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Abstract: The growing adoption of Electric Vehicles (EVS) has led to an increasing need for advanced
methods to monitor and predict battery performance in real-time. Accurate prediction of battery states, such
as State of Charge (SoC) and State of Health (SoH), is critical for enhancing battery longevity, improving
energy efficiency, and ensuring the reliability of EVs. This project presents a novel approach that integrates
Machine Learning and Digital Twins to predict battery states in EVs using data-driven machine learning
techniques. The proposed model utilizes real-time data collected from EV battery systems to create a digital
replica, or "digital twin," which simulates the behaviour of the battery over time. The system is trained using
machine learning algorithms, including regression and classification models, to predict key battery
parameters.

An essential feature of this approach is its emphasis on explainability, ensuring that the machine learning

model's decisions are interpretable and transparent to users and engineers. This is achieved through the use of
interpretable models and feature importance analysis, allowing stakeholders to understand how different
factors affect battery performance. The model is implemented in Python using popular machine learning
libraries, with real-time data input from EV Battery Management Systems (BMS). Experimental results
demonstrate the effectiveness of the approach in accurately predicting battery states while maintaining model
transparency. This work provides a promising framework for the development of intelligent, data-driven
systems that can optimize the performance and lifespan of EV batteries, ultimately contributing to the
sustainability and efficiency of electric mobility.

Index Terms - Classification, machine learning, quality, semi-supervised learning, web services, Data-Driven
Models, Predictive Modelling, Time Series Forecasting, Feature Engineering

I. INTRODUCTION

Current EV Battery Management Systems (BMS) primarily rely on traditional estimation techniques, such as
Coulomb counting, Kalman filtering, and lookup tables, to determine battery State of Charge (SoC) and State
of Health (SoH). These approaches involve historical data and pre-determined mathematical models that are
not adaptive to real-time battery behavior. While they provide approximate predictions, their accuracy
degrades under dynamic operating conditions, such as temperature fluctuations, aging, and varying discharge
rates. Additionally, these models fail to adapt to battery variability across different manufacturers or real-
world usage patterns.
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The existing systems also lack transparency, providing little insight into the factors influencing battery
performance predictions. Black-box approaches in machine learning, if used, further complicate
interpretability. Users and engineers are unable to identify anomalies or optimize battery operations
effectively. As EV adoption scales, the limitations of the current methods hinder battery efficiency, reduce
lifespan, and affect overall vehicle reliability.

dimensional and unstructured data. Optimization challenges in existing deep learning models limit
performance. Limited interpretability of ML and DL. The exponential growth of Electric Vehicles (EVs) has
placed a significant emphasis on battery performance optimization. Despite advancements, current battery
state estimation techniques—like Coulomb counting and Kalman filters—face challenges in providing
accurate predictions under real-time dynamic conditions. Factors such as battery aging, temperature
variations, and inconsistent discharge rates further degrade the performance of these static models.
Additionally, traditional methods lack transparency, often functioning as black-box systems that hinder user
trust and the ability to identify anomalies.

As EV usage increases, inaccurate estimation of critical parameters like SoC and SoH can lead to poor energy
management, reduced battery longevity, and safety risks. There is an urgent need for adaptive, transparent,
and data-driven systems capable of accurate real-time prediction. Addressing these gaps will ensure reliable
EV performance, enhance energy efficiency, and extend battery lifespan. Existing battery state prediction
methods in EVs lack accuracy, adaptability, and interpretability under real-world dynamic conditions. This
project aims to address these limitations by developing an Machine Learning-enabled Digital Twin model for
real-time prediction of battery State of Charge (SoC) and State of Health (SoH).

Il. Proposed system

The proposed model for advancing Electric Vehicle (EV) battery management leverages Explainable Digital
Twins (DTs) and data-driven predictions to optimize the performance, safety, and efficiency of EV batteries.
As the adoption of electric vehicles grows globally, the ability to effectively manage the performance of their
batteries becomes paramount for both users and manufacturers. A Digital Twin is a virtual replica of a physical
system, and in the context of EV battery management, it serves as a digital representation of the battery's state,
behavior, and performance over time. The use of Explainable Digital Twins (XDTS) is particularly important
because they provide a transparent, interpretable model, making it easier to understand the complex dynamics
of battery systems. This enables stakeholders, such as manufacturers, maintenance personnel, and even
consumers, to make informed decisions about battery health, usage, and lifecycle management.

