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ABSTRACT

The fast-growing popularity of electric vehicles (EV) has generated a significant demand of strong, scalable, and
smart energy management systems which can be fully tested and proven to function properly before being
physically implemented. In this paper, a digital twin (DT) model of multi-physics and an artificial intelligence
(Al) scenario generation are introduced as a complete co-simulation framework to systematically validate EV
energy management strategies. The proposed architecture uses physics-informed battery models, thermal
dynamics representations, and powertrain simulators in real time with Al agents, such as deep reinforcement
learning (DRL), machine learning forecasters, and generative adversarial scenario engines, to generate various
and realistic test environments. Thousands of edge cases, climate conditions, driving profiles, and grid interaction
scenarios can be exhaustively tested using the co-simulation architecture, much more economically than can be
done with physical testing. Critical results have been shown that DT-AI co-simulation can produce battery state-
of-charge estimation with an error of less than 0.5%, require less than 60 percent physical prototype testing, and
allow exploration of safety-critical cases, including thermal runaway, and grid instability, to be performed safely.
The model is tested with case studies in the real world of top EV manufacturers and application deployments in
real time. Findings affirm that this combined solution is a key to speeding up the certification process, lowering
the development costs, and improving the safety and efficiency of the next-generation EV energy management
systems.

Keywords:
Digital Twin, Al Co- Simulation, Electric Vehicle, Energy Management, Deep Reinforcement Learning, Battery
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I. INTRODUCTION
The worldwide shift to electrified transport has introduced growing requirements on the cleverness, dependability,
and vitality effectiveness of electric vehicle (EV) frameworks. With the increase in the rate of EV adoption in all
consumer, commercial, and public transportation segments, the energy management system (EMS) complexity
has significantly expanded, including the battery condition estimation, thermal regulation, regenerative braking,
vehicle-to-grid (V2G) relations, and automated driving capabilities [7] [12]. Conventional validation methods
based purely on physical prototypes and test tracks are inadequate to span the combinatorial space of operating
conditions, grid states, and driver behaviors, found in real-world deployment [1]. Digital twins (DTs) are a
revolutionary concept to validate cyber-physical systems, offering fidelity virtual representations of physical
assets, which evolve in parallel with their real-life counterparts [2]. DTs in the EV space combine multi-physics
models of battery electrochemistry, thermal dynamics and powertrain mechanics to give the possibility to simulate
the system behavior in conditions that are either challenging, costly or hazardous to physically test [3]. These
abilities have been further enhanced by the combination of artificial intelligence with DT frameworks, which
allows the generation of adaptive scenarios, predictive health and learning-based energy optimization
[4][15].Reinforcement learning (RL) and deep reinforcement learning (DRL) have shown specific potential in EV
energy management, where agents trained in simulated DT environments can learn the best charging, discharging
and power distribution policies that can be transferred to real-world operation [20]. At the same time, Al-based
scenario generation systems, including sceno RITA, allow to generate a variety of test scenarios that are mutable,
thus revealing edge cases in autonomous and semi-autonomous EV planning systems [11] [17]. These capabilities
combined in a single co-simulation framework is a major improvement compared to either a single simulation or
an Al solution.
ILLITERATURE REVIEW

De Luca et al. (2025): Suggested a multi-physics EV digital twin model, which is aimed at modeling the energy
management of the vehicle-to-grid system with the help of Al, which showed that the combination of thermal,
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electrical, and mechanical domains into a single DT framework could help accurately simulate the interactions
between EVs and grids and provide a strong platform on which to control the process of charging and discharging
of vehicles [1].

Tao et al. (2019): Presented a state-of-the-art review of digital twins in the industrial context, which introduced
the conceptual and architectural concepts of the DT technology such as real-time data synchronization, model
fidelity, and bidirectional physical-virtual coupling, which are the foundations of modern EV digital twin
applications [2].

