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What is a Digital Twin?

A digital twin is a sophisticated digital model of a real-world physical

product, system, or process. Unlike static simulations, it's a dynamic, real-

time digital counterpart that mirrors its physical twin's behavior and

current state.

The core principle is continuous, bi-directional data exchange between 

physical and digital realms. Sensors collect real-time data, which is 
analyzed by the digital model, creating a self-improving feedback loop.



The Digital Twin Hierarchy

Asset-Level Twin
Combines multiple parts-level twins to create 
a holistic view of an entire asset, such as a 

complete EV battery pack. Essential for 
understanding component interactions and 

overall performance.

 

System-Level Twin
 Models an entire network of interconnected Parts-Level Twin

Focuses on individual components within a 

larger system, such as a single battery cell or 

module. Captures granular information about 

specific operation and performance.

assets, such as a fleet of vehicles or charging 
network. Provides insights into system-wide 

performance and optimization opportunities.

The most advanced EV battery management systems use a nested hierarchy of digital twins, enabling both granular diagnostics and macro-level 

optimization.



The Battery Digital Twin
(BDT)

Definition  
 

 

Core Purpose

 

Beyond Traditional BMS

To continuously monitor the battery's 

performance, predict future outcomes,

and optimize operations to enhance

reliability, performance, and safety.

The Battery Digital Twin (BDT) is a virtual

representation of an EV battery's physical 

structure, state, and behavior.

While a Battery Management System

(BMS) is limited to real-time control using

current data, the BDT leverages:

Historical data analysis

Advanced AI/ML capabilities

Cloud computing resources

This creates a paradigm shift from reactive 

control to proactive prediction.



The Central Threat:
Thermal Runaway

 

Triggers
Overcharging, over-discharging, physical damage, and internal short-circuiting.

Definition Prevalence
Responsible for approximately one-

third of all lithium-ion battery

accidents.

A rapid and uncontrollable increase in

temperature within a battery cell,

which can lead to a chain reaction

resulting in fire or explosion.

The goal of the BDT is to identify precursors to thermal runaway, allowing for intervention 

long before it becomes an unmanageable crisis.



Why Traditional Systems Fall Short : 
The BMS Limitation

 

A traditional Battery Management System (BMS) is engineered for real-time, in-vehicle control. Its primary function is immediate regulation, focusing on
present operational parameters.

The key limitation is its inability to utilize historical data or apply advanced AI/ML capabilities. This prevents the detection of subtle, long-term degradation 

patterns that are critical for proactive intervention.

Essentially, a BMS is a reactive control system, designed to respond to current conditions, not to predict or prevent future issues like thermal runaway.



The Four Pillars of BDT Data

 Battery Real-time Data
 

Battery Specification Data
 

Predictive Value
Continuous Analysis

Future SoH and Remaining Useful Life (RUL). Output of the system's 

analysis derived from monitoring the other data types.

Battery Current State Data
 

Static Information

Number of cells/modules, manufacturing date, and BMS version. 

Provides foundational context for dynamic data.

High-Frequency (<10seconds)

Voltage, current, and temperature at cell, module, and pack levels. 

Captures rapid fluctuations and supports real-time DTC detection.

Medium to Low-Frequency

State of Charge (SoC) collected every 1-5 minutes, State of Health (SoH) 

analyzed hourly/daily. Tracks gradual changes and supports long-term 

trend analysis.



Intelligent Data Collection Strategies
 The Challenge

Strategic Solutions

 

Streaming all battery data continuously at high frequencies is not economically or operationally feasible for a fleet of vehicles.

Event-based data collection: Captures data only when specific events or conditions are met, such as exceeding a voltage threshold or sudden 

temperature change.

Adaptive sampling: Dynamically adjusts data collection frequency based on operating conditions. Increases sampling during high-stress situations and 

reduces during normal operation.

These strategies balance data accuracy with resource utilization, making the system economically viable and scalable for large-scale fleet deployments.



From Sensor to Cloud : The Data Flow
 

Telemetry data streams directly from the EV battery sensors into the cloud via AWS IoT Core, ensuring secure and scalable device connectivity.

Step 2: Routing
An AWS IoT rule intelligently routes the ingested data. Critical real-time metrics are directed for immediate analysis, while historical data is prepared for

batch processing.

Step 3: Processing & Storage
Data is then channeled to specialized AWS services: Kinesis for real-time data streams, Timestream for time-series data storage, and S3 for vast, cost-

effective raw data archiving.

Step 4: Pre-processing & Orchestration
AWS Glue cleanses and transforms the data, making it ready for analysis. Amazon EventBridge orchestrates the entire workflow, triggering subsequent AI

models and data pipelines.

