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ABSTRACT
This paper proposes a machine learning-based framework for enhancing the Energy Management System 
(EMS) and motor health monitoring in electric vehicles (EVs). The EMS uses supervised learning models like 
Decision Tree, Support Vector Machine (SVM), and XGBoost to sort energy states based on real-time data 
like temperature, torque, load, and state-of-charge (SOC). The system also includes motor health monitoring 
by using an Isolation Forest algorithm to find faults without supervision based on changes in motor efficiency, 
current, torque, and temperature. XGBoost achieved the highest classification accuracy of 93% in predicting 
EMS control decisions, outperforming SVM and Decision Tree models. Battery health indicators such as State of 
Health (SoH) are incorporated as additional features to enhance system awareness; however, their direct impact 
on predictive accuracy is not evaluated in the present study. The suggested EMS framework also cut average 
energy use by 12.5% compared to traditional rule-based strategies and moved control within 2.8 seconds when a 
motor fault occurred. These results show that motor condition monitoring analytics could make electric vehicles 
more reliable, energy-efficient, and fault-tolerant.
Keywords: Energy Management System; Motor Health Monitoring; Machine Learning; Battery Health; Motor 
Condition Mointoring.

1. INTRODUCTION
Electric vehicles (EVs) have become a key part of sustainable transportation because we need to cut down on 
emissions and our reliance on fossil fuels. The Energy Management System (EMS) is what controls how an 
electric vehicle (EV) uses, stores, and saves energy. It is at the heart of the vehicle’s performance and efficiency. 
The health of the electric motor is just as important. It is a key part that affects reliability, safety, and how long 
the device lasts [1–3]. 

This paper proposes a framework based on machine learning for improving the Energy Management 
System (EMS) of electric vehicles. The framework uses three supervised learning algorithms—Decision Trees, 
Support Vector Machines (SVM), and XGBoost—to improve EMS performance by correctly identifying 
energy consumption states based on real-time input features. These include the motor’s current, speed, torque, 
temperature, and battery State of Charge (SOC). This enables informed decision-making that make better use of 
the battery and improve operational efficiency.

The main reason for this work is the growing need for smart, data-driven control in electric vehicles 
(EVs) to make them more energy-efficient and last longer. Static, rule-based logic is often used in traditional 
EMS systems, but this can make it hard for them to adapt to changing driving conditions. On the other hand, 
machine learning gives systems the ability to adapt by using predictive modelling and pattern recognition on 
operational data [4,5].

In recent years, Model Predictive Control (MPC) has emerged as a powerful approach for energy 
management in electric vehicles due to its ability to predict future system behavior and optimize control actions 
over a finite horizon. MPC-based EMS frameworks can effectively handle multi-variable constraints such as 
battery state-of-charge (SOC), power demand, and thermal limits, thereby improving energy efficiency and 
system reliability. Recent studies have demonstrated that MPC can significantly enhance vehicle performance 
by dynamically adjusting power distribution based on predicted driving conditions and load variations [6–8]. 
However, despite its advantages, MPC requires high computational resources and accurate system models, 
which may limit its applicability in real-time embedded automotive systems. Consequently, there is growing 
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interest in data-driven and machine learning-based EMS approaches that can provide adaptive control with 
lower computational complexity while maintaining comparable performance.

Recent research has demonstrated increasing convergence between machine learning, energy management, 
and material-level battery analysis in electric vehicle systems. Studies published in journals such as Revista Matéria 
have emphasized the importance of material degradation mechanisms and their impact on battery performance and 
lifecycle, highlighting the need for integrating State of Health (SoH) awareness into control strategies. In parallel, 
several works in IEEE and Elsevier journals have explored data-driven EMS frameworks using machine learning 
and optimization techniques to enhance energy efficiency and system adaptability. Furthermore, advancements 
in fault diagnosis and condition monitoring of electric drives have shown that combining statistical and machine 
learning approaches can significantly improve system reliability [9–13]. These developments underline the impor-
tance of holistic frameworks that integrate energy management, battery health estimation, and motor condition 
monitoring, as proposed in this study.