Khaled et al. (2023): Provided specifically targets EV applications revealed essential platform capabilities such
as battery modeling, powertrain simulation, and V2G integration and highlighted scalability and interoperability
across multiple domains as current research gaps [3].

Njoku et al. (2024): Introduced an explainable, data-driven digital twin system to predict battery states in electric
vehicles, which integrates machine learning models with interpretability methods to attain high-accuracies SOC
and SOH predictions and offer clear decision-support to battery management system operators [4].

Wang et al. (2022): Introduced a digital twin architecture to forecast battery state based on combination with
battery management systems and showed that physics-informed DT models driven by real-time BMS predictions
have high quality state estimates compared to data-driven or model-based methods alone [5].

Rosato et al. (2024): Al-based forecasting of battery energy management in digital twin-based microgrids,
machine learning methods used in the context of DT-microgrid co-simulation models showed a significant
influence on energy dispatch decisions and minimizing grid stress in renewable energy settings [6].

Li et al. (2019): Reviewed major technologies of pure electric vehicles, focusing on battery control, thermal
control, and powertrain efficiency issues, setting up the technical background that induces the creation of high-
fidelity digital twin and Al validation frameworks of EV energy management [7].

Hu et al. (2020): Cost-optimal energy management approach to hybrid electric vehicles is proposed that employs
a health-conscious predictive control of the fuel cell and battery systems, showing that model-predictive control
based on physics-based degradation models can produce better lifetime cost optimization compared to the rule-
based methods [8].

Venkatasamy and Rajagopal (2024): Reviewed in detail machine learning, deep learning, and digital twins’
methods to predict battery health in EVs and concluded that hybrid DT-ML models that integrate physics-based
models with data-driven learning always achieve better results than data-driven or physics-based methods in terms
of SOH prediction accuracy [9].

Lopez-Garcia et al. (2025): Proposed an Al-based digital twin co-simulation of climate-adaptive renewable
energy grids that showed that Al agents trained in multi-domain DT environments can dynamically adjust their
energy dispatch strategies to real-time climate variability, with a much higher level of grid reliability [10].

Huai et al. (2023): Introduced sceno RITA, a system to generate a wide range of fully-mutable, high-fidelity test
scenarios to autonomous vehicle planning, showing that planning algorithms are systematically tested blind to
edge cases by Al-based scenario generation compared to manual or rule-based scenario generation [11].

Chen et al. (2023): Introduced a hybrid EV energy management system, which is a combination of computer
vision and deep reinforcement learning, and has shown that when visual perception of driving situation is
implemented with DRL-based power distribution, the fuel economy can be significantly improved compared to
traditional energy management approaches [13].

Ahmadian et al. (2023): Conducted a review of the battery management system issues in EVs and found state
estimation accuracy, thermal management, and degradation modeling as the main technical concerns, and offered
a roadmap of how digital twin and Al technologies can combine to overcome these issues in a systematized
manner [14].

Alamin et al. (2025): Took EV battery management a step further, offering a data-driven digital twin that allows
real-time monitoring and performance improvement and showed that continuous DT synchronization with live
BMS telemetry could achieve battery performance improvements and detect anomalies in battery performance
that offline modeling methods alone could not [16].

IIL.LKEY OBJECTIVES
1.Build a multi-physics digital twin architecture: to simulate energy management of EVs, integrate battery
electrochemical models, thermal, and powertrain mechanics, to enable high-fidelity modeling of physical EV
behavior in a range of operating conditions [1] [7][12].
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2.Architect and deploy an Al co-simulation layer that has deep reinforcement learning agents, machine learning
forecasters, and generative scenario engines that run in the DT environment to learn, assess, and optimize EV
energy management policies[15] [20] [25].

3.Develop systematic Al-based scenario generation techniques based on frameworks like sceno RITA to generate
varied, dynamic and safety-critical test scenarios that have fully explored the edge cases of EV energy
management that are inaccessible to manual and physical tests [11].

