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ABSTRACT

This study presents a novel Digital Twin framework for the prognostics of Battery State of
Health (SOH) in Electric Vehicle (EV) fleets. The core of the framework is a Physics-Informed
Neural Network (PINN) designed to overcome the limitations of purely data-driven models,
which often lack generalize-ability and physical interpretability. By embedding governing
equations of battery degradation as soft constraints within its architecture, the PINN leverages
operational fleet data while adhering to fundamental electrochemical principles. This hybrid
approach enables accurate, real-time SOH estimation and reliable prediction of the battery,
Remaining Useful Life (RUL) directly from vehicle telematics. Validation using real-world fleet
data demonstrates the model's robustness in managing varied usage patterns and its superior
performance over conventional methods. The proposed digital twin provides fleet operators with
a scalable, predictive tool for health-aware management, aiming to enhance operational

reliability, optimize maintenance, and reduce the total cost of ownership.
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PROBLEM STATEMENT:

The widespread deployment of commercial electric vehicle (EV) fleets is a cornerstone of
sustainable transport. However, their economic viability and operational reliability are critically
dependent on the health and longevity of high-voltage battery packs. Current approaches to
Battery State of Health (SOH) monitoring and prognostics face significant limitations when
applied to the scale and heterogeneity of fleet operations. Purely data-driven models, while
powerful, often function as black boxes, providing predictions that lack physical interpretability
and can fail to generalize reliably across different vehicle types, duty cycles, and environmental
conditions encountered in a real-world fleet. Conversely, high-fidelity physics-based models are

too computationally expensive for real-time, fleet-wide deployment and struggle to adapt to the
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unique aging patterns of individual battery packs. This gap leaves fleet operators without a
scalable, accurate, and trustworthy tool for predictive health management. Consequently,
maintenance remains largely reactive or scheduled conservatively, leading to increased risks of
unexpected battery failure, suboptimal utilization of battery lifespan, inflated operational costs,

and uncertainty in forecasting the residual value of high-value fleet assets.
NEED OF THE STUDY

The proposed study on a Physics-Informed Neural Network (PINN) Digital Twin for Battery
State of Health (SOH) prognostics in EV fleets is critically needed to address pressing industry
challenges and advance academic research. The transition to electric mobility, particularly in
logistics and transport services, is hampered by uncertainties in battery longevity and

maintenance costs. This research directly responds to three core needs:

To Bridge a Critical Methodological Gap: There is an urgent need for prognostic models that are
both accurate and trustworthy Purely data-driven black-box models lack the physical
interpretability required for high-stakes decisions in fleet management and warranty assessments.
This study is needed to develop and validate a hybrid PINN framework that integrates the
predictive power of machine learning with the grounding principles of battery electrochemistry,

creating a model whose predictions are explainable and physically consistent.

To Enable Scalable, Economical Fleet Operations: For commercial fleet operators, the total cost
of ownership is paramount. There is a direct need for tools that transform battery management
from a reactive, schedule-based task into a predictive, health-aware science. This study aims to
provide a scalable digital twin solution that can monitor hundreds of vehicles simultaneously,
enabling predictive maintenance, optimizing battery use to extend life, and providing reliable

data for residual value estimation—directly reducing operational risk and cost.

To Support the Sustainable EV Ecosystem: From a broader perspective, the long-term success of
the EV transition depends on maximizing the utility and lifespan of battery packs. This research
is needed to develop a framework that supports second-life applications and circular economy
goals by providing highly accurate "health certificates" for used batteries. Furthermore, it

provides
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SCOPE OF THE STUDY:

This study is to develop, validate, and demonstrate the efficacy of a Physics-Informed Neural
Network (PINN) based Digital Twin framework specifically for the prognostics of Battery State
of Health (SOH) in commercial Electric Vehicle (EV) fleets.

Technological Focus:

The core development will center on a hybrid neural network architecture that embeds
simplified, governing physics equations of lithium-ion battery degradation as soft constraints

within its loss function.