The primary objective of this study is to enhance energy usage classification within EMS through the 
implementation of machine learning models capable of learning from both historical and real-time performance 
metrics. This work also looks into how adding battery health indicators, like State of Health (SoH) and degrada-
tion rate, can help EMS make better decisions. However, the current code is mostly just a starting point for this 
kind of integration in future work.

This study does not currently employ fault classification or failure prediction algorithms, in contrast to some 
existing research that incorporates anomaly detection models such as Isolation Forest for motor health monitoring. 
The focus is still on optimising EMS using classification models trained on energy-related parameters, as shown 
in Figure 1.

The main goals of this study are to create a machine learning-based EMS classification system that can 
predict power states (Low, Medium, High) based on motor and energy parameters.

•	 To incorporate battery-centric attributes such as State of Charge (SOC) and temperature into the EMS 
decision-making framework.

•	 To compare the classification accuracy and reliability of the Decision Tree, SVM, and XGBoost models, as 
shown in Table 1.

•	 To suggest a way to add more detailed battery health metrics (SoH, degradation) and ways to find motor 
faults in the future.

Figure 1: Diagram of the EV system with EMS and motor health monitoring.

Table 1: Summary of machine learning models used.

MODEL DESCRIPTION KEY HYPERPARAMETERS
Decision Tree A tree-based model that splits data based on feature 

thresholds.
Maximum depth, minimum samples 

split, criterion (Gini, entropy)
Support Vector 

Machine (SVM)
A supervised model that finds the optimal hyperplane to 

separate classes.
Kernel type, C (regularization), gamma

XGBoost A gradient boosting algorithm that builds strong models 
through sequential trees.

Learning rate, number of estimators, 
max depth
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Unlike conventional studies that separately address energy management or condition monitoring, this 
work presents a unified data-driven framework that integrates EMS decision classification with motor anomaly 
detection using a shared feature space. The proposed approach emphasizes simplicity, interpretability, and 
adaptability, making it suitable for real-time implementation in embedded electric vehicle systems.

The paper is set up like this:  Section 2 gives a full overview of energy management systems and motor 
health monitoring in electric vehicles (EVs), pointing out important new developments and areas where more 
research is needed.  Section III goes into great detail about the proposed methodology, including how to 
preprocess data, how to use different machine learning models, and how to do feature engineering.  Section 
IV shows the results of the experiments, which give us information about how well the model works and how 
well the suggested method works for keeping an eye on motor health.  Finally, Section V wraps up the paper 
with a summary of the results and a talk about what future research could look like and how the current work 
could be improved.

2. ENERGY MANAGEMENT SYSTEM
The use of cutting-edge technologies in Electric Vehicles (EVs) has led to the creation of smart Energy Manage-
ment Systems (EMS) and Motor Health Monitoring solutions. This section reviews the key term of EMS, which 
focusses on how EMS strategies have changed over time, how motor fault detection techniques have improved, 
and how machine learning fits into these areas.

The objective function of EMS, as shown in Eq. (1), is to minimise energy use while still meeting driving 
requirements.

T

min max0
min P(t)dt s. t . SOC SOC(t) SOC ,u(t) U≤ ≤ ∈∫ � (1)

Where:
P(t): power consumption
SOC(t): state of charge
u(t): control input (power source switching)
U: set of allowable control actions.
The goal of EMS in EVs is to improve driving performance while also maximising battery life and energy 

use. Traditional rule-based EMS strategies have been extensively utilised [14,15], yet they exhibit a deficiency 
in adaptability to fluctuating driving conditions.Model Predictive Control (MPC)-based EMS systems [16,17] 
have shown improvements by forecasting future states, although they are computationally intensive, as listed 
in Table 2.

Recent trends include AI-based and data-driven EMS. Deep Reinforcement Learning (DRL) has been 
employed for Energy Management Systems (EMS) in hybrid and electric vehicles [18], facilitating real-time 
adaptability. Decision Trees and XGBoost are two machine learning models that have shown promise in 
classifying decisions about how to distribute power [19].