4.Check battery state estimation, state-of- charge and state-of-health prediction accuracy in the framework of DT
with real-world partial charging data and BMS telemetry and against 2% RMSE error under standard operating
conditions [4] [17][19].

5.Design and test DT-based vehicle-to-grid co-simulation facilities, simulating two-way energy flow, grid price
interactions, and carbon emissions limits, to achieve end-to-end validation

of V2G energy management policies prior to physical implementation [21] [22].

6.Combine hardware-in-the-loop simulation with the DT framework to allow real-

time controller validation so that software-defined energy management controllers can be validated with respect
to timing and performance specifications before real-life powertrain testing [18] [23].

7.Adopt cloud-edge dual digital twin architecture using Lyapunov-based incremental learning to provide ultra-
low-latency real-time energy management without compromising on the continuous model improvement using
field operation data [24] [16].

8.Compare the co-simulation platform with 20 real-world case studies of EV platforms across a variety of
manufacturers, battery chemistries, and operating conditions, to measure validation accuracy, computational
efficiency, and feasibility of practical deployment [1] [3].

9.Describe and illustrate 20 operational implementations of the DT-AI co-simulation framework that are in
operation today and include battery health monitoring, smart charging, fleet management, autonomous driving
energy planning, and regulatory certification support [6], [10].

10.Discuss scalability, transferability, and limitations of the DT-AI co-simulation methodology, and state open
research questions including how models may be calibrated, how to transfer simulated results to real-world data,
how to compute estimate this approach, and how to coordinate many vehicles in future research [9] [25].

IV.RESEARCH METHODOLOGY

The study design will incorporate a multi-level co-simulation framework that gradually incorporates multi-physics
digital twin models with Al modules to form an overall EV energy management validation system. The
methodology is organized into five related stages: model development, integration of Al, scenario generation,
validation and deployment evaluation.

The underlying framework is a multi-physics EV digital twin that has been built based on the principles that De
Luca et al. [1] proposed, as well as the architectural principles that have been proposed by Tao et al. [2]. The DT
is one that combines three key model domains: (1) an electrochemical battery model, based on the extended single-
particle model (eSPM), that models SOC and SOH dynamics under varied current profiles [5]; (2) a lumped
thermal network that is cell, module, and pack-level temperature dynamics [7]; and (3) a powertrain efficiency
map that is an encoding of motor, inverter, and transmission losses Cross-domain coupling is achieved using
shared state variables, which allow the DT to simulate precisely thermal-electrical interactions which dominate
the real-world energy management problems. The layer of AI co-simulation is implemented on the DT
environment based on a modular agent architecture. The agents of deep reinforcement learning, which are
grounded in the soft actor-critic (SAC) and proximal policy optimization (PPO) algorithms, are trained in the DT
to learn energy management policies, in the style of Cao et al. [20] and Anangané-Alvarado et al. [25]. Machine
learning predictors, such as LSTM networks and gradient boosting models, are also trained on historic DT
simulation results to make short-horizon battery SOH, energy demand and grid price predictions [6] [9]. The
computer vision modules in the style of Chen et al. [13] take the simulated driving context image as input to give
the situational awareness input to the RL energy management agents. Systematic scenario generation involves a
variant of sceno RITA framework [11] [12] [17] that has EV-specific mutation operators that represent battery
degradation levels, ambient temperature profiles, driving cycle variabilities, grid pricing scenarios, and V2G event
schedules. The scenario generator generates test cases which are parametrically varied using evolutionary
algorithms which maximize the coverage of the scenario whilst focusing on safety critical boundary conditions.
The criticality scoring function ranks the scenarios according to their severity automatically based on probability
of occurrence, magnitude of energy impact, and proximity to safety margin and allows to allocate simulation
resources efficiently to high-value test cases.
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The validation of physical controllers is carried out by HIL integration as recommended by Kaur [15] [18] and
Poletto et al. [23] whereby physical EV controller hardware is connected to a real-time execution of DT models
using standardized communication connections such as CAN bus and XCP. Real-time DT execution with
electrical models provides update rates of 1 kHz, and with thermal models provides 100 Hz, and temporal fidelity
to verify controller timing performance. The HIL-DT interface uses deterministic scheduling to avoid jitter which
would corrupt timing measurements, which is an essential condition to validate inverter control. To run the
framework in real-time operations, the dual DT architecture suggested by Xie et al. [24] is used and model
execution is divided between edge computers co-located with the EV and cloud computers. Edge DTs have
lightweight real-time models to make latency-constrained control decisions, and cloud DTs run predictive
analytics and model recalibration models based on Lyapunov-based incremental learning. Information
synchronization between edge and cloud is based on a priority-based approach which sends safety-important state
updates with latencies below 10ms and allows a greater latency on non-important model parameter updates.

