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ABSTRACT: Electric vehicle (EV) monitoring systems commonly depend on IoT-based sensor measurements to track
key performance parameters such as vehicle speed, state of charge (SoC), battery temperature, power consumption,
motor RPM, and regenerative braking. While these systems enable real-time data acquisition, they are often hindered
by sensor noise, communication delays, and measurement uncertainties, which compromise their reliability for critical
decision-making. To overcome these limitations, this study introduces a comparative framework that integrates
reference signals, a digital twin model emulating ideal system behavior, and real-time IoT measurements. The digital
twin provides a predictive and noise-resilient representation of EV dynamics, enabling enhanced monitoring accuracy.
Six critical parameters are evaluated using root mean square error (RMSE), mean absolute error (MAE), maximum
deviation, and correlation coefficient (R*). Results show that the digital twin significantly improves estimation fidelity,
with RMSE for speed reduced from 2.5 km/h (IoT) to 1.2 km/h and R* values generally exceeding 0.99, except for
regenerative braking which achieved 0.982. These findings demonstrate the framework’s effectiveness in improving
operational safety, energy management, and system reliability, offering a robust foundation for future advancements in
adaptive calibration, predictive analytics, and fault detection in EV systems.

KEYWORDS: Digital twin (DT); electric vehicle (EV); IoT; state of charge (SoC); predictive analytics; RMSE; real-time
estimation; sensor validation

1 Introduction

The growing global emphasis on sustainable transportation has accelerated the adoption of EVs as
an alternative to conventional internal combustion engine vehicles. EVs promise reduced greenhouse gas
emissions, improved energy efficiency, and lower operational costs, contributing to broader climate and
environmental goals. However, their widespread deployment also introduces challenges associated with
battery health, energy management, and the optimization of regenerative braking systems under diverse and
dynamic driving conditions. Efficient, reliable, and accurate monitoring of these parameters is critical to
maximize battery longevity, maintain driver safety, and ensure predictable and robust system performance.
Traditional vehicle monitoring systems often rely on periodic measurements combined with offline data
processing. While these approaches have supported vehicle operations for decades, they are fundamentally
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limited in their ability to respond to fast-changing environments and complex energy dynamics typical
of modern EV operations. They can struggle to cope with sensor noise, latency, and real-time control
requirements, which limits their practical use in high-performance EV energy management. To address these
challenges, DT technology has emerged as a transformative and promising solution, offering a continuously
updated virtual replica of a physical asset, seamlessly synchronized with live data streams from on-board
sensors and communication channels. A digital twin (DT) bridges the gap between the physical and
virtual domains, providing a powerful means to simulate, predict, and optimize system performance in
real time [1]. These predictive capabilities can support data-driven decision-making, adaptive control, and
advanced diagnostics.

Several studies have explored the application of DTs in automotive systems. For example, Karneddi
et al. [2] demonstrated a digital twin model for battery state-of-health (SOH) estimation to improve lifecycle
predictions. Zhang et al. [3] developed a DT framework for electric powertrain fault detection, demonstrating
improved system reliability. Shen et al. [4] examined the role of DTs in managing EV charging infrastructure
to balance grid demand, highlighting operational efficiencies. These works confirm the potential of DT
technologies to transform EV operations and maintenance. Despite these important advances, there remains
a significant gap: the lack of comprehensive frameworks that simultaneously integrate multiple key EV
operational metrics, including vehicle speed, battery SoC, temperature, power consumption, motor RPM,
and regenerative braking characteristics. An integrated and holistic DT framework encompassing all these
parameters could provide more meaningful insights into their interdependencies, especially under variable
driving profiles and user behavior. Such a unified approach would enable smarter, more adaptive energy
management strategies, improve fault tolerance, and enhance overall system safety and performance.

To bridge this gap, this paper presents a multi-signal digital sensor dashboard framework that unifies
reference trajectories, a predictive DT model, and realistic IoT-based sensor measurements. Six critical
EV parameters vehicle speed, SoC, temperature, power consumption, RPM, and regenerative braking are
monitored and analyzed in real time. The framework quantifies the performance difference between the
DT and IoT measurements using root mean square error (RMSE), mean absolute error (MAE), maxi-
mum deviation, and correlation coefficient (R?), providing a holistic assessment of estimation accuracy.
Comparative results demonstrate that the DT delivers superior tracking performance and reliability, with
minimal deviation and high correlation to reference signals, even in the presence of sensor noise and
communication uncertainties [5]. This comprehensive approach establishes a robust foundation for future
research on predictive analytics, adaptive calibration, fault detection, and intelligent energy management
strategies in next-generation EV systems.

