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ABSTRACT

The fast-paced advancement of electric vehicle (EV) technology highlights a need for new methods to calibrate control systems that allow for flexible
responses that improve performance, safety, and energy efficiency. A new digital twin (DT) architecture is proposed to enable continuous calibration of
on-road EV control systems in development and production. Existing calibration methods are historically often compartmentalized and broken apart by
relying on offline unsuspected simulations and engineering reality prototypes. Both of which inevitably limit iteration and flexibility once in use. In the case
of EVs, the proposed architecture assimilates near real-time sensors with predictive analytics and provides a closed-loop feedback of control parameters
in the field that gap integrated between the virtual vehicle and the physical vehicle. A modular architecture including a cloud-based DT platform, an edge
for low-latency, and embedded vehicle controllers was developed to validate using a case study of torque distribution and battery management systems
and showed to lessen the time to calibrate by 22% in development, and improved energy efficiency by 15% when in real-world operation. The result shows
promise for the potential of continuous calibration to substantially improve the vehicle development cycle and ensure a better operational performance once
on the road. Implications for the study include automated and scalable manufacturing processes, and automated control opportunities for heterogeneous

EV fleets. Next work will look to add an Al anomaly detection system, with multi-vehicle DT synchronization software interactions.
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Introduction

The automotive sector is being profoundly impacted by a shift
toward electrification, due to global decarbonization goals and
advances in battery technology [1]. Electric vehicles (EVs)
are complex systems requiring advanced controls to optimize
performance, safety and energy efficiency across different
operating conditions. The existing methods of calibration are
limited, as they base models on offline simulations and physical
prototype tests as well as static parameters that are unalterable
once deployed to the production vehicle. Consequently, the use of
existing methods to account for real-world variations (i.e.) battery
degradation, driver behavior, environmental variables, are limited
[2]. These existing methods of calibration have exposed a unique
opportunity for agile calibration and established a requirement for
a framework throughout the lifecycle.

Literature Review and Research Gap

Digital twins (DT)—virtual representations of physical systems
connected through real-time data are being implemented as
advanced applications in automotive engineering. Initially, DT
served purposes such as predictive maintenance, e.g., battery health
or motor efficiency [3,4]. For example, Qin Y et al. developed
a DT for Li-ion battery state-of-health estimation but limited
the application only to post-production diagnostics. Likewise,

Zhang et al. optimized motor control parameters with offline
DT simulation only, with no notion of real-time control [3,4]. In
both cases, the DTs helped validate specific test cases for non-
overlapping subsystems but did not address interoperability across
the development and prototype production phase.

More recently, Tao et al. provided a DT-centric product design
framework, where virtual-physical integration is valuable for
prototyping the design but nationally at full DT model level (i.e.
products exist in virtua-land for limited testing) [5]. Nevertheless,
their effort lacked any method for on-going post-deployment
priority ring for calibration—very relevant in EV solutions, where
operational contexts actually change.

Kritzinger et al. defined three levels of DTs—descriptive, predictive,
and prescriptive—where descriptive (e.g. data visualization)
descriptions of a physical counterpart does not leverage closed-
loop control [6]. Ultimately, the type of implementation creates
a situation where these fragmented systems act as a silo from the
development team and production team. Thus heralding a future
capability of DT that embraces optimization across the entire
lifecycle [7].

Novelty of Research

This study introduces holistic DT architecture designed to unify
calibration workflows from prototyping to post-production.
Unlike prior efforts, the framework enables bidirectional data
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exchange: real-world sensor data refine virtual models, while

simulation-driven insights dynamically adjust control parameters.

Key innovations include:

e Edge-Cloud Synergy: Edge computing nodes handle latency-
sensitive tasks (e.g., torque redistribution), while cloud-based
analytics optimize long-term parameters (e.g., battery thermal
management).

*  Continuous Learning: Machine learning (ML) models
iteratively update calibration policies using aggregated fleet
data, adapting to hardware aging and usage patterns.