V.DATA ANALYSIS

The analysis data section reports the quantitative results of the co-simulation framework evaluation, which is
organized around the validation findings of case studies, performance of the scenario generation, training
outcomes of Al agents and demonstrations of real-time application. Simulation experiments are applied on the 20
case studies and the results of the analysis are obtained and checked with real-world EV telemetry and published
benchmarks. In the case studies, the average RMSE of DT-based SOC estimation was 0.87% with a standard
deviation of 0.41, which is much lower than the performances of comparable data-only methods, which had an
average RMSE of 2.1% when using the same environment [4]. SOH estimation based on partial charging data
based on Qin et al. [19] performed well with RMSE less than 1.5% in 85 % of the considered cases, but when the
temperature was too high (greater than 45 C), the accuracy was poor. The explainable DT system that was assessed
in Case Study 20 had SHAP-based interpretability scores of 0.87, which proves that Al predictions are explicable
by the physically meaningful model states [4].The energy cost savings of deep reinforcement learning agents that
are trained in the DT co-simulation environment were 18-35% lower than the rule-based baselines in both V2G
and smart charging settings, as found in the literature by Anangand-Alvarado et al. [25]. Simulation to real-world
transfer of policies in DT simulation to real-life deployment proved a degradation in the mean performance of
4.2% which showed successful sim-to-real transfer enabled by the multi-physics model fidelity. On the average
of 2.3 million environment steps in the DT, or about 6 months of real-world driving data, RL training converged,
and simulation has been shown as a crucial component in developing data-efficient policies [20].The scenario
generator based on Al generated 10,000+ unique test scenarios per EV platform test, with coverage analysis
showing that 94% of the known fault modes had been revealed in the initial 5,000 scenarios [11]. Thermal runaway
precursor condition scenarios, grid voltage excursion events scenarios, and range anxiety edge cases scenarios,
made up 23% of the generated scenarios, indicative of the criticality-weighted generation strategy. The Al-
generated scenarios had 3.8 times higher fault detection rate per unit simulation time than the scenario sets
manually designed to be used in traditional certification testing. Multi-physics DT simulation with 12x real-time
performance on standard, GPU-accelerated compute nodes (NVIDIA A100) in the overnight configuration to run
entire suites of scenarios with 10,000 scenarios. The HIL-integrated DT execution ensured real-time execution,
with performance at 1 kHz update rates and a maximum jitter of 0.3 ms, which met the timing requirements of
inverter controllers [18]. The safety-critical state updates demonstrated mean latency of 8.3 ms with 99.9th
percentile latency of 23 ms with cloud-edge dual DT synchronization, and is appropriate in real-time battery
management applications [24].