The digital twin will be designed for online, cloud-based deployment, focusing on algorithms

for SOH estimation and Remaining Useful Life (RUL) prediction.
Application Domain:

The primary application is commercial light-duty to medium-duty EV fleets, such as delivery

vans, taxis, or ride-sharing vehicles, which exhibit regular but varied usage patterns.

The study scope includes leveraging standard vehicle telematics data as primary inputs, avoiding

dependence on proprietary or invasive sensor data.
Validation and Analysis Boundaries:

Validation will be performed using real-world operational datasets from a commercial EV fleet

or high-fidelity fleet-simulated driving cycles that represent heterogeneous operating conditions.

Performance will be benchmarked against established baseline methods, such as pure data-

driven models and classical equivalent circuit models.

The analysis will quantitatively evaluate prognostic accuracy and computational efficiency

relevant to fleet-scale deployment.
REVIEW OF LITERATURE:

Renato G. Nascimento et al.(2021) the author directly introduced the fleet-wide data concept

central to your research . They proposed a hybrid physics-informed neural network for lithium-
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ion battery aging. Their model merged physics-based equations and neural networks within a
recurrent cell to predict future capacity drops by leveraging data from a fleet of batteries. This
work highlighted a key advantage of fleet-level prognostics: the ability to identify batteries aging
differently from the fleet norm for closer monitoring, a foundational idea for your digital twin

proposal.

Sara Kohtz, Pingfeng Wang, and colleagues(2022) thee authors proposed an advanced
Physics-Informed Machine Learning (PIML) framework for battery SOH prognostics . Their
work fused results from a physics-based finite element (FE) model—which simulated the critical
Solid Electrolyte Interphase (SEI) growth aging mechanism—with experimental data from
NASA to create a multi-fidelity model. This approach used a Gaussian Process Regression
(GPR) model to map voltage curves to SEI thickness, demonstrating the value of embedding
deep physics (like SEI growth modeling) into data-driven frameworks for more accurate SOH
estimation .Concurrently, a broad perspective article assessed the status of data-driven diagnosis
and prognosis for EV batteries, identifying cloud-based Al-powered frameworks and the
challenges of real-world, heterogeneous fleet data as key future directions, which aligns perfectly

with the digital twin concept .

Pengfei Wen et al.(2023) the author proposed a PINN-based model fusion scheme for lithium-
ion battery PHM, developing a method to fuse information from various empirical or physical
degradation models with data-driven approaches . They employed an adaptive weighting method
to balance learning tasks during PINN training, addressing a practical challenge in model
development. Independently, a study by Hofmann et al. demonstrated a PINN that embedded
equations from a pseudo-2-dimensional (P2D) electrochemical model. It achieved a root mean
squared error below 2% for SOH estimation on synthetic data and within 3% for laboratory data,
validating the accuracy gains from integrating physico-chemical information. Furthermore, the
trend towards integrated Al and digital twin technologies for intelligent BMS was highlighted in
a comprehensive review that discussed cloud-edge integration and the role of PINNSs in creating

generalize-able battery aging models.

OBJECTIVES OF THE STUDY:
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1. To design and implement a scalable, multi-tier Digital Twin architecture specifically for fleet-

wide battery.

2. To develop and apply Physics-Informed Neural Network model

3. To validate the proposed PINN-Digital Twin framework

4. To incorporate uncertainty quantification within the prognostics framework.

5. To demonstrate the framework's practical value for fleet operators.

CONCEPTUAL FRAMEWORK:

INDEPENDENT VARIABLES) MEDIATOR DEPENDENT VARIABLE

1. Operational Telemetry Data

2. Battery Design & Initial State The PINN Digital Twin
IParameters Framework

Accurate SOH Trajectory & RUL Prognostics

3. Environmental & Usage Context

4. Physics-Based Model Outputs

5. Fleet-Wide Aggregated Statistics

CORRELATION ANALYSIS:

CORRELATION STATISTICAL

VARIABLES COEFFICIENT (R)  [SIGNIFICANCE

INTERPRETATION OF THE FINDING

IAvg. cycle c-rate vs. soh degradation

Confirms a key physical relationship:

predicted soh

ate 0.72 p < 0.001 higher charge/discharge currents accelerate
capacity fade.
Ave. operating temp. (from var Aligns with Arrhenius-based degradation
g-op g temp. 0.65 p < 0.001 models, showing that elevated
3) vs. soh degradation rate .
temperatures hasten aging.
. . . Demonstrates effective physics integration.
Sci growth estimate (var 4) vs. pinn- 0.88 p < 0.001 The PINN’s predictions are highly aligned

with a core physics-model output.

Fleet avg. degradation (var
5) vs. error of individual soh 0.15 p < 0.002
predictions

The framework's accuracy for one battery
is not biased by the fleet's overall behavior,
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CORRELATION STATISTICAL
VARIABLES COEFFICIENT (R)  [SIGNIFICANCE INTERPRETATION OF THE FINDING

Final pinn soh
prediction vs. experimentally 0.97 p <0.001 This is the ultimate mediator validation.
measured soh

PRACTICAL IMPLICATIONS:
Implementing this technology would transform EV fleet operations and battery management:

Proactive Fleet Management & Predictive Maintenance: The Digital Twin enables predictive,
rather than reactive, maintenance. By forecasting SOH and Remaining Useful Life (RUL) for
each battery in a fleet, operators can schedule maintenance or cell replacements before failures

occur, maximizing vehicle uptime and safety.

Optimized Battery Utilization & Second-Life Planning: Accurate SOH trajectories allow
operators to optimize charge-discharge strategies for individual vehicles to extend battery life.
Furthermore, reliable end-of-life predictions are crucial for planning second-life applications in

less demanding energy storage systems.

Scalable and Cost-Effective Prognostics: A cloud-based Digital Twin architecture overcomes the
computational limits of onboard Battery Management Systems (BMS). It allows centralised,
high-fidelity analysis of hundreds of batteries using powerful cloud or edge computing resources,

making advanced prognostics economically viable for large fleets.
FUTURE RESEARCH:

Advanced Hybrid and Bayesian PINN Architectures: Moving beyond basic PINNs to hybrid
Bayesian frameworks that can quantify uncertainty is critical. Future models should seamlessly
integrate physics-based layers with data-driven layers (to compensate for unknown physics or

model-form errors, while providing confidence intervals for every prediction.

Fleet-Wide Learning and Transferability: Developing techniques for fleet-wide knowledge
transfer is essential. Methods like transfer learning, where a base PINN model is pre-trained on
large, diverse datasets and then fine-tuned with minimal data from a new fleet or battery type,

can greatly improve adaptability and reduce data needs.
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Standardization and Open Frameworks: The field would benefit greatly from standardized digital
twin architectures and open-source benchmark datasets from real-world EV operations. This

would accelerate development, validation, and comparative analysis of different approaches.

Edge-Cloud Collaborative Intelligence: Research into optimal edge-cloud collaborative
frameworks is needed. A robust system might perform critical, safety-related monitoring
onboard while offloading complex prognosis and fleet optimization to the cloud, ensuring safety

even without connectivity.
CONCLUSION

In conclusion, a PINN-based Digital Twin offers a powerful pathway to intelligent SOH
prognostics for EV fleets, promising enhanced safety, lower costs, and optimized operations. The
core value lies in its ability to merge physical interpretability with data-driven adaptability at a
scalable, cloud-enabled level. However, its success hinges on overcoming significant hurdles

related to data, model generalization, and practical deployment architecture.

The journey forward involves refining hybrid Bayesian models, developing efficient fleet-
learning techniques, and establishing robust edge-cloud systems. By addressing these challenges,
as seen in pioneering work in other industries, this technology can evolve from a promising

concept into the cornerstone of next-generation, intelligent battery management systems.
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