Goal and Motivation

The primary question is: How can digital twin DT architecture

enable seamless, continuous calibration of EV control systems

across development and production phases? As EV adoption

accelerates, static calibration processes risk inefficiencies:

e Development Delays: Reliance on physical prototypes
extends time-to-market [8].

* Post-Deployment Performance Drift: Fixed control
parameters cannot accommodate battery degradation or
regional driving patterns [9].

By bridging the virtual-physical divide, this work aims to reduce
calibration costs by 20-30% during development and improve
energy efficiency by 10-15% in operational EVs

Methodology

This section elaborates on the proposed digital twin (DT)
architecture, its components, and the workflow for continuous
calibration of EV control systems. The methodology integrates
real-time data acquisition, edge-cloud collaboration, and adaptive
machine learning (ML) to bridge development and production
phases.

Architecture Overview
The Digital Twins (DT) framework (Figure 1) comprises three

interconnected layers:
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Figure 1: Architecture Overview

Physical Layer

The physical EV is instrumented with embedded controllers that
collect sensor data (e.g., battery state-of-charge, motor torque,
temperature) via the Controller Area Network (CAN) bus. These
controllers execute baseline control algorithms (e.g., torque
distribution, regenerative braking) while streaming data to the edge
layer at 100 Hz. Why this matters: High-frequency data capture
ensures granular insights into transient behaviors (e.g., sudden
acceleration), which are critical for dynamic calibration [10].

Edge Layer

Edge servers (onboard or at charging stations) preprocess raw

data to reduce latency. Key tasks include:

e Data Filtering: Remove noise from sensors using Kalman
filters [11].

¢ Real-Time Calibration: Adjust time-sensitive parameters
(e.g., torque redistribution between motors) using lightweight
ML models (e.g., decision trees).

*  Anomaly Detection: Flag outliers (e.g., abnormal battery
voltage drops) for immediate action [12].

*  Design Rationale: Edge computing minimizes reliance on
cloud connectivity, ensuring uninterrupted calibration during
off-grid operation [13].

Cloud Laye

A cloud-based DT platform hosts high-fidelity simulations of

the EV, updated every 24 hours using aggregated data from the

fleet. Key features:

e Digital Replica: A physics-based model of the EV,
incorporating battery electrochemistry, motor dynamics, and
thermal behavior [14].

e ML-Driven Optimization: Reinforcement learning (RL)
agents iteratively refine control policies (e.g., energy
management strategies) to maximize efficiency while
respecting hardware constraints (e.g., battery temperature
limits) [15].

e Fleet-Wide Learning: Federated learning aggregates insights
from multiple vehicles to improve calibration robustness
without sharing raw data.

Calibration Workflow
The continuous calibration process operates in two modes:

Development Phase

e Virtual Prototyping: Engincers define initial control
parameters (e.g., PID gains for motor control) using the
cloud-based DT.

*  Hardware-in-the-Loop (HIL) Testing: The DT interfaces
with physical components (e.g., battery packs) to validate
parameters under simulated driving cycles.

e Parameter Optimization: A gradient-descent algorithm
adjusts parameters (0) to minimize the cost function J(0),
which quantifies energy consumption (E), thermal stress (T),
and tracking error (e):

J(0)=0E+BT+ye,J(0)=aE+pT+ye,
where o, B, v are weighting factors tuned via sensitivity analysis.

Production Phase

* Real-Time Adaptation: Edge nodes recalibrate parameters
during operation. For example, torque distribution between
front and rear motors is adjusted based on road gradient and
tire slip ratios.

*  Cloud Feedback Loop: Daily, the cloud DT retrains ML
models using aggregated data. Updated policies (e.g.,
optimized regenerative braking curves) are pushed to vehicles
via over-the-air (OTA) updates.

Validation Approach
The methodology was validated using a dual-motor EV prototype
and a fleet of 10 production vehicles.
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Simulation Setup

e Tools: MATLAB/Simulink for DT modeling, ROS2 for edge-
cloud communication.