The first key advantage of this proposed model lies in its ability to provide real-time insights into battery
health and performance through continuous monitoring. By using sensors and data inputs such as voltage,
temperature, and charge cycles, the Digital Twin can simulate the internal state of the battery, offering an
accurate, dynamic model of its behavior under various operating conditions. This data-driven approach allows
for more precise monitoring than traditional methods, which often rely on predetermined models that may not
fully capture the intricacies of real-world performance. The real-time data collected from the physical battery
is continuously fed into the Digital Twin, which can then adjust its internal models to reflect any changes in
performance or degradation. This allows for early detection of anomalies, potentially preventing costly
failures or safety hazards before they occur. Additionally, predictive algorithms can forecast the remaining
useful life (RUL) of the battery, providing valuable information for both consumers and fleet operators in
terms of when to replace or maintain the battery.

The second advantage is the explainability aspect that Explainable Digital Twins bring to battery management.
Unlike traditional machine learning models, which often operate as black boxes, XDTs offer transparent
decision-making processes that can be easily understood by users without requiring deep technical expertise.
This is particularly crucial in the context of EV battery management, where users and operators need to make
critical decisions based on battery health data. An explainable model helps demystify complex predictions,
such as the reasons behind a decrease in battery capacity or an unexpected performance dip. For instance, if
a model predicts that a battery will fail within a specific time frame, the XDT can offer insight into the factors
contributing to that prediction, such as temperature fluctuations, charging cycles, or improper usage. This
transparency fosters trust among users and ensures that they are not just blindly relying on the model's
predictions, but rather, they understand the underlying causes of the forecasted outcomes.

In addition to its real-time monitoring and explainability, the model's predictive capabilities are another
significant advantage. By incorporating advanced data analytics and machine learning techniques, the system
can predict future battery behaviors based on historical data. This allows for the identification of performance
trends and the detection of potential issues long before they become critical. Data-driven predictions can
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extend beyond simple RUL estimation and can include predictions of charging efficiency, energy
consumption, and the effects of environmental factors on battery performance. For example, the model could
predict how a battery will behave in extreme weather conditions, or how usage patterns (e.g., frequent fast
charging) might accelerate degradation. The incorporation of machine learning algorithms into this model
allows for continuous improvement as more data is collected over time. These algorithms can learn from past
performance and adjust predictions accordingly, ensuring that the model remains accurate and relevant as
battery technology evolves.

One of the most compelling aspects of this model is its ability to optimize battery management strategies.
Traditionally, battery maintenance has been reactive, with users often replacing or maintaining batteries only
when performance drops significantly or failure occurs. However, by using the predictive power of XDTs,
operators can adopt a more proactive approach to battery management. For example, the model could suggest
optimized charging cycles, recommend specific operating conditions to extend battery life, or provide alerts
when maintenance or recalibration is needed. This proactive approach not only reduces operational costs but
also improves the overall user experience by ensuring that the battery remains in optimal condition for as long
as possible.

Furthermore, the integration of data-driven models with a Digital Twin architecture enables the development
of tailored battery management solutions. EV batteries are not one-size-fits-all, and factors such as battery
chemistry, usage patterns, and environmental conditions can lead to significant variations in performance and
lifespan. The proposed model can be adapted to different types of EV batteries, allowing for the creation of
custom-tailored strategies for different users or applications. For instance, commercial fleet operators can
benefit from the ability to optimize battery management across large numbers of vehicles, while individual
consumers can receive personalized recommendations for optimizing the performance of their specific EV.
Another notable advantage is the potential for sustainability improvements. EV batteries, while a crucial part
of the clean energy transition, are still subject to environmental concerns, particularly in terms of their
production, usage, and disposal. The ability to predict battery performance and lifespan more accurately can
help minimize waste by ensuring that batteries are used to their full potential before they are replaced.
Additionally, data-driven insights can be used to optimize the recycling and repurposing of EV batteries,
further contributing to sustainability efforts. For example, when a battery reaches the end of its useful life for
an EV, its performance data can be analyzed to determine whether it could be repurposed for stationary storage
or recycled more efficiently.