Understanding the flow of data is crucial for the BDT's predictive capabilities. Here's how raw telemetry transforms into actionable insights within our cloud-
based architecture:

Step 1: Ingestion



The Technology Stack : A Closer Look
 

The primary platform used for developing, training, and deploying the

advanced machine learning models that power the BDT's predictive AI

engine.

The secure and scalable gateway for ingesting high-frequency telemetry

data directly from EV battery sensors into the cloud.

Serves as the central, highly scalable data lake for storing vast historical

datasets, crucial for the training and validation of predictive models.

A robust and scalable infrastructure is critical for the Battery Digital Twin's predictive capabilities. Our architecture leverages key AWS services to handle 

data ingestion, storage, model development, and continuous monitoring:

Automatically monitors the deployed predictive models for data drift and

quality issues, triggering retraining workflows to ensure continuous accuracy

and relevance.

AWS IoT Core

Amazon SageMaker

Amazon S3

SageMaker Model Monitor



The Predictive AI Engine
Identifying Early Warning Signs

Voltage Imbalances
 

Unusual Temperature Patterns
 

Rapid Capacity Loss
 

Abnormal Internal Resistance
 

Subtle thermal anomalies that precede runaway events Signals potential battery degradation

Can lead to reduced efficiency and safety risks Points to early-stage failures

Advanced AI models like LSTM-TCN (Long Short-Term Memory-Temporal Convolutional Networks) can provide early warning detection up to 22 seconds 

before thermal runaway initiates a critical window for intervention.



Advanced Predictive
Models

 Deep Learning Models

 

Hybrid Physical-Data
Models

 

LSTM networks and Temporal 

Convolutional Networks (TCNs) model

complex, non-linear battery behavior over

time.

Challenge: Require vast amounts of 

historical data, which is often limited for 

relatively new EV technology.

The electric-thermal-neural network

(ETNN) coupling model combines:

Physics-based battery model

Data-driven neural network

Advantage: Makes robust predictions 

even with less historical data and 

overcomes issues like sensor defects.



Case Study : Deep Learning for Early Warning
 

Battery operating within normal, safe parameters.

LSTM-TCN identifies subtle precursors of thermal 

instability.

Time available for system to alert, isolate, or mitigate the
threat.

Point of no return without proactive intervention.

The LSTM-TCN (Long Short-Term Memory-Temporal Convolutional Networks) model stands as a prime example of deep learning in action for battery safety.

Its sophisticated analysis of real-time and historical data allows it to identify subtle degradation patterns that precede catastrophic events.

Crucially, this model provides an early warning detection time of up to 22 seconds before thermal runaway is initiated. This seemingly brief window is 

invaluable, offering a critical opportunity for proactive intervention and preventing a potential disaster.

Stable State

AI Detection

22-Second Intervention Window

Thermal Runaway Initiation



Strategic Impact: Beyond Fire Prevention

Accelerating Development
Shifts from physical to virtual R&D, predicting

hundreds of battery cycles based on data

from as few as 50 initial cycles. Significantly

reduces development costs and accelerates

innovation.

Optimizing Performance
 

Enhancing User Experience 

 

Provides continuous operational insights

enabling predictive maintenance. Proactively

predicts and prevents breakdowns, reduces

vehicle downtime, and extends battery

lifespan.

Delivers a safer, more reliable EV experience 
with more accurate range predictions. Builds

customer trust by preventing unexpected

failures and catastrophic safety events.

The AI-powered BDT extends far beyond fire prevention, serving as a strategic asset for the entire EV lifecycle.



Summary of Key Takeaways
 Transforms battery management from are active to a proactive system,

shifting from crisis response to predictive prevention.

Uses advanced AI/ML models, including LSTM-TCN and ETNN, to detect 

subtle, non-linear warning signs up to 22 seconds before critical events.

Leverages a sophisticated, cloud-based architecture and intelligent,

adaptive data collection strategies.

Provides strategic benefits beyond safety, including accelerated R&D 

cycles, optimized operational performance, and enhanced user 
experience through predictive maintenance and accurate insights.



The Future : 
A Data-Driven Ecosystem

 The journey towards a new era of EV safety and unparalleled efficiency is firmly built upon

a foundation of data-driven intelligence. This continuous flow of insights transforms how we

understand, maintain, and interact with electric vehicles.

Within this transformative landscape, the Battery Digital Twin is not merely a component, 

but a critical enabler. It's the intelligent heart of a larger, interconnected ecosystem of 

future electric mobility, ensuring reliability, extending lifespan, and ultimately redefining the 

EV experience.



In Conclusion...
 The Digital Twin is not just a tool for safety; it is the blueprint for a smarter, more reliable, 

and sustainable electric future.