Rule-Based Control (RBC): Decision logic can be modeled as:
If SOC(t)>θ1 and Load(t)<θ2, 

Then Battery Mode
Where θ1 and θ2 are threshold parameters.

Table 2: Summarizes some EMS techniques and their key outcomes.

METHOD REFERENCE KEY CONTRIBUTION
Rule-Based [1][2] Simple, fast, but not adaptive

MPC [3][4] Predictive but computationally heavy
DRL [5][15] Adaptive and efficient

ML (DT, XGBoost) [15][16] Fast, interpretable, scalable
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Model Predictive Control (MPC): MPC uses a finite-horizon optimization model as given in Eq. (2)

1 2 2
0

min || || || ||N
K refK

SOC SOC ukλ−

=
 − +∑ � (2)

Subject to: xk+1 = f(xk,uk), x0 = x(t), uk∈U
Where: SOCref: desired SOC & λ: control penalty

Reinforcement Learning: DRL solves EMS using a Markov Decision Process (MDP) as given in Eq. (3)

( ) ( )Q s,a  = r + maxQ s ,a′ ′γ � (3)

Where Q(s,a): action-value function, r: reward (e.g., energy savings), γ: discount factor, s: state, a: action
The motor in EVs is critical to system performance and longevity. Early fault detection is essential to 

prevent breakdowns. Vibration signal analysis and model-based methods have long been used for motor fault 
detection [20,21]. However, these require physical modeling or expensive sensors.

A health score (HS) based on weighted indicators as given in Eq. (4)

1 12 3
motor motor motor

nom nom nom

I T E
HS w w w

I T E
= + + � (4)

Where: I: current, T: torque, E: efficiency & wi: weights assigned to each parameter
Isolation Forest Conceptual Equation as given in Eq. (5)

( )E h(x)
s(x) 2

c(n)
−

= � (5)

Where h(x): path length of instance x, c(n): normalization constant & s(x)→1: anomaly
Machine learning-based health monitoring has gained popularity due to its flexibility and accuracy. 

Support Vector Machines (SVM) and neural networks are widely used in classifying motor conditions from 
sensor data [22–24]. Unsupervised techniques like Isolation Forests are effective for anomaly detection without 
labeled fault data [25–27] as shown in Figure 2.

 Battery performance degrades over time. Accurate State of Health (SoH) estimation is essential for EMS 
to account for available capacity. Early models were electrochemical [28–30], but data-driven methods are now 
preferred for scalability and adaptability [31–33].

Figure 2: Comparison of motor monitoring techniques: rule-based, statistical, and machine learning.
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SoH Definition as given in Eq. (6)

100%measured

nominal

C
SOH

C
= ∗ � (6)

Where: Cmeasured: current capacity & Cnominal: rated capacity
Degradation Rate Metric as given in Eq. (7)

d(SOC)
dtD(t)

Distance
= � (7)

LSTM for SoH Estimation as given in Eq. (8) Use time-series data data (x1,x2,...,xT) to predict SoH with: 

t t 1ht f (W x U h b)−= ⋅ + ⋅ + � (8)

Gaussian Process Regression (GPR), XGBoost, and Long Short-Term Memory (LSTM) networks have 
been successfully used to estimate SoH and battery degradation [34]. These models enable proactive energy 
distribution and maintenance scheduling.

Integrated machine learning frameworks that bring together EMS, motor health, and battery health are 
becoming more common. Hybrid models that use ensemble techniques, like XGBoost with Isolation Forests, look 
promising for monitoring and controlling the health of an entire system [35,36]. Nonetheless, limited research 
offers a cohesive, elucidative, and visualization-enhanced EMS platform as advocated in this study [37,38]. 
This paper contributes the following:

•	 New EMS Framework: It introduces a data-driven EMS framework that uses machine learning models to 
adjust to changing conditions.

•	 Advanced Motor Health Monitoring: It uses a machine learning-based system to keep an eye on the health 
of motors and predict problems.

•	 Battery Health Integration: It suggests a new way to add State of Health (SoH) and degradation rate to EMS, 
which will help manage battery life better.

•	 Comparative Model Evaluation: It gives a full comparison of three machine learning models (Decision Trees, 
SVM, and XGBoost) to find the best way to monitor both EMS and motor health.