The scalability of the proposed model is also an advantage. As the EV market continues to expand, the demand
for efficient battery management systems will increase. The Digital Twin and data-driven prediction model is
highly scalable, meaning that it can be adapted to a growing number of vehicles, with each vehicle having its
own individual model or with centralized management for fleets. Moreover, as new types of batteries and
charging technologies emerge, the model can be updated to incorporate these advancements, ensuring that it
remains relevant for future generations of EVs.

In conclusion, the proposed model of combining Explainable Digital Twins with data-driven predictions
offers numerous advantages for the advancement of EV battery management. The model provides real-time
monitoring, predictive capabilities, and transparency, which enhance battery performance, safety, and
lifespan. It empowers users and operators to make informed, proactive decisions while optimizing operational
costs and contributing to sustainability efforts. With its scalability and adaptability, this model promises to be
a crucial tool in the ongoing evolution of electric vehicles and the broader transition to clean energy.

I11. Methodology:

The methodology for advancing Electric Vehicle (EV) battery management through Explainable Digital
Twins (XDTs) and data-driven predictions involves a comprehensive, multi-phase approach that integrates
state-of-the-art technology, real-time data collection, machine learning techniques, and user-centric design.
The methodology is structured to ensure that the system can provide accurate, transparent, and actionable
insights to optimize battery performance, predict failures, and extend the lifespan of EV batteries. The process
includes several key stages: data acquisition, model development, integration of the Digital Twin,
explainability, prediction generation, and validation.
1. Data Acquisition
The first step in the methodology is the collection of real-time data from the EV battery. This data is essential
for building an accurate and dynamic Digital Twin of the battery. Data acquisition involves embedding
sensors in the EV’s battery system to continuously measure parameters such as voltage, current, temperature,
state of charge (SOC), state of health (SOH), and charge/discharge cycles. These sensors transmit the data to
a central system where it is aggregated and processed for use in the modeling process.

IJCRT2501690 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org \ g10



http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 1 January 2025 | ISSN: 2320-2882

In addition to the onboard sensors, external factors that could influence battery performance, such as weather
conditions, road usage patterns, and charging station information, are also considered. This comprehensive
data set enables the creation of a highly detailed and accurate model that reflects both internal and external
influences on battery health and performance.

2. Model Development and Calibration

The next step is to develop the computational models that underpin the Digital Twin. The primary objective
IS to create a virtual representation of the battery that mimics its real-world behavior in a way that is both
accurate and scalable. This involves using a combination of physics-based models and machine learning
techniques to model the battery’s state and performance over time.

Physics-based models are used to capture the fundamental principles governing battery behavior, such as
electrochemical processes, thermal dynamics, and charge/discharge cycles. These models provide a robust
foundation for understanding how the battery operates under different conditions. Machine learning
techniques, such as supervised learning, regression models, and neural networks, are then used to fine-tune
the model, enabling it to capture more subtle patterns in the data, such as gradual degradation or subtle shifts
in performance due to environmental factors.

The calibration of these models involves training them on historical battery performance data. Data from
various battery types, operating conditions, and environmental factors are used to ensure that the model can
generalize well across different scenarios. Additionally, calibration is performed iteratively, where the model
is continuously refined as new data is collected from the EV’s battery system.

3. Integration of the Digital Twin

Once the models are developed and calibrated, the next phase is to integrate the Digital Twin into the battery
management system. The Digital Twin serves as a virtual mirror of the battery, providing real-time insights
into the battery’s state, health, and performance. It receives continuous data from the sensors embedded in
the EV battery, and updates itself dynamically to reflect any changes in the battery’s condition.

The Digital Twin is connected to a central cloud-based system, which allows it to communicate with other
EVs, maintenance systems, and users. This integration enables centralized monitoring and control of battery
systems across large fleets or individual vehicles. The system can visualize the battery’s state in real-time,
display trends in battery performance, and issue alerts if the battery’s behavior deviates from normal
thresholds.

