline 

 
Figure 8: Pipeline of the Model 

 



After the preparation data that include cleaning, feature selection and transformation of the 

target variable, the process of the model follow a structured pipeline. First, the dataset was 

divided in features (x) and the target variable (y) and columns that do not have important 

information like timestamp or IDs were not considered. Before training the model, the dataset 

was split in training and testing sets, for this we use a standard ratio 80/20. This heped to 

reduce bias and overfiting. Also, to balance the data, SMOTE was applied only to the training 

set to ensure that the oversampling do not affect the test data. 

 

For Logistic Regression we used StandardScaler, this model is sensitive to the magnitude of 

features but Decision Tree, Random Forest and XGBoost do not need to be scaled because of 

its structure. Each model was trained independently, using Scikit-learn and XGBoost 

libraries. The predictions on the test set were evaluate using evaluation metrics like: 

Accuracy, Balanced Accuracy, F1 Score, Precision, Recall and ROC – AUC. All the pipeline 

was implemented in Python ad we use Jupyter Notebooks and machine learning libraries like 

Pandas, Scikit-Learn and Imblearn. 

4.3 Rationale for Metric Selection 

In this research, we used different evaluation metric to measure the prformancec of the 

model. Due to the target variable DTC is binary and e worked with an imbalanced dataset it 

was necessary to use more metrics than accuracy, these metrics were added to understand 

better the advantages and disadvantages of the model. 

 

We used Accuracy to get the overall percentage of the correct predictions but in imbalanced 

datasets, a high accuracy can predict more the majority class and we do not get the correct 

results. Precision shows how many of the predicted failures were correct and it helps to avoid 

the false alarms. We use Recall to know hoy many failures were correctly detected. F1 Score 

is a combination between precision and recall into a single value, this metric is useful when 

we need a balance to avoid false positives and get real failures. Balanced Accuracy helps to 

adjust the accuracy in class imbalance, it gives the same importance to both classes and also 

helps to evaluate how well the model can handle rare failure cases. Finally, we ue ROC AUC 

to measure the capacity of the model to separate both classes in different scenarios, a higher 

ROC AUC . A combination of all these metrics was necessary to evaluate the model and be 

able to select the most appropriate for predictive maintenance. 

 

5 Implementation 

5.1 Overview of the Implementation Environment 

To implement this project we use Python, all the experiments were made using Jupyter 

Notebooks because they provide a good interface to develop and test machine learning 

models. The most important libraries that we used in this implementation were: Pandas and 

Numpy to handle the data and make numerical operations, Matplotlib and Seaborn to create 

visualizations, Scikit-learn for implementing machine learning model and metrics, 

Imbalanced-learn (imblearn) to handle the imbalance data using SMOTE and XGBoost to 

implement the XGBoost classifier. 

5.2 Data Loading and Preprocessing 

The dataset that we used in this project was created merging three CSV files that were 

obtained from Kaggle, each file represent different vehicle user types: heavy, moderate and 

rare. After loading the files to Jupyter all the columns that were not necessary for the analisis 

were removed, also we create a new column called User_Type and finally the target variable 

DTC was converted to binary, where 0 means no failure and 1 means failure. 



5.3 Model Training Process 

To predict the target variable DTC we use four machine learning models using the same 

training and test sets in all the models to be able to do a good and fair comparison. The 

models that we used were: 

 

 Logistic Regression (LR) 

 Decision Tree (DT) 

 Random Forest (RF) 

 XGBoost (XGB) 

 

We trained each model using the imbalanced dataset and we applied Smote to balance the 

data. However, the test set did not change to reflect the original class distribution and true 

results of the performance. For Logistic Regression, we applied StandardScaler from scikit- 

learn. The other models, which are tree-based, did not require scaling. 

 

For training the model we use hyperparameters in all the models. Also we used the .fit() 

method to train each model using the training set and .predict() to make predictions on the 

test set and the same evaluation process was applied to all the models. 

 

5.4 Implementation Challenges 

During the development of this project there were some challenges to work, for example we 

had to manage the imbalanced dataset because it had a low number of failure cases DTC = 1, 

it affected the performance of the model, especially in recall. To manage this problem we use 

SMOTE, it helped to improve the detection of failures. Another problem was that all 

experiments were run on a personal laptop. While in this case it was enough to run the 

models, there was less opportunities to run more complex experiments or apply another kind 

of techniques. However, at the end we implemented the pipeline and had useful results. 