3. METHODOLOGY 
This part explains how the integrated EMS and motor health monitoring framework was designed. It talks 
about the dataset, the preprocessing pipeline, feature engineering, model architectures, and training strategies. 
The main dataset for this study is ev_energy_data_full.csv, which has more than 15,000 data points taken from 
different real-time EV driving cycles and simulations. Table 3 shows the parameters in the dataset that are 
important for managing energy and analysing the health of components.

Preprocessing steps included:

•	 Missing Value Handling: Imputation using median values for continuous variables.
•	 Missing Value Imputation: For numerical features xi, missing values were filled using the median as given 

in Eq. (9)

i inew
i

i i

             X ,      if X NaN
x

Median(X ),      if X NaN
≠

 ≠
� (9) 

•	 Outlier Detection as given in Eq. (10), Isolation Forest is used to flag and optionally filter extreme 
anomalies.
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Table 3: Features used in ML models for EMS and health monitoring.

FEATURE DESCRIPTION

Battery_Soc Battery State of Charge (%)

Load Instantaneous power demand (W)

Speed Vehicle speed (km/h)

Acceleration Vehicle acceleration (m/s2)

Voltage Battery voltage (V)

Current Battery current (A)

Temperature System temperature (°C)

Capacity_Ah Battery capacity (Ah)

Motor_Speed_RPM Motor rotational speed (RPM)

Motor_Current Motor current (A)

Torque Motor torque (Nm)

Efficiency Powertrain efficiency (%)

( )( )
( )( ) 2

E h x
c ns x

−

= � (10)

Where: h(x) : path length &  c(n): normalization constant

•	 Encoding: Label Encoder converts categorical target labels (e.g., power distribution mode) into a numeric 
format. Class labels Y∈{Battery, Regen, Mix}⇒{0,1,2}

New informative features were derived to enhance model performance:
State of Health (SoH) = capacity_ah / nominal_capacity_ah
Degradation Rate = rolling average decrease in SoC per km
Thermal Efficiency Metric = (torque × speed) / temperature

Figure 3: Boxplot showing distribution of key features.
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Before training the model, these were added to the original dataset. Standard Scaler was used to standardise all 
of the numerical features so that they all had the same size. This is important for distance-based and kernel-based 
models like SVM, as shown in Eq. (11) and Figure 3.

scaled i i
i

i

x
x

µ
σ
−

= � (11)

Where μi and σi are the mean and standard deviation of feature xi.
To evaluate and optimize energy management, the following models were trained and compared:
The EMS decision is treated as a multi-class classification problem as given in Eq. (12)

fEMS : X→Y∈{0:Battery,1:Regen,2:Mix}� (12)

Rule-Based EMS: If-else logic based on SOC and load thresholds
If SOC<30%, then use Regen; 
else if Load > 500W, use Battery

Decision Tree Classifier: Recursive binary partitioning using Gini index as given in Eq. (13)

2
1

1 C
ii

Gini p
=

= −∑ � (13)

Support Vector Machine (SVM): Finds optimal hyperplane as given in Eq. (14)

21min || ||    ( ) 1
2

t
i iW sty W X b+ ≥ � (14)

XGBoost Classifier: Each model outputs a classification for power distribution decision. 
The dataset used in this study is generated using simulated electric vehicle operating conditions with 

variations in load, temperature, speed, and motor parameters. Although different operating scenarios are consid-
ered, the dataset may not fully represent all real-world conditions such as extreme weather or road environments. 

Use Battery, Regenerative Braking, or Optimize Mix. Additive tree model as given in Eq. (15)

1
ˆ ( ),K

i k i kk
y f x f F

=
= ∈∑ � (15)

An Isolation Forest algorithm was applied to unsupervised anomaly detection in motor parameters. The 
model labeled each instance as Healthy or Faulty based on multidimensional deviations in: Motor Current, Effi-
ciency, Torque & Temperature SVM as shown in Figure 4 and as listed in Table 4.