4. Explainability Mechanism

A key feature of the proposed methodology is the integration of explainability into the Digital Twin,
transforming it into an Explainable Digital Twin (XDT). Traditional machine learning models, such as deep
neural networks, often operate as "black boxes," making it difficult to understand why certain predictions are
made. However, for EV battery management, transparency is essential for users and operators to trust the
system and act on its recommendations.

To achieve explainability, the model uses techniques such as feature importance, sensitivity analysis, and
rule-based reasoning. Feature importance identifies which input parameters (e.g., temperature, charge cycles)
most influence the model’s predictions. Sensitivity analysis explores how small changes in input parameters
affect the battery’s performance, helping to pinpoint the critical factors that lead to degradation or failure.
Rule-based reasoning enables the system to generate human-readable explanations for its predictions, such as
"The predicted battery failure in 12 months is due to high temperature fluctuations combined with frequent
fast-charging cycles."

This transparent approach ensures that stakeholders can understand the reasons behind the model’s forecasts
and feel confident in the decisions they make based on these predictions.

5. Prediction Generation and Data-Driven Insights

Once the Digital Twin is operational, the system uses advanced machine learning algorithms to generate data-
driven predictions about the battery’s future performance. These predictions focus on several key metrics,
including the remaining useful life (RUL) of the battery, the expected capacity loss over time, and the impact
of external factors (e.g., weather conditions or charging habits) on battery degradation.

Data-driven prediction algorithms such as time-series forecasting, regression models, and ensemble methods
are employed to predict the battery’s future behavior. By learning from historical data and incorporating the
real-time feedback provided by the Digital Twin, the system can forecast potential failures or performance
degradation well in advance. This proactive approach enables users to plan battery maintenance, replacement,
or optimization activities ahead of time, reducing the risk of unexpected failures and optimizing battery
utilization.
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6. Validation and Continuous Improvement

To ensure the accuracy and reliability of the Digital Twin and its predictions, validation is a crucial step in
the methodology. The system’s predictions are compared with actual performance data over time, allowing
for the identification of any discrepancies or areas for improvement. Validation involves a closed-loop
feedback mechanism, where the system continuously learns from real-world data and adjusts its models to
enhance prediction accuracy.

A key aspect of validation is ensuring that the system can generalize to different types of EV batteries and
real-world scenarios. This requires ongoing testing with a diverse range of vehicles, battery types, and
operational environments. As more data is collected, the machine learning models are retrained to incorporate
new patterns and trends, ensuring that the system remains adaptable as battery technology evolves.

In summary, the methodology for advancing EV battery management with Explainable Digital Twins and
data-driven predictions involves a multi-step process that begins with data acquisition and continues through
model development, integration, explainability, prediction generation, and continuous validation. The system
combines real-time data, physics-based modeling, machine learning, and explainability techniques to create
a transparent, accurate, and proactive battery management solution. This approach not only optimizes battery
performance and extends battery life but also empowers users with the insights and confidence needed to
make informed decisions regarding battery health and maintenance.

4.1.UML DIAGRAMS

UML stands for Unified Modeling Language. UML is a standardized general-purpose modeling language
in the field of object-oriented software engineering. The standard is managed, and was created by, the Object
Management Group. The goal is for UML to become a common language for creating models of object-
oriented computer software. In its current form UML is comprised of two major components: a Meta-model
and a notation. In the future, some form of method or process may also be added to; or associated with, UML.

The Unified Modeling Language is a standard language for specifying, Visualization, Constructing and
documenting the artifacts of software system, as well as for business modeling and other non- software
systems. The UML represents a collection of best engineering practices that have proven successful in the
modeling of large and complex systems. The UML is a very important part of developing objects-oriented
software and the software development process. The UML uses mostly graphical notations to express the
design of software projects.

GOALS:

The Primary goals in the design of the UML are as follows:
1. Provide users a ready-to-use, expressive visual modelling Language so that they can develop and exchange

meaningful models.

Provide extendibility and specialization mechanisms to extend the core concepts.

Be independent of particular programming languages and development process.

Provide a formal basis for understanding the modelling language.

Encourage the growth of OO tools market.

Support higher level development concepts such as collaborations, frameworks, patterns and components.
Integrate best practices.