 

6 Evaluation 

In this chapter we describe the results from the development of the machine learning models. 

The evaluation focuses on the comparison of the model performance before and after 

applying SMOTE, it means that we compared the results with imbalance and balance data. 

Different evaluation metrics were used to measure how effective was each model. The 

analysis highlights the impact of the imbalance data on the model performance and helps to 

identify the most suitable approach to detect failures. To understand better the results we 

included some visualizations, tables and confusion matrices. 

 

6.1 Model Performance without SMOTE 

6.1.1 Performance Metrics on Imbalanced Data 

In this case, this experiment evaluates the performance of four models on the original dataset, 

which was imbalance, where the failure cases were not properly represented. The main 

objective was to see how this imbalance can affect the ability of the model to detect failures. 

 

 

 

 

 

 



Table 2: Evaluation Metrics on Imbalanced Data 

 

As we can see in table 2, the Logistic Regression model did not have a good performance 

detecting failure cases, even when it had a high accuracy, the recall and precision were zero, 

which means that all the predictions came from the majority class. This is a common problem 

when we train models without using any technique to correct imbalance datasets. On the 

contrary, the other models performed very well, Decision Tree and Random Forest got 

perfect scores in all the metrics and XGBoost also got high results. However, such perfect 

performance can suggest an overfiting. These results confirm that imbalance data can have an 

important impact on simple models. 

 

6.1.2 Confusion Matrix Analysis on Imbalanced Data 

 

 

 

Figure 9: Confusion Matrix on Imbalanced Data 

 



A confusion matrix presented in Fig. 9 demonstrates that the existing model is responding to 

the data that is currently imbalanced. Logistic Regression was labelling all samples as the No 

Failures and was skipping the actual failures. It is possible because the model was focused on 

the majority class. In contrast, Decision Tree and Random Forest did not have errors. Despite 

these results looking perfect, these are not a reflection of the true behavior and can be a sign 

that the model overffits the traininng data. Finally, XGBoost made a few mistakes but was 

very accurate because it was able to detect a few extra cases of failure and fewer false alarms. 

In this case, for generalization if we get few errors can be better than perfect scores. 

 

6.2 Model Performance with SMOTE 

6.2.1 Performance Metrics on Balanced Data 

Table 3: Evaluation Metrics on Balanced Data 

 

 

After balancing the data using SMOTE, the performance of the models improved. Logistic 

Regression could detect most of failures with a recall of 87%. However, precision was 5.8% , 

which means that the model got many false alarms and it was very sensitive to the minority 

class. This shows that even when the model tried to get failures it was not good for separating 

them from normal cases. Decision Tree got good results, with a high precision, recall and F1 

Score, it means that it was able to detect almost all the failures without any mistakes. Random 

Forest performed better with a precision almost 100% and also a high F1 Score, it implies 

that this model dealt well with the balancing data and it provided better predictions. As well, 

XGBoost performed well since it identified over 96% of actual failures and it presented a 

better precision value than the other models and maintaining a good balance between 

identifying actual failures and avoiding false ones. Therefore, Random Forest and XGBoost 

presented a more consistent performance and Logistic Regression was not very effective for 

actual cases. 

 

 

 

 

 

 

 

 

 



6.2.2 Confusion Matrix Analysis on Balanced Data 

 

 

 

Figure 10: Confusion Matrix on Balanced Data 

 

Confusion matrix Fig. 10 implies the results from models that were trained on balanced data, 

as we can notice, even though Logistic Regression had a good recall for failures with 404 out 

of 465 correctly identified, it also had a high rate of false positives. Decision Tree presented 

better results with only 2 false negativves and 238 positives, it means that it recognizes on 

both classes. Nonetheless, Random Forest performed very well, it only had 2 false negativs 

and 23 false positives, the graph shows a difference between the two classes and it 

demonstrates that this particular model is good to identify failures. Furthermore, CGBoost 

achieved good results with 18 false negatives and 64 false positives, even though it presented 

more false negatives and false positives than Random Forest. In conclusion, balancing the 

data using SMOTE improved the performance of all the models 

 

Comparison and Analysis of Results 

6.2.3 Comparison Table – Imbalanced vs Balanced Models 

This table provides a comparison of the four machine learning models that were used to 

predict the target variable Diagnostic Trouble Codes DTC, these results shows both 

experiments. The main objective is to see the differences between using balance and 

imbalance data. 