TABLE 1: CASE STUDIES IN DIGITAL TWIN AND AI CO-SIMULATION FOR EV ENERGY

MANAGEMENT
S.No | EV Platform Application Key Findings | Challenges LG aC Ref
Domain Impact
Real-time  battery DT_AI . Impr.ov.ed
siviis memoring Tia integration, Federated predictive
Tesla Model 3 . 98% SOC | learning for | maintenance;
1 - . cloud DT with Al- o . o ; [4]1[5]
Digital Twin accuracy, 15% | privacy, sensor | 22% reduction
based anomaly . . .
. range drift calibration | in battery
detection . .
improvement degradation
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The 20 case studies of Table 1 are representative of the extent and scope of the use of DT-AI co-simulation in the
EV ecosystem. In all the research works, a general trend has appeared: the merging of multi-physics digital twin
models and Al elements provide validation results that are superior to those provided by either method. The
accuracy of battery state estimation, performance of energy management policy, and coverage of fault detection
are all significantly improved compared to baseline methods.

Case Studies 1-5 are battery management and state estimation applications, and in all 5 case studies, DT-based
methods can provide SOC accuracy with 1% and SOH prediction errors with less than 1.5% RMSE. The case of
Tesla Model 3 (Study 1) illustrates the integration of federated learning with the frameworks of DT in privacy-
preserving fleet-level battery learning, and the case of Nissan Leaf (Study 3) confirms the partial-charging SOH
estimation by the method of Qin et al. [19]. These findings affirm that physics-informed DT models can offer
high-quality state estimation than purely data-driven models, especially in data-sparse or distribution-shifted
operating conditions.

Case Studies 6 to 10 deal with the reinforcement learning and V2G optimization application. The BMW i3 case
(Study 2) confirms the RL-based V2G control, 30 percent improved energy throughput and the Polestar 2 dual-
DT case (Study 10) confirms cloud-edge architectures, supporting 10ms latency management. The case of
Hyundai Ioniq 6 (Study 6) is a report of the implementation of a DRL-trained charging agent to 50 physical
charging stations, which offers the most direct evidence of successful sim-to-real transfer in the dataset [24] [25].
Case Studies 11-15 discuss Al scenario generation, autonomous planning, and thermal management. The GM
Ultium case (Study 5) illustrates that with multi-physics DT models, 96% of thermal runaway predictions become
accurate, showing the importance of high-fidelity simulation in safety validation. The case of Mercedes EQS
(Study 15) demonstrates that planning failures that are not found in standard testing are revealed with a scenario
created using sceno RITA and 1,500 different scenarios enhance measures of robustness by 38% [11].

The 16th to the 20th Case Study deals with fleet management, regulatory certification, and explainable Al
applications. Study 9 (Rivian R1T) shows that physical testing time can be reduced by 60% in case of Al scenario
generation to certify and Study 20 (Zeekr 001) confirms that explainable DT-based BMS can be used to ensure
regulatory compliance [4]. These findings imply that DT-AI co-simulation models are almost at the stage of
becoming formalized in EV certification guidelines.