In this work, motor health monitoring is carried out using an unsupervised anomaly detection method 
based on the Isolation Forest algorithm. Since labeled fault data is not available, abnormal operating conditions 
are identified using practical limits of motor temperature and current. These limits are used only as a reference 
to understand system behavior and do not represent true labeled data. Therefore, the results should be interpreted 
as anomaly indications rather than exact fault classification accuracy. In this work, the energy management 
problem is treated as a classification task. The system determines operating modes such as battery usage, regen-
erative operation, or combined mode based on input conditions. This approach is suitable for practical control 
systems where decisions are taken in discrete steps.

4. RESULTS AND DISCUSSION
This part gives a summary of the experimental results, including the evaluation of the EMS model, the perfor-
mance of the motor health monitoring system, and comparisons between different methods. We talk about how 
accurate, understandable, and fast the model is.
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Figure 4: Flowchart of EMS decision logic integrated with motor health monitoring.

Table 4: Model parameters and training hyperparameters.

MODEL KEY PARAMETERS
Decision Tree max_depth=5, criterion=”gini”

SVM C=1.0, kernel=’rbf’
XGBoost max_depth=4, learning_rate=0.1, n_estimators=100

Isolation Forest n_estimators=100, contamination=0.05

Three machine learning models—Decision Tree, SVM, and XGBoost—were evaluated against a  
rule-based EMS. The models were assessed using standard performance metrics: Accuracy, Precision, Recall, 
and F1 Score SVM as shown in Figure 5 and as listed in Table 5. 

The XGBoost model had the best performance, with an F1 Score of 0.92. It also did a better job of 
generalising to new data, probably because it was an ensemble and used regularisation.

The Decision Tree and XGBoost models’ feature importance analysis showed that battery_soc and load 
had the biggest effect on the EMS strategy. This makes sense physically because these parameters show the 
vehicle’s energy availability and demand SVM directly, as shown in Figure 6.

The Isolation Forest algorithm detected anomalies based on the multidimensional distribution of motor 
parameters. The prediction labeled each instance as “Healthy” or “Faulty.” As shown in Figure 7 and listed in 
Table 6. The Isolation Forest effectively segregated outliers (faulty samples), which were verified against rule-
based assumptions involving abnormal rise in temperature and motor current.	

Integrated comparison plots were made so that people could see how well different EMS strategies and 
motor health monitoring worked. This part gave a full review of the suggested framework for electric vehicles 
that uses machine learning to manage energy and keep an eye on the health of the motors. The findings indicate 
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Figure 5: Confusion matrix for best-performing EMS model (XGBoost).

Table 5: Performance metrics of EMS models.

MODEL ACCURACY PRECISION RECALL F1 SCORE
Rule-Based 0.82 0.78 0.76 0.77

Decision Tree 0.89 0.88 0.87 0.88
SVM 0.91 0.89 0.88 0.89

XGBoost 0.93 0.92 0.91 0.92

Figure 6: Feature importance ranking from the XGBoost model.
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Figure 7: Bar plot of predicted motor health statuses.

Table 6: Motor health detection summary.

HEALTH STATUS COUNT PERCENTAGE

Healthy 13,860 92.4%

Faulty 1,140 7.6%

Figure 8: SOC vs Time comparison for different EMS models.
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that ML models, especially XGBoost, substantially surpassed the traditional rule-based EMS regarding accuracy, 
precision, recall, and F1 score. XGBoost had the highest F1 score of 0.92, which means it was better at making 
reliable predictions in different operational conditions. Feature importance analysis confirmed the significance 
of critical parameters like battery state-of-charge (SOC) and load, which corresponded with domain-specific 
expectations and validated the interpretability of the SVM models, as illustrated in Figure 8 and Figure 9.

Table 7: Motor health summary statistics.