No gakrowd
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4.1.1.Use case diagram

A use case diagram in the Unified Modelling Language (UML) is a type of behavioural diagram defined by
and created from a Use-case analysis. Its purpose is to present a graphical overview of the functionality
provided by a system in terms of actors, their goals (represented as use cases), and any dependencies between
those use cases. The main purpose of a use case diagram is to show what system functions are performed for
which actor. Roles of the actors in the system can be depicted.

S e

| Input EV Data Predict Battery State Visualize Battery Performance Provide Explainability Insights Update Model
User

Mechanic SystemAdmin

Fig 1:-Use Case diagram

4.1.2.Class Diagram

@ EVData

o battery_wvoltage: float [ © SystemAdmin
o battery current: float

o temperature: float
o usage cycles: int

@ collect_datal): void

@ update model(): void

feeds data manages model

@ DigitalTwin

o train_model{data: EvData): void
o predict state(input: EvVData): str
o explain_prediction(): str

provides insights

@ Visualization

o plot_performance({data: EvVData): void
@ generate_reports(): void

Fig.2. Class diagram

The class diagram is used to refine the use case diagram and define a detailed design of the system.

The class diagram classifies the actors defined in the use case diagram into a set of interrelated classes. The
relationship or association between the classes can be either an "is-a" or "has-a" relationship. Each class in
the class diagram may be capable of providing certain functionalities. These functionalities provided by the
class are termed "methods" of the class. Apart from this, each class may have certain "attributes™ that uniquely
identify the class.

4.1.3.Activity diagram

The process flows in the system are captured in the activity diagram. Similar to a state diagram, an activity
diagram also consists of activities, actions, transitions, initial and final states, and guard conditions.

An activity diagram is a system-modelling and design tool used, among other things, to portray workflows,
decision points, and other processes inside a system. A diagram that gives a very efficient description of a
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system's dynamic features-activities originating from UML, makes them focus on the flow of control and data
between different operations-in particular for sequential, parallel, or conditional workflows.An activity
diagram begins with an initial node, which represents the commencing point of a process. Activities, which
are drawn in rounded rectangles, depict those tasks or procedures that exist within the system. These activities
are connected with arrows that represent the flow of control or data from one action to the next.

?

- .

| Collect real-time EV data |

N 5

=Y

| Preprocess the data |

4 ™ Id ™
| Predict battery state using ML model | | Logerror

N ! S

I ™y
| Provide explainability report |

-
|' Visualize battery performance '

p #

o

-~

Fig.3. Activity diagram

4.4.Dataflow diagrams
To create a Data Flow Diagram (DFD) for the proposed thyroid disorder diagnosis system, we would include
the following levels:
Level 0: Context Diagram
This diagram represents the system as a single process, showing its interaction with external entities such as
patients, clinicians, and the database.
Entities and Flow:
1. Patient: Provides clinical, biochemical, and imaging data.
2. Clinician: Receives diagnostic results and insights.
3. Database: Stores patient data and diagnostic results.
Process:
« The system takes patient data as input and sends diagnostic results back to clinicians and the database.

Steps:
1. Input Data:
o The system receives data from the patient (manual input or electronic health records).
2. Preprocessing:
o Removes noise, normalizes values, and ensures compatibility with models.
3. Feature Extraction:
o Extracts relevant features such as T3, T4, TSH levels, imaging patterns, and clinical symptoms.
4. Model Prediction:
o Hybrid models (e.g., ensemble and deep learning) process the features to classify thyroid
disorders like hypothyroidism, hyperthyroidism, etc.
5. Result Interpretation:
o Provides a diagnosis and confidence level, with explainable Al components offering insights.
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6. Feedback and Output:
o Sends diagnostic results to clinicians for review and stores results in the database for future
reference.