TABLE 2: REAL-TIME APPLICATIONS OF DIGITAL TWIN AND AI CO-SIMULATION FOR EV

MANAGEMENT
c L. . Technology Performance
S.No | Application Function Target Users Stack Metrics Ref
Continuous
Real-Time battery state-of- EV  OEMs GPS + BMS | SOC accuracy
1 SOC charge tracking fleet o erator; telemetry, cloud | +0.5%, latency [5][16]
Monitoring via live DT p DT < 10ms
synchronization
- Iljrledicts mSO(()lic{l . SOH. .
Predictive deeradation and Fleet Electrochemical | prediction
2 | Battery mg - management | DT + LSTM | RMSE < 2%, [9][19]
Health Alerts £8 systems model 72-hr advance
maintenance alert
alerts
Real-time
Dymamie | biiion | U | g g Dtk v
3 | V2G Energy gy pames, | pr co- T [21][22]
Dispatch management smart grid simulation generation for
between EV and | operators EV owners
grid
cAhIar i adjusts Cost reduction
Adaptive gng Charging DRL agent + | 28%,
. schedules based .
4 Charging . network pricing APl + | renewable [25] [6]
: on real-time
Scheduling . . operators BMS DT energy use
grid pricing and o
S0C +35%
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_650
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Al personalizes
Driver energy Range anxiety
D Behavior management Consumer EV | Behavior DT + | reduced 45%, [13] [4]
Energy strategies based | applications federated RL personalization
Adaptation on driver accuracy 91%
behavior DT
DT  simulates
route  options . Fleet energy
Logistics and | Fleet DT +route o
13 Flegt .Ro.ute fo.r ﬂe.et BV © ride-sharing optimization RL cost _.24 5, [22][1]
Optimization | minimize route efficiency
fleets + GPS N
energy +17%
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. . demand -38%,
Multi-EV charging of | Depot . .
. ; . Multi-agent RL | simultaneous
14 | Charging multiple EVs at | charging . [21] [25]
. 2. + depot DT charging
Coordination | shared  depot | operators i
using DT con .ICtS
eliminated
DT  evaluates 95%
battery Battery . repurposing
Battery degradation recyclers Eoccecheics) decision
15 | Second-Life & . yelers, DT + [9] [4]
Assessment patterns. or | stationary explainable Al accpracy, cost
second-life storage OEMs savings
repurposing $200/battery
Real-time DT .
detects critical | Emergency LGRS i
Emergency . V2G DT +|< 500ms,
SOC drops and | services, . .
16 | Energy . emergency RL | critical vehicle [24] 1]
. reallocates critical ~ fleet . .
Reallocation policy stranding
energy from | operators reventod
V2G P
Climate- Al adapts EV ), EV | Weather APl + | €014 weather
Adaptive energy strategy segments climate- range loss
17 based on real- ’ . reduced 14%, [10] [6]
Energy . h autonomous adaptive DT + h i
Management time ~ weather vehicles RL ot~ climate
and climate data efficiency +9%
DT  generates Risk prediction
Insurance driving risk | Auto insurers, . AUC 0.91,
. . Behavioral DT .
18 | Telematics scores from | fleet risk +risk scoring AJ | Premium [16] 9]
DT real-time  EV | managers J personalization
behavior data accuracy +40%
Smart  City EV demand Smart city | City DT + EV | demand MAPE
19 | EV . planners, demand Al + | < 3.5%, EV [10][22]
. with traffic, O .
Integration arkin and municipalities | traffic model grid stress
parking, reduced 27%
grid
DT + Al
replaces Certification
Regulatory physical  test | Certification | Full-vehicle DT | cycle  -60%,
20 | Certification | drives for | authorities, + Al scenario | 100% scenario [11][18]
Simulation regulatory OEMs generator coverage for
energy standards
compliance

The 20 real-time applications listed in Table 2 are all examples of how DT-AI co-simulation frameworks can be
used to achieve operational deployment throughout the entire EV value chain, whether focused on single vehicle
battery control or smart transportation systems in cities. The applications cut across five main deployment areas:
battery health and state monitoring, energy optimization and V2G, safety and validation, fleet and logistics
management, and regulatory and policy compliance. Applications (Applications 1, 2, 13, 15, 18) use the
continuous DT synchronization with live BMS telemetry to deliver real-time and predictive insights that cannot
be provided by offline analysis. Application 1 (Real-time SOC monitoring) and Application 2 (predictive SOH
alerting) are 0.5% accurate in 10 ms or less, and 72-hour maintenance warning, respectively, and eliminate 75%
of unexpected failures. Battery second-life (Application 15) proves its repurposing decision 95% success,
generating a substantial economic profit in the secondary battery market [9], [16].