1.1 Motivation and Innovation

The motivation for this study stems from the limitations of conventional EV monitoring systems, which
often rely solely on IoT sensor data and are susceptible to noise, latency, and inaccuracies. These limitations
hinder real-time decision-making and predictive diagnostics, especially under dynamic driving conditions.
To address this, we propose a scientifically grounded framework that integrates a digital twin model with
IoT-based measurements, enabling synchronized monitoring and predictive analysis.

The key innovations of this work include:

o A hybrid monitoring architecture that combines idealized digital twin simulations with real-world IoT
sensor data.

o A multi-signal dashboard that visualizes and compares six critical EV parameters in real time.

« A comprehensive performance evaluation using RMSE, MAE, maximum deviation, and R* metrics
across all signals.
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« Demonstrated improvements in estimation accuracy and system reliability, validating the digital twin’s
role in enhancing EV monitoring and control.

1.2 Literature Review

Recent advancements in electric vehicle (EV) technologies have emphasized the need for robust
monitoring systems capable of handling dynamic operational conditions. Traditional IoT-based frameworks
have been widely adopted for real-time data acquisition in EVs, focusing on parameters such as speed,
battery state of charge (SoC), temperature, and power consumption. However, these systems often suffer
from limitations including sensor noise, latency, and lack of predictive capabilities [1].

To address these challenges, digital twin (DT) technology has emerged as a promising solution. A digital
twin is a virtual replica of a physical system that continuously updates based on real-time data, enabling
predictive analytics and enhanced system control. Ref. [2] demonstrated the use of digital twins for battery
state-of-health (SOH) estimation, improving lifecycle prediction accuracy. Ref. [3] developed a DT-based
fault detection system for EV powertrains, showing improved reliability and fault isolation capabilities.

Ref. [4] explored the integration of digital twins with EV charging infrastructure, highlighting benefits
in grid load balancing and operational efficiency. Similarly, Ref. [5] reviewed the application of digital
twins in microgrid environments, emphasizing their role in real-time simulation and control. These studies
collectively underscore the transformative potential of digital twins in enhancing EV performance, safety,

and energy management.

Despite these advances, most existing works focus on isolated parameters or specific subsystems.
There remains a gap in developing comprehensive frameworks that integrate multiple EV metrics such as
speed, SoC, temperature, RPM, power consumption, and regenerative braking into a unified monitoring
and evaluation system. This study addresses that gap by proposing a multi-signal dashboard that combines
reference signals, digital twin predictions, and IoT-based measurements, offering a holistic and comparative
assessment of EV performance.

The major contributions of this study are summarized as follows:

> Developed a multi-signal digital sensor dashboard that simultaneously visualizes reference signals, DT
predictions, and IoT-based measurements for six key EV parameters.

> Established a comprehensive performance evaluation framework incorporating quantitative metrics,
including RMSE, MAE, maximum deviation, and correlation coefficient (R?).

> Provided a holistic and comparative assessment of the tracking accuracy and reliability of the DT vs.
IoT measurements, highlighting its superior performance under realistic sensor and communication
uncertainties.

The organiztion of this paper is structured as follows. Section 2 describes the architecture of the pro-
posed DT framework. Section 3 details the mathematical evaluation of the monitored parameters. Section 4
presents and discusses the experimental results. Finally, Section 5 concludes the paper and outlines potential
directions for future research.

2 Design Architecture for EV Monitoring

The proposed system architecture, as illustrated in the block diagram, presents a comprehensive
framework for real-time monitoring and control of EV powertrains by integrating IoT technology with DT
modeling. The physical system comprises critical components such as the EV powertrain, battery pack, and
motor, which continuously generate operational parameters including vehicle speed, battery SoC, and system
temperature [6,7]. These parameters are captured in real-time through an IoT sensor module and transmitted
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via a reliable communication link. Simultaneously, this sensor data feeds into a cloud- or edge-hosted DT
model, which virtually replicates the physical behavior of the EV system.