Level-0

O
Healthcéreﬁrovider Systsm| ‘ DataPreprocessing ‘ ‘ FeatureSelection ‘ MLModel ‘ ‘ EnsembleModel ‘ ‘ Prsdlctmn| Recommendation

| Input Data (Clinical, Biochemical, Demographic) _|

| Clean, Normalize, Encode |
—_—— |
i  Apply Dynamic Filtering |

I —— ]

| Train Models (SVM, Decision Trees, DNN) |

| Evaluate Models

! Apply Bagging, Boosting, Stacking

| Generate Predictions |
h >

| Provide Personalized Recommendations _ |

' Output Treatment Path and Classification

Heallhca‘[g\l’mwder System| ‘ DataPreprocessing ‘ ‘ FeatureSelection ‘ MLModel ‘ ‘ EnsembleModel ‘ ‘ Predictiun|

Level-1

HealthcareProvider $ystem Preprocessing FeatureSelection ModelTraining EnsembleLearning Prediction Recommendation

Input Data (Clinical, Biochemical, Demographic)

Clean, Normalize, Encode Data
—_—>
Select Relevant Features
—_—

Train Models (SVM, Decision Trees, DNN)
\ fein PlodeR 1V, Bedsion s, B

Apply Bagging, Boosting, Stacking
PPy Bagging, B005Tng, tacing ,,

Generate Predictions

Output Classification (Hy dism, Hypothyroidism, Normal)

Provide Treatment Recommendations

HealtcareProvider System Preprocessing FeatureSelection ModelTraining EnsembleLeaming Prediction Recommendation

Level 1: System Decomposition
This breaks down the system into subprocesses:
1. Data Collection: Collects clinical, biochemical, and imaging data.

Preprocessing: Cleans and normalizes the data.

Feature Extraction: Extracts meaningful features for analysis.

Model Prediction: Uses hybrid machine learning models to predict thyroid disorder types.
Result Interpretation: Generates interpretable diagnostic reports.

Feedback and Storage: Sends results to clinicians and updates the database.

o gk~ wh

V.Results and Discussion

Brand Model AccelSec TopSpeed KmH Range Km Efficiency WhKm FastCharge KmH RapidCharge PowerTrain PlugType BodyStyle Segment Seats PriceEuro
0 Tesla Model 3 Long Range Dual Motor 46 233 450 161 940 Yes AWD  Type 2 CCS Sedan D 5 55480
1 Volkswagen ID.3 Pure 10.0 160 270 167 250 Yes RWD Type 2 CCS Hatchback C 5 30000
2 Polestar 2 47 210 400 181 620 Yes AWD Type 2 CCS Liftback D 5 56440
3 BMW iX3 6.8 180 360 206 560 Yes RWD Type 2 CCS suv D 5 68040
4 Honda e 9.5 145 170 168 190 Yes RWD Type 2 CCS Hatchback B 4 32997

Figure.5. dataset
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' 1 ! ' g g i
Model AccelSec TopSpeed_KmH Range_Km Efficiency_WhKm Seats PriceEuro

Figure 6. Heatmap Corelations

from sklearn.metrics impeort confusion _matrix
cm = confusion matrix(yl test, predl)
cm

array([[ @, 1],
[ @, 20]], dtype=int64)

from sklearn.metrics impeort accuracy score
scorezaccuracy_scorel(yl test,predl)
score*188

95.23869523809523

Fig 7. Result
VI1.Conclusion

The conclusion of this study is to advance Electric Vehicle (EV) battery management through an innovative
framework based on Explainable Digital Twins (XDTs) and data-driven predictions. The proposed model
leverages both traditional and machine learning techniques to create an intelligent, transparent, and accurate
system for monitoring, diagnosing, and optimizing EV battery performance. By integrating real-time data
collection, predictive analytics, and explainability features, this approach aims to improve battery life, ensure
safety, and enhance the overall efficiency of electric vehicles.

The primary goal is to enable real-time battery health assessment, predict potential failures, and offer
actionable insights into maintenance and operational strategies. By utilizing data-driven predictions, the
system can forecast future battery behavior and provide accurate remaining useful life (RUL) estimates.
Moreover, the incorporation of Explainable Digital Twins ensures that users and operators can interpret the
reasons behind the system’s predictions, fostering trust and facilitating informed decision-making.

Through this study, we aim to reduce the reliance on traditional maintenance schedules and enhance proactive
battery management strategies. Additionally, the proposed model holds the potential to improve sustainability
in the EV industry by optimizing battery usage and promoting more efficient recycling practices once batteries
reach the end of their useful life.
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