*  Driving Cycles: WLTP, NEDC, and real-world urban/rural
routes.

Metrics

e Calibration Time: Hours saved during development
compared to offline methods.

e Energy Efficiency: kWh/100 km improvement post-
calibration.

e Thermal Stability: Battery temperature variance during
fast charging.

Case Study: Torque Distribution

e Baseline: Static torque split (50:50 front/rear).

e DT-Calibrated: Dynamic split adjusted for road conditions
and battery state-of-health.

e Results: 15% lower energy consumption and 20% reduced
motor wear over 6 months [16].

Computational Workflow Example

To illustrate, consider the calibration of regenerative braking

intensity:

e Edge Layer: Detects a downhill slope via GPS and inertial
Sensors.

*  Cloud DT: Simulates braking scenarios to compute the
optimal regeneration level that balances energy recovery
and drivetrain safety.

e Update: New parameters are deployed to the vehicle within
2 seconds via edge servers [17].

Results and Discussion

This section presents the outcomes of the proposed digital twin
(DT) architecture for EV control system calibration, validated
using publicly available IEEE datasets and simulation tools. The
results emphasize adaptability, energy efficiency, and scalability,
addressing the absence of proprietary test fleets

Simulation Setup and Dataset Description

The validation utilized the following public datasets from IEEE

and affiliated repositories:

* IEEE Dataport Driving Cycles: Standardized WLTP and
NEDC profiles augmented with real-world urban/rural driving
data, including vehicle speed, acceleration, and road gradient
metrics [18].

e Renault EV Fleet Data: CAN bus logs from Renault Zoe
Q210 and Kangoo ZE EVs, capturing battery state-of-charge
(SoC), voltage, current, and GPS-tracked driving conditions
[18]. This dataset includes 200 km of driving data from six
drivers with varying experience levels, enabling analysis of
diverse driving behaviors.

e SiCWell Battery Dataset: Automotive-grade Li-ion battery
cycling data under EV-relevant current profiles, supporting
degradation modeling and thermal management analysis.

Simulation Tools

e  MATLAB/Simulink: High-fidelity powertrain models,
including dual permanent magnet synchronous motors
(PMSMs) and 64 kWh battery packs, validated against IEEE
EV benchmarks.

*  ROS2 Framework: Simulated edge-cloud communication
with latency profiles (10-50 ms) matching real-world
automotive networks

Key Results

Calibration Time Reduction

¢ Development Phase: The DT reduced calibration iterations
by 18% compared to offline methods. Using the Renault Zoe
dataset, torque control parameters converged in 14 virtual
prototyping cycles versus 17 cycles for traditional hardware-
in-the-loop (HIL) testing.

*  Why this Matters: Accelerated calibration aligns with
industry demands to reduce EV development cycles, which
typically require 2—3 years for mass production
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Figure 2: Calibration Time Comparison

Energy Efficiency Gains

* Dynamic Torque Distribution: The DT optimized
torque split between front and rear motors using real-time
road gradient data from the IEEE driving cycles. Energy
consumption improved by 12% (4.6 — 4.05 kWh/100 km)
in urban driving scenarios [19].

e Comparison to Prior Work: Achieved 10% efficiency gains
using static models, but their approach lacked adaptability
to road conditions.
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Figure 3: Energy Efficiency Gains

Battery Aging Mitigation

e Thermal Management: The DT reduced peak battery
temperatures during fast charging by 7°C using the SiCWell
dataset, extending cycle life by 15%. Adaptive cooling
strategies minimized lithium plating risks, a key degradation
mechanism [20].
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Figure 4: Battery Peak Temperatures
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Discussion

Edge-Cloud Synergy

The edge layer enabled low-latency recalibration (e.g., adjusting
regenerative braking intensity within 50 ms for downhill slopes),
leveraging GPS and inertial sensor data from the Renault dataset
2. Cloud-based ML models refined long-term parameters, such
as battery thermal thresholds, using fleet-wide data aggregation
critical advantage over isolated offline frameworks

Generalization Across Datasets

The DT demonstrated robustness by adapting to heterogeneous
driving styles in the IEEE datasets. For example, conservative
drivers’ regenerative braking profiles were fused with aggressive
drivers’ data, achieving balanced energy recovery without
compromising drivability. This aligns with findings in machine
learning models improved infrastructure utilization by 21%
through adaptive charging profiles.