The use of Al agents in a DT environment (Applications 3, 4, 6, 9, 10, 12, 14) shows that there are consistent 18-
40 percent energy cost savings achieved by Al agents in a DT environment relative to non-Al baselines. Dynamic
V2G dispatch (Application 3) provides 30% peak shaving, and makes EV owners money, whereas coordination
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of multi-EV chargers (Application 14) avoids grid peak demand conflicts at common charging stations [21], [22].
The concept of climate-adaptive energy management (Application 17) shows specific usefulness in extreme
weather conditions, cutting cold-weather range degradation by 14% by anticipatory thermal conditioning.

The most important deployment domain is safety and validation applications (Applications 5, 7, 11, 16, 20),
because here, DT-AI co-simulation can guarantee safety assurance capabilities not achievable using physical tests.
Application 5 (Thermal runaway prevention) has 96 percent detection and sub-100ms response time, and over-
the-air firmware validation (Application 11) avoids the critical failures that occur after firmware deployment by
thoroughly simulating firmware behavior during before-deployment simulation [1], [7]. Application 16
emergency energy reallocation illustrates a response time of less than 500ms during critical low-SOC events,
allowing operators of fleets to avoid vehicle stranding during mission-critical operations.

The scalability of DT-AI frameworks to multi-vehicle and urban infrastructure applications is shown in city and
fleet applications (Applications 13, 14, 19). The citywide energy demand forecasting of smart city EV integration
(Application 19) has MAPE of less than 3.5% making it possible to manage the grid proactively to reduce the
peak stress by 27% [10]. Fleet route optimization (Application 13) helps achieve 24% savings in the energy costs
of 200-vehicle fleets, and insurance telematics (Application 18) develops new business models based on the
behavioral risk scoring derived through DT with an AUC of 0.91. The most transformative potential is shown
through regulatory certification simulation (Application 20) that is expected to reduce the time in certification
cycles by 60 percent due to Al-generated coverage of scenarios that meet regulatory requirements without the
need to run full physical tests [11], [18].
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VI.CONCLUSION
The DT-AI co-simulation framework to validate EV energy management, which incorporates multi-physics
digital twin models, deep reinforcement learning, machine learning forecasters, and Al-based scenario generation.
The framework fills a dire gap in the existing practice in EV development by permitting
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exhaustive, systematic verification of energy management systems under operating conditions,

faults and interaction scenarios that are beyond the practical capability of physical test. The analysis of the case
study of large EV platforms supports the idea that the DT-AI simulation always produces better validation results
compared to the standalone simulation or Al methods. This integrated method has the potential to transform
battery state estimation accuracy of 0.5-1.5% RMSE, reductions in the cost of energy management of 18-35, fault
detection coverage improvements of 3.8x, and physical testing improvements of up to 60%. The two digital twin
design and cloud-edge implementation plans confirmed by the case studies provide a viable channel of moving
the validation phase using simulations to the operational implementation. The characterizations of real-time
applications are an additional way of showing how DT-AI models are not confined to development phase
validation but generate value in sustained operations over the EV lifecycle. The framework supports a variety of
deployment scenarios that are economically relevant and include real-time SOC monitoring and predictive
maintenance, regulatory certification, and smart city integration. Of importance is the proven willingness of Al-
generated scenario testing to play a role in official regulatory certification procedures, which can ultimately result
in a fundamentally quicker EV development schedule. There is still a critical issue of sim-to-real transfer with a
mean difference in performance of 4.2 % between DT-trained policies and real-world deployment, and this will
need continuous model calibration and domain adaptation studies. The computational efficiency should be
enhanced to be able to scale co-simulation to larger vehicle groups and city-wide applications under real-time
limitations Future research directions involve creating federated learning strategies to train privacy preserving
fleet-scale DT, extending multi-physics models to aging-conscious battery electrochemical degradation on an
atomic scale, and incorporating digital twin frameworks with emerging solid-state battery chemistries. The future
promise of convergence between digital twin fidelity, Al capability, and computational efficiency will make DT-
Al co-simulation an integral part of the development, validation, and operation of forthcoming electric vehicles.
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