Fig. 1 depicts the block diagram of the proposed IoT-integrated DT framework for real-time monitoring
and control of EV system. The DT not only mirrors real-time dynamics but also facilitates predictive analysis,
anomaly detection, and performance optimization. The processed outputs from both the physical system
and its digital counterpart are visualized through a real-time monitoring dashboard, enabling continuous
comparison between actual and simulated states. Furthermore, the system incorporates a feedback/control
loop that uses the insights from the dashboard and DT to regulate the physical system’s behavior, thereby
enhancing the safety, efficiency, and reliability of EV operations. This integrated IoT-DT framework offers
a scalable and intelligent solution for advanced energy management and predictive maintenance in next-
generation electric mobility systems.
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Figure 1: IoT-integrated DT framework for real-time monitoring and control of EV

2.1 IoT-Based Monitoring System for EV’s

The IoT-based monitoring system provides a robust framework for real-time acquisition, transmission,
and visualization of critical EV performance parameters. As depicted in Fig. 2, the physical EV system—
including key components such as the powertrain, battery pack, and electric motor—is equipped with an
array of IoT-enabled sensors [8]. These sensors are responsible for continuously monitoring essential metrics
such as vehicle speed, battery SoC, and temperature. The sensor data is transmitted to a central monitoring
system through a secure communication link, which may involve wireless sensor networks (WSNs), edge
devices, or cloud platforms depending on the application. This real-time data is visualized and analyzed
through a real-time monitoring dashboard, which serves as a centralized user interface for operators to
observe system behavior, assess operational health, and issue corrective actions when necessary [9].

TIoT Device
] A 4
Wireless
Monitoring | Sensor
Dashboard Network

Figure 2: IoT based monitoring system
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To enhance the systems intelligence and adaptability, the IoT data is also fed into a DT, which simulates
the behavior of the EV system based on both historical and live data. The DT allows for predictive analytics,
anomaly detection, and virtual testing of control strategies. A feedback/control loop enables the dashboard
and the DT model to send optimized control signals back to the physical system, thereby improving
operational safety, performance, and energy efficiency [10]. This integrated IoT-DT ecosystem offers a
scalable solution for advanced EV fleet management, fault diagnosis, and smart grid integration.

2.2 DT Framework for EV Monitoring

The DT framework illustrated in Fig. 3 presents a systematic architecture for real-time monitoring,
simulation, and analysis of EV performance. The system initiates with a physical EV equipped with
embedded sensors for capturing dynamic parameters such as speed, temperature, voltage, and SoC. These
parameters are collected through a data acquisition system, which forms the basis for real-time tracking
and analysis. Once the data is acquired, it undergoes transmission and synchronization, ensuring accurate
temporal alignment between the physical and virtual environments. This data is then transmitted to a virtual
EV model, which operates as a simulated representation of the real-world EV.

Data Transmission
Physical EV and issl
(With Sensors) Synchronisation
A
Data

Acquisition Virtual EV

Simulation
Visualization Virtual
Dashboard(Real M 1;‘ lllla

Time-GUI) odelling

Figure 3: DT framework for EV monitoring systems

The virtual modeling block uses this synchronized data to continuously update the behavior of the
digital counterpart, enabling predictive analytics, performance diagnostics, and optimization strategies.
Both the physical and virtual systems are interconnected and visualized through a real-time graphical
user interface (GUI) dashboard, allowing for intuitive monitoring, diagnostics, and feedback control [11].
This dashboard serves as a central visualization tool that integrates data from the physical EV and its
DT, supporting informed decision-making and operational adjustments. Such a framework enhances the
reliability, safety, and efficiency of EV operation by leveraging real-time sensor data, simulation accuracy,
and advanced human-machine interaction.

In this architecture, DT serves not only as a monitoring tool but also as a basis for developing advanced
optimization strategies for energy-efficient driving, effective thermal management, and extended battery
life [12].

The improvement in safety, performance, and energy efficiency is achieved through the real-time
monitoring and predictive modeling of six key parameters:

« Vehicle Speed: Enables accurate tracking of acceleration and deceleration patterns, which supports
adaptive control and collision avoidance strategies.
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« Battery SoC: Facilitates precise energy management and range prediction, reducing the risk of unex-
pected battery depletion.

«  Motor Temperature: Allows thermal diagnostics to prevent overheating, thereby enhancing system
safety and extending motor lifespan.

« Power Consumption: Supports dynamic load profiling and energy budgeting, contributing to efficient
drive cycle planning.

e Motor RPM: Ensures drivetrain stability and helps detect anomalies in rotational dynamics.

« Regenerative Braking: Improves energy recovery during deceleration, directly enhancing overall
energy efficiency.

By integrating these parameters into a synchronized digital twin model, the framework enables predic-
tive analytics and real-time feedback control, which collectively contribute to safer and more energy-efficient
EV operation.

