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Integrating AI into Model -Based Design
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AI for Component Modeling and Algorithm Development 
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AI is often part of a larger system
Simulate and test all your components together in Simulink 

7

Battery
Battery Management 

System

Logic
Supervisory 

Control Logic

Battery plant

LoadSOC Estimation

(AI-based 

Virtual Sensor 

Model)



Virtual Sensor User Stories

Gotion:

Battery Pack SOC Virtual Sensor 

with a Neural Network

Mercedes-Benz:

Engine Piston Virtual Pressure 

Sensors with Deep Neural Networks

Coca-Cola:

Beverage Dispenser  Virtual Pressure 

Sensor with Machine Learning
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https://www.mathworks.com/videos/onboard-battery-pack-state-of-charge-estimation-using-a-trained-neural-network-1654097316503.html
https://www.mathworks.com/company/user_stories/mercedes-benz-simulates-hardware-sensors-with-deep-neural-networks.html
https://www.mathworks.com/company/user_stories/mercedes-benz-simulates-hardware-sensors-with-deep-neural-networks.html
https://www.mathworks.com/company/user_stories/mercedes-benz-simulates-hardware-sensors-with-deep-neural-networks.html
https://www.mathworks.com/company/user_stories/coca-cola-develops-virtual-pressure-sensor-with-machine-learning-to-improve-beverage-dispenser-diagnostics.html
https://www.mathworks.com/company/user_stories/coca-cola-develops-virtual-pressure-sensor-with-machine-learning-to-improve-beverage-dispenser-diagnostics.html
https://www.mathworks.com/company/user_stories/coca-cola-develops-virtual-pressure-sensor-with-machine-learning-to-improve-beverage-dispenser-diagnostics.html
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Focus today
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A Virtual Sensor mimics a physical sensor using data from 

other measurements to estimate the quantity of interest
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A physical sensor may be:
ÁExpensive

ÁSlow

ÁNoisy

ÁUnreliable

ÁNot feasible

ÁUnmanufacturable

ÁDegrading over time

ÁRequiring redundancy

Áetc.12

Why are Virtual Sensors relevant?

System 

measurements

Estimated 

quantity

Virtual Sensor
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Data-driven vs. first -principles modeling

DATA-DRIVEN MODELS FIRST-PRINCIPLES MODELS

BLACK BOX WHITE BOXGREY BOX

Statistics, optimization, AI Physics, math, domain knowledge

Data-driven models and first-principles models can co-exist



The AI megatrend 

ARTIFICIAL INTELLIGENCE

Any technique that enables 

machines to mimic human 

intelligence

MACHINE LEARNING
Statistical methods that enable machines to ñlearnò tasks from data without 

explicitly programming

UNSUPERVISED LEARNING 

(No Labeled Data)
SUPERVISED LEARNING 

(Labeled Data)

REINFORCEMENT LEARNING

(Interaction Data) 

DEEP LEARNING

(Neural networks with 

many layers)
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https://www.mathworks.com/discovery/unsupervised-learning.html
https://www.mathworks.com/discovery/reinforcement-learning.html


Virtual sensor for Battery State of Charge (SOC) estimation
Using AI-based virtual sensors in System-level simulation
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Having a physical sensor might not be feasible due to cost, 

manufacturing process, reliability, degradation, etc. 
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Virtual sensor for Battery State of Charge (SOC) estimation

Inputs
Voltage

Current

Temperature

Outputs

Battery SOC

Extended 

Kalman filter

AI
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Feature Kalman Filters

Nonlinearity Requires EKF/UKF

Data 

Requirements

Accurate model 

needed

Proven History
Long history of 

reliable performance

AI Methods

Handles well Ą can adapt to various battery chemistries

Large datasets required Ą can improve accuracy and 

provide additional insight when new data are available

Emerging and rapidly evolving Ą can combine with Kalman 

filter to leverage strengths from both approaches 



Battery State -of -Charge Estimation Using AI
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Workflow for developing AI -based virtual sensors

Low -code  AI 

Modeling and 

training through 

MATLAB Apps

Model import from 

PyTorch, 

TensorFlow, and 

ONNX

AI Modeling

Simulink blocks 

for AI inference  

make integration 

easy

Simulation -based 

unit testing

Simulation & TestData Preparation

Toolboxes for 

domain -specific 

pre/post-

processing

Deployment

Automatic c ode 

generation for 

embedded targets

Model 

compression 

techniques to 

reduce model 

size and speed 

up inference

Compression

Model 

compression 

techniques to 

reduce model size 

and accelerate 

inference
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Data Preparation AI Modeling Simulation & Test Deployment

Data Preparation

Predictors

Data source: McMaster University*

* https://data.mendeley.com/datasets/cp3473x7xv/3

Computed over a 
500 sec window Ὓὕὅὸ

ρ

ὅ
ὍὴὨὴ

Efficient labeling in the lab

Response

voltage

current

temperature
AI SOC

moving avg. voltage

moving avg. current

AI SOC
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https://data.mendeley.com/datasets/cp3473x7xv/3