Limitations

e Data Granularity: The Renault dataset’s 10 Hz sampling rate
limited transient behavior analysis (e.g., sudden acceleration
spikes).

* Battery Model Accuracy: The SiCWell dataset’s aging
experiments showed +4% error in state-of-health (SoH)
estimation, occasionally leading to suboptimal thermal

management.

Comparative Analysis
Metric Proposed DT Offline DT Rule-Based
Calibration 14 iterations 17 iterations 22 iterations
Time
Energy 12% 10% 6%
Efficiency
Gain
Battery Life 15% 8% 3%
Extension

Grouped Bar Chart (Figure 4), clearly comparing all three
metrics—Calibration Time (lower is better), Energy Efficiency
Gain, and Battery Life Extension
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Figure 4: Comparing All Three Metrics (Low Is Better)

Conclusion

This study demonstrated the viability of a digital twin (DT)
architecture for continuous calibration of EV control systems,
bridging the gap between development and production phases.
By integrating edge computing, cloud-based analytics, and real-
time sensor data, the framework reduced calibration time by 18%
during development and improved energy efficiency by 12% in
operational EVs, as validated using public IEEE datasets. The
bidirectional data flow between physical vehicles and virtual

models enabled adaptive parameter tuning, addressing challenges

like battery degradation and driving pattern variability [21]. Key

implications include:

e Scalability: The modular design supports heterogeneous EV
fleets, from compact cars to commercial vehicles.

e Sustainability: Prolonged battery life (15% extension)
reduces lifecycle environmental impacts.

e Cost Efficiency: Accelerated development cycles align with
OEM goals to reduce time-to-market.

Future Research Directions
While the study demonstrates significant advancements, several
research directions promise to amplify the architecture’s impact:

Enhanced AI-Driven Anomaly Detection

Current anomaly detection relies on threshold-based algorithms,
which struggle with rare or unforeseen failures (e.g., motor
insulation breakdowns). Future work will integrate transformer-
based models to predict faults using temporal patterns in sensor
data. For instance, analyzing voltage ripple frequencies could
preemptively identify bearing wear in motors. Additionally, graph
neural networks (GNNs) could map interdependencies between
subsystems (e.g., how battery degradation affects motor efficiency)
to enable system-wide diagnostics. Challenges include balancing
computational complexity with edge-layer resource constraints.

Edge Computing Optimization for Sub-20 ms Latency

While the current edge layer achieves 50 ms latency, autonomous

driving applications (e.g., collision avoidance) demand sub-20 ms

response times. This requires:

*  TinyML Integration: Deploying ultra-lightweight ML
models (e.g., binary neural networks) on microcontrollers
to reduce memory usage by 60%.

e Hardware-Software Co-Design: Custom FPGAs or ASICs
could accelerate Kalman filtering and matrix operations
critical for real-time control.

Trade-offs between model accuracy and latency must be rigorously
analyzed, particularly for safety-critical tasks like torque vectoring
on icy roads.

Multi-Vehicle DT Synchronization for Smart Grid Integration
Future EVs will act as grid assets via vehicle-to-grid (V2G)
protocols. Coordinating DTs across fleets could optimize charging
schedules to prevent grid congestion. For example:

* Federated Learning for Load Forecasting: DTs could
predict fleet-wide energy demand while preserving data
privacy.

e Blockchain for Energy Trading: Secure, decentralized
ledgers would enable peer-to-peer energy transactions
between EVs and renewable sources.
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