3 Mathematical Evaluation

This section outlines the mathematical modeling of six key EV performance parameters evaluated
within the proposed DT framework. The selection of six key parameters like vehicle speed, SoC, power
consumption, motor temperature, RPM, and regenerative braking was based on their critical role in
determining EV performance, energy efficiency, and safety. These variables are commonly monitored in EV
systems and are directly influenced by driving behavior, load conditions, and environmental factors.

The mathematical models used for each parameter were chosen to balance computational efficiency
with physical accuracy. For example, the SoC model incorporates both traction load and regenerative
recovery, while the motor temperature model uses a first-order thermal RC network to simulate heating and
cooling dynamics.

Input parameters such as vehicle mass, battery capacity, and motor efliciency were derived from
standard EV specifications (see Table 1) and validated against typical urban driving profiles. The digital
twin was calibrated using these parameters to emulate ideal system behavior, while the IoT data introduced
real-world variability.

Table 1: Technical specifications of the EV platform

Parameter Value Remarks
Vehicle mass 1500 kg Includes driver and payload
Battery capacity 40 kWh Lithium-ion pack
Nominal battery voltage 350 V Typical EV traction voltage
Motor rated power 60 kW  Permanent magnet synchronous motor
Motor efficiency 92% Nominal
Max regenerative braking 7 kW Limited by controller
Gear ratio 91 Single reduction gear
Wheel radius 0.3m Standard passenger tire
Aerodynamic drag coeff. 0.29 Typical for compact EV
Frontal area 2.2m? Compact vehicle
Rolling resistance coeff. 0.01 Standard passenger car tires
Thermal resistance 0.5°C/W Motor thermal parameters

Thermal capacitance 500J/°C Motor thermal parameters
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3.1 State of Charge (SoC)

The battery state of charge is updated based on the balance of traction power consumption and
regenerative braking recovery. This formulation of Eq. (1) captures the net SoC evolution under load and
regenerative energy injection.

Pload (tk) At + Pregen(tk)At
Vbattchatt Vbattcbatt

Soc (trs1) = SoC (ty) — ey

where, Pjyq4(t) is the traction power demand (kW), Py, (t) is the regenerative braking power (kW), Vi is
the nominal battery voltage (V), Cpu: is the battery capacity (Ah), and At is the sampling interval.

3.2 Vehicle Speed

The vehicle speed dynamics under acceleration and braking phases can be described by a discrete-time
kinematic update in Eq. (2). And the acceleration term can be derived from the available motor power as
shown in Eq. (3).

v (teer) = ¢ (tx) +a(ty) At (2)
where:

o V(tx41) is the vehicle speed at the next time step (m/s),
o v(t) is the current vehicle speed (m/s),

o a(t) is the acceleration at time ;. (m/s?),

o At is the sampling time interval (s).

Pmotor(t)ntmc
mv(t)

a(t) = 3)

where, m as the vehicle mass (kg), #¢/qc the drivetrain efficiency, and Py,y¢,(¢) the motor power (kW).

3.3 Power Consumption

The instantaneous power consumption is related to motor torque and speed. Eq. (4) supports the
observed triangular variation in power consumption around 18 kW in typical drive cycles.

T ()W (1)

m

Pmotor (t) = (4)

where, T}, (t) is motor torque, w,, (t) = 602 7RPM, motor speed (rad/s), #,, is motor efficiency.

3.4 Motor Temperature

The thermal evolution of the motor during repeated drive/brake phases can be modeled using an RC
lumped parameter thermal model. Eq. (5) describes the heating and cooling phases typically observed in
traction drive systems:

T - Tamb

dTm(t) :Ploss(t)_— (5)

C
th dt Rth

where, Cy, is the thermal capacitance of the motor (J/K), Ry, is the thermal resistance (K/W), T,y is the
ambient temperature, and Pj,(t) is the sum of copper and iron losses in the motor.
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3.5 Motor RPM

The nearly constant motor RPM observed around 2100 rpm during steady cruising can be approximated
by Eq. (6) allows speed-based estimation of RPM for virtual sensing.

60v(t)

REM()~ 0 G
w

(6)
where, r,, is the wheel radius (m), G is the total gear ratio of the drivetrain.

3.6 Regenerative Braking

The power recovered during regenerative braking can be modeled as shown in Eq. (7) model the
periodic ripples observed when regenerative control is active during deceleration.

