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AI models for engineered systems

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)



Integrate AI models into Model-Based Design

AI for component modeling

Á Modeling component dynamics from 

data when first-principles models 

cannot be obtained

Á HIL testing and system-level 

simulation for high-fidelity models

AI for algorithm development

Á Virtual sensor modeling

Á Control

Á Sensor fusion

Á Object detection



AI-driven system design

Model design and 

tuning

Hardware 

accelerated training

Interoperability

AI Modeling

Integration with 

complex systems

System verification 

and validation

System simulation

Simulation & Test

Data cleansing and 

preparation

Simulation-

generated data

Human insight

Data Preparation

Enterprise systems

Embedded devices

Edge, cloud, 

desktop

Deployment



AI for Electrification

Control strategyReduced order modeling Virtual sensors

Predictive maintenance Energy forecasting

https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#control-strategy
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#rom
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#virtual-sensors
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#predictive-maintenance
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#energy-forecasting
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Reduced Order Modeling

ÅWhat

ïTechniques to reduce the computational complexity 

of a computer model

ïProvide reduced, but acceptable fidelity

ÅWhy

ïEnable simulation of FEA models in Simulink

ïPerform hardware-in-the-loop testing

ïDevelop virtual sensor, Digital twins

ïPerform control design

ïEnable desktop simulations for order-of-magnitude 

longer timescales
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High-fidelity model

Reduced-Order Model (ROM)



Reduced Order Modeling

Dynamic

Reduced order 

model

Physics-based

Model-based

Linearization

Data-driven

Static

Simulink, Simscape products, Simulink Design 

Optimization

Reduced Order 

Flexible Solid

FEM-Parametrized 

PMSM

Simulink, Simscape Multibody, Simscape

Electrical, Partial Differential Equation Toolbox, 

Control System Toolbox

Simulink, Simulink Control Design, Control 

System Toolbox

Simulink, Curve Fitting Toolbox, 

Model-Based Calibration Toolbox

Simulink, Statistics and Machine 

Learning Toolbox, Deep Learning 

Toolbox, System Identification 

Toolbox



Example: Temperature Excursions in motors

ÅMotivation

ïtemperature excursions leads to loss of 

torque efficiency and failures

ïneed to test over possible thermal regimes

ïdyno-testing is expensive, may lead to 

degradation

ïfaster simulations are essential

ÅSolution

ïReduced Order Modeling

ïPreprocess collected data

ïCreate AI model

ïUse model in simulation



Data Preparation

ÅSorted Data includes drive cycles of different lengths and Ambient Conditions, 

DOE of design space to cover edge cases

ÅSorting helps to keep the mini-batch computation efficient with minimal 

padding

Raw CSV Data Additional Features



Model Development



Testing on a long profile

ÅAll correlation values are about 0.99 and error distribution is unbiased hence 

model captures trend and Magnitude



Testing on a short profile

ÅAll correlation values are about 0.99 and error distribution is unbiased hence 

model captures trend and Magnitude



Deployment to Simulink



Nonlinear Modeling Capabilities

Neural State-Space Hammerstein WienerNonlinear ARX

Combine insights and knowledge of physics of your system  

with AI techniques

Leverage AI techniques without 

being experts in field of AI



Reduced Order Modeling Support Package

ÅSet up the design of experiments and 

generate input-output training 

ÅTrain and compare AI-based reduced 

order models using pre-configured 

templates

ÅExport AI-based surrogate models to 

Simulink for system-level simulation, 

control design, and HIL testing

ÅExport reduced order models as 

Functional Mockup Units (FMUs) for 

use outside of MATLAB and Simulink 

(with Simulink Compiler)
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Virtual Sensor

ÅMimics a physical sensor using data from other measurements

ïsometimes also called a Soft sensor 

System 

measurements

Estimated 

quantity

Virtual Sensor



Why are Virtual Sensors relevant?

ÅA physical sensor may be:

ïExpensive

ïSlow

ïNoisy

ïUnreliable

ïNot feasible

ïDegrading over time

ïRequiring redundancy

ïetc.

System 

measurements

Estimated 

quantity

Virtual Sensor



Physical sensor might not be feasible 

Battery

ECU Battery 

Management System

LogicLogic

State of 

Charge 

(SOC) 

estimation

SOC cannot be 

directly measured 

from the battery!