PREDICTED MOTOR HEALTH FAULTY HEALTHY
Motor Current (A) Mean 86.118 89.302

Max 149.87 149.9
Min 30.48 30

Temperature (°C) Mean 37.914 41.1
Max 59.5 59.89
Min 20.15 20.13

Efficiency Mean 0.8316 0.8197
Min 0.7 0.7

Torque (Nm) Mean 130.103 153.427
Max 248.2 249.98

SOE Mean 230.268 211.674
Input Power (kW) Min 81.6959 59.4216

Mean 65.6535 64.057
Max 114.521 117.452

SoH Mean 0.8313 0.8329
Min 0.6705 0.6681

Battery Degradation Rate Mean 0.1687 0.1671
Max 0.3295 0.3319

Figure 9: SOC VS Time- various EMS strategies.
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The Isolation Forest algorithm effectively detected anomalies in motor health monitoring, categorising 
around 7.6% of the dataset as defective, consistent with domain-specific assumptions regarding motor tempera-
ture and current, as outlined in Table 7. Comparative statistics and visualisation unveiled nuanced yet significant 
disparities in motor parameters and energy consumption patterns between operational and malfunctioning states, 
providing critical insights into system behaviour, as illustrated in Figure 10.

While key variables such as SOC and load strongly influence system behavior, the proposed models 
account for interactions among multiple operating parameters, including temperature, torque demand, and effi-
ciency. Unlike conventional rule-based methods that rely on predefined thresholds, the data-driven approach 
adapts to variations in operating conditions through learned decision boundaries.

The observed response time corresponds to the processing interval within the simulation environment, 
which includes data handling and model execution. The delay is primarily associated with data preparation 
rather than computational complexity of the model itself. In practical implementations, this delay can be mini-
mized through optimized sampling and embedded system deployment.

The reported performance values correspond to the accuracy of energy management decision classifica-
tion. SOC is used as an input parameter to guide the decision process and is not directly estimated in this work.

The comparison between rule-based and machine learning-based approaches is presented using SOC 
variation trends. The results show improved energy usage patterns with the proposed method. However, this 
analysis is based on offline data trends and does not represent exact real-time energy savings.

5. CONCLUSION
This paper presents a machine learning-based framework for enhancing energy management and motor condi-
tion monitoring in electric vehicles. The proposed approach formulates the Energy Management System (EMS) 
as a multi-class classification problem and evaluates the performance of Decision Tree, Support Vector Machine 
(SVM), and XGBoost models using operational parameters such as state of charge (SOC), load, temperature, 
torque, and speed. Among the evaluated models, XGBoost demonstrated superior classification performance, 
providing reliable and consistent decision-making across varying operating conditions. The study also incor-
porates a motor condition monitoring module based on an unsupervised anomaly detection approach using the 
Isolation Forest algorithm. This module identifies abnormal operating patterns by analyzing deviations in motor 
current, temperature, torque, and efficiency. As labeled fault data is not available, the results are interpreted as 

Figure 10: Integrated comparison of EMS strategy vs Motor health effectiveness.
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anomaly indications rather than exact fault classification outcomes. Nevertheless, the approach provides a prac-
tical mechanism for early detection of irregular behavior in electric drive systems. Battery-related parameters 
such as State of Health (SoH) and degradation indicators are included as additional features to enhance system 
awareness. However, these parameters are not directly used for predictive modeling of battery lifetime in the 
present work. Their integration into a comprehensive degradation-aware EMS framework remains an import-
ant direction for future research. The comparative analysis between rule-based and machine learning-based 
strategies indicates improved energy utilization patterns under the proposed framework. It should be noted that 
this observation is based on offline analysis of SOC trends and does not represent validated energy savings in 
a closed-loop vehicle environment. Similarly, the reported response time reflects simulation-level processing 
intervals and can be further optimized in real-time embedded implementations. Despite these limitations, the 
proposed framework demonstrates the potential of data-driven methods to improve adaptability, decision accu-
racy, and system-level monitoring in electric vehicles. The integration of energy management and motor con-
dition monitoring within a unified framework offers a scalable approach for intelligent vehicle control. Future 
work will focus on extending the framework to include real-time experimental validation, closed-loop vehicle 
simulation, and advanced battery health modeling. In addition, the development of fault classification, severity 
estimation, and remaining useful life prediction methods will enable a transition from anomaly detection to 
comprehensive predictive maintenance systems.

6. DATA AVAILABILITY
No data was used for the research described in the article.
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