Pregen (t) ~ Nregen X Fyreak (t) V(t) (7)

where, N, g.n is the regenerative energy recovery efliciency, and Fj,.qx () is the mechanical braking force.
The current framework assumes ideal synchronization between IoT and digital twin data streams, which may
not hold under all network conditions. Additionally, the models do not yet account for long-term degradation
effects such as battery aging or sensor drift. These aspects will be addressed in future work through adaptive
learning and fault-tolerant modeling.

4 Results and Discussion

To evaluate the efficacy of the proposed DT framework, a comprehensive set of simulations was
conducted to emulate EV behavior under typical urban driving scenarios. The DT model was implemented in
MATLAB/Simulink, based on the mathematical formulations presented in Section 3 [13]. Six key operational
parameters were analyzed: battery SoC, vehicle speed, power consumption, motor temperature, motor
RPM, and regenerative braking power. Table | summarizes the technical specifications of the EV platform
considered in this study.

These values are used both in the physical EV and in the DT virtual model to ensure consistency between
real-time data and simulation. Fig. 4 illustrates the digital display of dynamic profiles of these signals over a
100-s urban driving cycle.

Battery Charge (%) Speed (km/h) Power Consumption (kW)

80% 60 km/h 15 kW

Motor Temperature (°C) Motor RPM Regenerative Braking (kW)

75 °C 2100 6 kW

Figure 4: The digital display of dynamic profiles of these signals over a 100-s urban driving cycle

4.1 Battery SoC

The simulated SoC profile in Fig. 5 demonstrates a characteristic sawtooth pattern, reflecting charge
depletion during propulsion phases and partial recovery during deceleration via regenerative braking. The
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average SoC declined from an initial 85% to approximately 70% over the course of the simulation, closely
replicating real-world discharge trends typical of stop-and-go urban traffic.

State of Charge

SoC (%)

0 20 40 60 80 100
Time (s)

Figure 5: SoC monitoring using IoT and DT

4.2 Vehicle Speed

The vehicle speed profile shown in Fig. 6 exhibits realistic fluctuations between 50 and 80 km/h,
consistent with urban driving conditions involving acceleration, cruising, and deceleration. The DT model
captures transient dynamics effectively, with minimal deviation from the expected speed trajectory.

Vehicle Speed

Speed (km/h)

0 20 80 100

40 60
Time (s)
Figure 6: Vehicle speed monitoring using IoT and DT

4.3 Power Consumption

Fig. 7 shows that power consumption varies dynamically between 12 and 20 kW range, responding to
instantaneous changes in speed and acceleration demand. Peak power values correspond to rapid accelera-
tion events, while troughs align with coasting or regenerative braking intervals. The results confirm that the
energy management strategy embedded in the DT accurately models the vehicle’s power requirements.

Power Consumption

20 -
.:1 ToT
A
= 15
@
10 -
0 20 80 100

40 60
Time (s)
Figure 7: Power consumption monitoring using IoT and DT

4.4 Motor Temperature

Fig. 8. illustrates a gradual increase in motor temperature from approximately 73°C to 79°C, followed
by intermittent declines during low-load or braking periods. The temperature profile validates the embedded

first-order thermal model, demonstrating its capability to capture both heating and cooling effects under
variable load conditions.
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Motor Temperature

Temp (°C)

0 20 40 60 80 100
Time (5)

Figure 8: Motor temperature monitoring using IoT and DT

4.5 Motor RPM

Fig. 9 shows motor RPM remains stable around 2100 rpm with minor fluctuations, correlating with
changes in wheel speed. The results affirm DT’s ability to consistently represent rotational dynamics in
accordance with the drivetrain parameters and wheel radius.

Motor RPM
oor =E Y

2300 - T T T

2200

2100

RPM

2000

1900

1800 L I 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

Time (s)
Figure 9: Motor speed monitoring using IoT and DT

4.6 Regenerative Braking

Regenerative braking power as shown in Fig. 10 illustrates oscillates between 5 and 7 kW during deceler-
ation phases, reflecting the controller’s modulation strategy. The DT accurately simulates regenerative energy
capture and braking torque distribution, demonstrating its utility for assessing energy recovery systems.
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Figure 10: Regenerative breaking monitoring using IoT and DT

A statistical comparison between the DT outputs and IoT measurements is presented in Table 2, using
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Maximum Deviation, and Coefficient of
Determination (R?). The DT consistently outperforms IoT measurements across all metrics.
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Table 2: Quantitative performance metrics compared to reference