Battery 

plant

Load



Virtual sensor for Battery State of Charge (SOC) estimation

Inputs
Voltage

Current

Temperature

Outputs

Battery SOC

LogicLogic

SOC 

estimation

Extended 

Kalman filter

Why AI over Kalman filtering?

Á No need of an internal battery model

Á Training directly on measured data

Á Capture very complex data relationships

AI



Example: State of Charge estimation

ÅTask

ïcreate a virtual sensor model

ïtest multiple machine learning models

ïtest LSTM network

ÅSolution

ïloading and partitioning of data

ïcreation of an AI model

ïmodel training

ïevaluate the model's accuracy



Data Preparation

Predictors

Data source: McMaster University*

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

Computed 

over a 500 

sec window

Ὓὕὅὸ
ρ

ὅ
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Efficient 

labeling in the 

lab (Coulomb 

Counting )

Response

voltage

current

temperature
AI SOC

moving avg. voltage

moving avg. current

AI SOC

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


Train model with Regression Learner App



Train model with Deep Network Designer



Closed-Loop System-Level Simulation
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Reinforcement learning

ÅHow it works

ïcomputer agent learns optimal behavior through repeated interactions with a dynamic 

environment

ÅGoal

ïmaximize reward in the long term

ÅPolicy

ïdeep neural network (most common)

ïcontrol system, decision-making algorithm

ÅUse

ïwhere traditional methods are difficult to formulate

ïfor difficult to interpret signals (e.g. image)
environment

policy

reinforcement
learning

algorithm

observations actions

reward

policy

update

agent



Reinforcement Learning vs Controls

environment

policy

plantcontroller

reference control

measurement

disturbance

behavior

tuning algorithm + tuningcriterion

error

observations

RL algorithm

action

Control system Reinforcement learning system

environment

policy

reinforcement
learning

algorithm

observations actions

reward

policy

update

agentreward



Reinforcement Learning Workflow

Environment Reward Policy

representation

Training DeploymentAgent

ÁLarge number of simulations needed

ÁParallel & GPU computing can speed up training

ÁTraining could still take hours or days

ÁSelect training algorithm

ÁTune hyperparameters

ÁDeep network? Table? Polynomial?

ÁNumerical value that evaluates goodness policy

ÁReward shaping can be challenging 

ÁSimulation models or real hardware

ÁVirtual models are safer and cheaper

ÁTrained policy is a standalone 

function



Reinforcement Learning Designer

ÅDesign, train, and simulate agents using 

a visual interactive workflow

ÅImport existing MATLAB/Simulink 

environments or create a predefined one

ÅCreate or import agents

ÅTrain and simulate the agent in the app

ÅAnalyze simulation results and refine 

agent parameters

ÅExport the final agent to the MATLAB 

workspace for further use and 

deployment



Example: FOC with Reinforcement Learning

ÅMotivation

ïnonlinear systems, single controller for 

multiple operation conditions

ïmultiple inputs multiple outputs

ÅSolution

ïcreate Simulink model (environment)

ïcreate reward function

ïdefine actor and critic networks

ïtrain RL agent

ïsimulate policy and compare with PI speed 

controllers



Field Oriented Control Architecture



Field Oriented Control Architecture using RL
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Why Perform Predictive Maintenance?

ÅExample: faulty braking system leads to 

wind turbine disaster

https://youtu.be/7nSB1SdVHqQ

ÅWind turbines cost millions of dollars

ÅFailures can be dangerous

ÅMaintenance also very expensive and 

dangerous

https://youtu.be/7nSB1SdVHqQ


What Does a Predictive Maintenance Algorithm Do?

Data DecisionFault 

Detection

Remaining 

Useful Life

Estimation

Why is my 

machine behaving 

abnormally?

How much longer 

can I operate my 

machine?

Anomaly

Detection

Is my machine 

operating 

normally?



Predictive Maintenance Algorithm Development Workflow

Preprocess

Data

Identify

Condition

Indicators

Train

Model

Deploy &

Integrate

Generated

Data

Sensor Data

Develop Detection or Prediction Model

Acquire Data



Failure data generation from a Digital Twin

ÅGenerate failure data from Simulink

models

ÅIdentify root cause of fault via 

parameter estimation

ÅVerify predictive maintenance

algorithm in new scenarios with a 

digital twin

Leverage the engineering knowledge to enhance predictive maintenance