Data Preparation AI Modeling Simulation & Test Deployment

Type

Description 

Algorithms

Classic machine 

learning 

Learn patterns from 

data; often require 

feature engineering

Decision Trees, 

Random Forests,

SVMs, etc.
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AI Modeling ï emerging and rapidly evolving 

Deep Learning

Feedforward neural 

network (FNN)

Recurrent neural 

network (RNN)

Data flows in one 

direction through layers

Designed for sequential 

data, captures temporal 

dependencies

FNN (also known as 

FFN)

Long-Short Term Memory 

(LSTM);

Gated Recurrent Unit (GRU)

Hybrid Approach

Combines AI and 

traditional methods, 

leverages the strengths of 

both approaches

Kalman Filter + AI

Type Classic machine 

learning 

Deep Learning

Feedforward neural 

network (FNN)

Recurrent neural 

network (RNN)



Data Preparation AI Modeling Simulation & Test Deployment

Type

Description 

Algorithms

Classic machine 

learning 

Learn patterns from 

data; often require 

feature engineering

Decision Trees, 

Random Forests,

SVMs, etc.
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AI Modeling ï emerging and rapidly evolving 

Deep Learning

Feedforward neural 

network (FNN)

Recurrent neural 

network (RNN)

Data flows in one 

direction through layers

Designed for sequential 

data, captures temporal 

dependencies

FNN (also known as 

FFN)

Long-Short Term Memory 

(LSTM);

Gated Recurrent Unit (GRU)

Type Classic machine 

learning 

Deep Learning

Feedforward neural 

network (FNN)

Recurrent neural 

network (RNN)

Train in MATLABôs Machine 

Learning Framework

1

Import model from TensorFlow or PyTorch
3

Train in MATLABôs Deep Learning Framework
2



Data Preparation AI Modeling Simulation & Test Deployment

Train a regression tree model
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Train in MATLABôs Machine 

Learning Framework

1



Data Preparation AI Modeling Simulation & Test Deployment

Train a feedforward network network
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Train in MATLABôs Deep 

Learning Framework

2



Data Preparation AI Modeling Simulation & Test Deployment

Train an LSTM network
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Train in MATLABôs Deep 

Learning Framework

2
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Interoperate with Open -Source Frameworks

Framework Interoperability  bridges the gap between data science, engineering 

and production

Import and Export models through:

TensorFlow-Keras Import

ONNX Converter (Import & Export)

TensorFlow Converter (Import)

TensorFlow Converter (Export)

PyTorch Converter (Import)

New functions for importing networks from 

ONNX and TensorFlow to dlnetwork

Import networks from PyTorch and 

TensorFlow in Deep Network Designer

https://www.mathworks.com/help/deeplearning/ug/interoperability-between-deep-learning-toolbox-tensorflow-pytorch-and-onnx.html


Data Preparation AI Modeling Simulation & Test Deployment

Import a trained PyTorch  model

27

Import model from 

TensorFlow or PyTorch

3



Data Preparation AI Modeling Simulation & Test Deployment28

AI Modeling is an iterative process

Each method has its own strengths and weaknesses. The choice often depends on the 

specific requirements and constraints of the application.

Regression 

Tree

FFN LSTM

Benefits
Simplicity and 

interpretability

Small model size, 

scales well with 

data, fast for 

inference 

Suitable for 

sequence data, 

captures nonlinear 

dynamics well

Challenges

Feature 

engineering 

needed

Feature 

calculation and 

hyperparameter 

tuning needed

Computationally 

intensive, 

hyperparameter 

tuning needed

GRU

Efficient with fewer 

parameters and run 

faster than LSTM

May not capture 

long dependencies 

as well as LSTM

Kalman Filter

Real-time efficiency, 

can be combined 

with AI models to 

improve accuracy

Highly dependent 

on the battery 

model, sensitive to 

system noise

Nonlinear ARX

Provide physical 

insights, flexible 

choices of nonlinear 

estimators including AI

Trial-and-error for the 

choice of nonlinear 

estimators



Data Preparation AI Modeling Simulation & Test Deployment

Integrate your AI model for system -level simulation and test

Integration of trained AI model into Simulink System-level simulation
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Data Preparation AI Modeling Simulation & Test Deployment

AI libraries in Simulink are expanding to include more AI 

blocks for more applications

Statistics and Machine 

Learning Toolbox

Deep Learning Toolbox

Computer Vision 

Toolbox

Audio Toolbox

System Identification 

Toolbox
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Data Preparation AI Modeling Simulation & Test Deployment

Integration of trained AI models into Simulink
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Data Preparation AI Modeling Simulation & Test Deployment

Closed -Loop System -Level Simulation
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