Table 4: Comparison Evaluation Metrics Results 

 

In this case, we can observe that Logistic Regression shows a bad performance when working 

with imbalance data, where F1 Score = 0.0, Precision is still low but it improves in Recall 

after SMOTE from 0.00 to 0.86. On the other hand, Decision Tree got perfect scores when 

working without SMOTE, it may indicate overfiting, however whit balance data the results 

dropped but become more realistic F1 = 0.79. Finally, Random Forest and XGBoost had a 

good performance working with both datasets but they improved with SMOTE. 

 

6.2.4 Performance Comparison by Metric per Model 

 

 

 
Figure 11: Evaluation Metrics by Model 

 

The Graph Fig. 11 shows a comparison of the evaluation metric by model. Logistic 

Regression had a poor performance when working without SMOTE because it missed 

almost all the positive cases, on the contrary when we applied SMOTE it got a higher Recall 

but the performance in general was still low. Other models like Decision Tree, Random 

Forest and XGBoost had very high scores whe working without SMOTE, it may be becaue 

they were more focused on the majority class, however after using SMOTE their results 

continue strong but they appear more realistic. In general, Random Forest and XGBoost gave 

the best and most stable results. 

 



6.2.5 ROC AUC Comparison Chart 

 

 
Figure 12: ROC AUC Comparison Chart 

 

This Graph Fig 12. Compares the performance of the models to find the difference between 

failures a no failures using ROC AUC. All the models that were trained without SMOTE 

show high values, especially Decision Tree and Random Forest 1.00, it could suggest that 

they only memorized the data and did not learn general patterns. On the other hand, when we 

applied SMOTE the results were still high but the differences showed that they looked more 

realistic, especially Decision Tree and Logistic Regression. In general, the performance of all 

the models was very good in terms of ROC AUC. 

 

6.3 Discussion 

The final results showed that models like Random Forest and XGBoost perform very well to 

predict failures, even before to balancing the data. These models performed well with high 

precision and recall, which shows its ability to work with imbalanced data (Attia and Aoulmi. 

2025). After applying SMOTE, theirs were still high and appeared balanced, which reflects 

that they are suitable for predictive maintenance it confirms the value of handling class 

imbalance described by Mahale et al. (2025). 

 

Logistic Regression, on the other hand, did not work well when the data was imbalanced, it 

could not identify failures as we could see in other studies, this kind of model is not good 

handling imbalanced data (Buabeng et al. 2021) and when SMOTE was used on it, improved 

on its recall but provided too many false positives. Therefore, simple models might not work 

for this type of study unless the data is tuned specifically for them. 

 

As a general overview, performance of the model was good and the results were consistent 

with what were expected. The use of SMOTE was beneficial in most scenarios and the 

experiments served to understand which models are appropriate for this type of prediction. 

The goal of experimenting different models and checking their behavior was achieved. 

 

 

 



7 Conclusion and Future Work 

This research wanted to answer three main questions: how accurate machine learning models 

can predict Diagnostic Trouble Codes (DTC) in electric vehicles, which sensor variables have 

more influence on predictions and if balancing the dataset with SMOTE improves the 

performance of the model. The objective was to evaluate and compare four supervised 

models: Logistic Regression, Decision Tree, Random Forest and XGBoost using real EV 

sensor data. 

 

The study was able to answer these questions. Random Forest and XGBoost provided the 

best performance with a good balance between precision and recall when we used SMOTE. 

Logistic Regression can increase recall when is dealing with balanced data but showed many 

false positives. Battery temperature, brake pad wear and charging cycles were the most 

important variables, which is consistent with the literature review that we did on predictive 

maintenance. The models worked well, but the work has various limitations since the data 

was based on history and not on current data from EVs. 

 

In future work it is possible to expand this study by moving to multi-class prediction to 

classify different types of failures, applying deep learning methods such as LSTMs to capture 

temporal patterns and testing models on real-time fleet data to improve robustness in 

operational conditions. Also, tuning of model hyperparameters and exploring hybrid systems 

that integrate predictive models with maintenance scheduling tools could improve both 

accuracy and practical usability. 
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