RMSE RMSE MAE MAE Max Dev Max Dev

Signal R (DT) R (IoT
ena (DT)  (IoT)  (DT)  (IoT)  (DT)  (IoT) (DT) R (IoT)
Speed 1231 2523 0987 1876 3200 5401 0995  0.902
SoC 0122 0564  0.093 0401 0412 1202 0999  0.957
Temperature 0.614 1.321 0.512 1.002 2.100 3.400 0.996 0.925
Power 0723 1412 0600 1034 2500  4.000 0994  0.920
RPM 72103 153.423 58222 123122 210200 401000 0991  0.891

R f
CBENCTAVE 9442 13534 6230 10345 21000  29.000 0982  0.870

braking

The above table clearly highlights the improved fidelity of the DT in replicating reference behavior
compared to conventional IoT measurements. Notably, the DT achieves SoC estimation with +1% accuracy,
a significant improvement over the +5% deviation observed in traditional systems.

4.7 Comparative Evaluation with Traditional Approaches

To underscore the value of the DT framework, Table 3 presents a comparative analysis of performance
indicators relative to traditional EV monitoring and control methods. The DT approach leverages real-time
hybrid modeling and higher sampling rates (10-20 Hz), enabling significantly faster fault detection and more
accurate predictive modeling.

Table 3: Comparison of traditional methods vs. DT framework

Parameter MZ:I?(()lclltl[(l)jllfll 0] DT Framework Improvement
SoC estimation accuracy +5% +1% 80% improvement
Fault detection latency 10-20 s <2 seconds 5-10x faster
Energy consumption 8%-10% 2%-3% 70% improvement
prediction error
Battery degradation No real-time Real-time (1s Real-time predictive
prediction capability updates) capability
Data update frequency 1-2 Hz 10-20 Hz 10x higher refresh rate
Thermal model response 5-10's 1-2s 5x faster
time
Maintenance downtime ~10 days/year ~5 days/year 50% reduction
Operational cost savings Baseline 10%-15% lower Cost-efficient
Regenerative braking ~70% ~90% 20% improvement
utilization
User feedback response Manual, delayed Real-time Instantaneous
visualization

The simulation and quantitative analysis clearly affirm DT’s capability to replicate real-world EV
dynamics with high precision. Compared to conventional methods, the DT offers substantial improvements
in estimation accuracy, real-time monitoring, energy recovery, and maintenance planning [20]. These results
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validate the framework’s potential as a foundation for intelligent energy management, fault diagnostics, and
operational optimization in EV systems.

5 Conclusion and Future Scope

In this work, the following key conclusions and future findings can be drawn from the presented
analysis.

Conclusion:

o A comprehensive digital sensor dashboard was developed, combining reference signals, a DT, and
IoT-based measurements for key EV parameters including speed, SoC, temperature, power, RPM, and
regenerative breaking.

o Simulation results demonstrated that the DT achieved high tracking accuracy, with lower RMSE and
smaller maximum deviations compared to conventional IoT sensor data.

«+ The correlation coefficient (R?) for the DT signals exceeded 0.99 in most cases, confirming its excellent
consistency with the reference trajectories.

o By contrast, IoT signals showed larger fluctuations and slightly lower correlation due to measurement
noise and uncertainties.

o The DT approach enhances reliability and predictive monitoring capabilities, offering more robust and
trustworthy data for EV energy management.

o Overall, the work highlights the clear advantages of integrating DT technology as a complemen-
tary enhancement to IoT-based vehicle monitoring systems, supporting safer and more efficient EV
operation.

o The proposed DT framework can be enhanced to detect, isolate, and mitigate sensor faults or cyberat-
tacks, thereby improving the resilience and security of EV monitoring systems.

o Incorporating machine learning techniques would enable the DT to continuously recalibrate in response
to battery aging, sensor drift, or changing environmental conditions, ensuring long-term accuracy.

Future Scope:

In forward, the proposed digital twin framework can be extended to incorporate fault detection and
isolation mechanisms, enhancing system resilience against sensor failures and cyber threats. Integration
of machine learning algorithms will enable adaptive calibration in response to battery aging, sensor drift,
and environmental changes. Furthermore, predictive maintenance features can be developed to anticipate
component failures, thereby minimizing downtime and improving fleet reliability. These enhancements will
position the framework as a robust solution for next-generation intelligent EV monitoring systems.
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Nomenclature

DT Digital Twin

EV Electric Vehicle

GUI Graphical User Interface

IoT Internet of Things

MAE Mean Absolute Error

R? Coefficient of Determination

RMSE Root Mean Square Error

RPM Revolutions Per Minute

SoC State of Charge

SoH State of Health

WSN Wireless Sensor Network
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