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MATLAB BEXIPPO

Key takeaways

Enable Hardware-in-the Loop (HIL) testing and system-level
simulation for high-fidelity models.

Various Reduced Order Modeling(ROM) technigues in
MATLAB to find the best method.

Explore




MATI

Common Challenges

f\""\ High fidelity models, such as ones from 3" party FEA tools, are too slow
for system level simulation and HIL testing.

T Creating a ROM that produces desired results in terms of speed,
—_L_~ accuracy, interpretability, etc.
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Reduced Order Modeling

High-fidelity model

What

= Techniquestoreducethe computational
complexity of a computer model

= Providereduced, butacceptablefidelity

Simulation time
High-fidelity model

ROM
= Enable simulation of FEA models in Simulink Reduced-Order Model (ROM)
= Perform hardware-in-the-loop testing ] |
= Develop virtual sensors, Digital twins oo @}z ,
= Perform control design YEJ H% i
= Enable desktop simulations for orders-of- ( o [— -
magnitude longer timescales
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Reduced Order Modeling techniques

How

Reduced orderw

model

Al-Based
Data-driven
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Example overview
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Al-driven system design workflow

Al Modeling Simulation & Test Deployment

Model design and Integration with
tuning complex systems

|||“”|| Data cleansing and
preparation

@ Human insight

. Embedded devices

% Enterprise systems

—zca Hardware

=503 accelerated training -[>Ij_'l System simulation

¢ Edge, cloud,
desktop

Simulation-
generated data

- — X System verification
* Il iy —Vv ar>1/d validation
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Generate synthetic data for training

Data Preparation

Perform Design of Experiments (DoE) and generate

synthetic data from Simulink model

& [HscPrsemaspsaa 1

Py
ORI E

Passenger Car

Copyright 2015-2022 The Mathi [

DoE
EngTrqReq EngSpdR... SpkAdvOfst
1 60 2000 -30
2 128 2500 15
3 94 2750 8
4 m 2875 -19
-] 77 2625 -1
6 144 2125 4
7 85 2563 -21
8 119 3313 -28
9 68 2938 21

Vary model

I iInputs

Log data

Run
simulation

Inputs Qutput
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Al techniques that are suited for modeling dynamic systems

[

Al-Based (Data-
Driven) ROM

J_

Neural State Space /
Neural ODE

LSTM

Nonlinear ARX
models

- etc.

MATLAB BEXIPO
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Create deep-learning based nonlinear state-space models

without having to be a deep learning expert

Al Modeling
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Search Documentation

Ll At PN » C: » Nonlinear System Identification » NonlinearSystemldentification )

|=| Live Editor - C:\Nonlinear System Identification\NonlinearSystemldentification\Webinar_Neural_state_space_demo1.milx ¥ H x
Webinar_Neural_state_space_demo1.mix +
Training Neural State Space Models
This example shows how to train and evaluate Neural State Space to model the behaviour of a vehicle engine.
> E

o

Engine model
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Inputs Neural
Eng?nespeed(RPN) = state m Outputs
Ignition tming Engne Terque
h Throttle position S pace
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Table of Contents
1. Data preparation =
1.1. Prepare training and validation data
1.2. Visually explore the data
2. Design and Train Neural State Space Model
3. Validate the Model
Project path
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Capture time dependencies in time-series data using LSTM
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Include insights and knowledge of physics of your system using

Nonlinear ARX Models

Output Function

input m
Regressors Monlinear
u(t),ut-1) yit-1), ... Function

Currentinput and past

output > inputs and outputs Linear B
Function

Extend linear models and model nonlinear behavior
using flexible nonlinear functions

Inputs

Selected configuration
)

Linear
Regressors

—
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Design and run experiments to train and compare your Al models

with Experiment Manager

Al Modeling

MATLAB EXPP

4

Experiment Manager

~

u]

x

EXPERIMENT MAMAGER

Mote =
5 @ o 7T W ¥
Layout uster Stop || Training Filter | Annotations = Expert
[ - Paol Size Plot - -
FILE ENVIRONMENT EXECUTION RUN REVIEW RESULTS FILTER | ANNOTATIONS | EXPORT z
Experiment Browser o Experiment_NeuralSS_neurons Experiment_NeuralSS_neurons | Resultl x @
=| Experiment ROM
- Exhaustive Sweep Result
= R U Experiment_NeuralSS_neurons Start: 11/25/2022, 2:08:54 PM 1 TN 1231144 Trials
(View Experiment Source)
Experiment with hidden neurons for Layerl and Layer2 @ complete 123 A Stopped 0 @ Error 0
O Running 12 = Queued 9 > Canceled 0
Il Discarded 0
function output =|Experiment_NeuralSS_neurons|params,monitor)
- . & Trial Status Actions | Progress ElapsedM Layer1Size Layer2Size 1 rsme rsquared |
load engineData_neuralSS.mat; %#ok<*LOAD>
105 © Complete =TI & min 16 sec 24.0000 18.0000 6.7193 0.9376 *
load parameters; 106 © Complete 0 hr 10 min 15 sec 26.0000 18. 0080 6.8516 0.9336
107 @ Complete 0 hr 9 min 15 sec 28.0000 18. 0080 6.7473 0.9372
nssobj = idNeuralStateSpace(1,NumInputs=4); % no output Y in this case 8 |@c O hrf min 31 sec 20.0000 e 7.0993 0.9334
109 #% Complete 0 hr 7 min 40 sec 8.0000 2e.oaaq| 8.2273 0.9048
gt
=110 © Complete 0 hr B min 37 sec 10. 0008 20000 7.6367 0.9170
% Configure state network 11 © Complete 0 hr 11 min 13 sec 12.00080 20.000 6.8602 8.9335
nssobj StateNet 12 @ Complete 0 hr 7 min 46 sec 14,0008 ze.oueﬂ 6.8844 9.9348
. 113 © Complete 0 hr 9 min 21 sec 16.0000 ze.oseﬂ 6.4283 9.9412
LayerSizes T "
@ Complete 0 hr 10 min 2 sec 18.0000 20.000q 7.3595 9.9290
£ 1 - "
WeightsInitializer="g 5 ar row-normal", ... 115 © Complete 0 hr 8 min 36 sec 20,0800 20. 000 6.4776 6.9419
Activations='"tanh’ } . 116 @ Complete 0 hr 9 min 15 sec 22.0000 20.000d| 7.5879 9.9198
r
17 & Complete 0 hr 10 min 0 sec 24.0000 20.000d 6.3367 0.9448
Y R N I UV N F - 2 J"‘ 4 18 © Complete 0 hr 8 min 47 sec 26.0000 20.000q 6.8573 0.9360
119 & Complete 0 hr 9 min 48 sec 25.0000 20.008q 7.0676 0.9346
120 © Complete 0 hr 10 min 19 sec 30.0000 20. 00| 7.1261 8.9277
121 © Complete 0 hr 7 min 31 sec 8.0000 22000 7.3217 6.9332
122 © Complete 0 hr 7 min 29 sec 10. 0088 22009 6.6845 6.9359
123 © Complete 0 hr 6 min 58 sec 12. 0088 22.009) 6.8860 6.9320
124 © Running [] 0 hr 6min 7 sec 14. 0008 22008
125 © Running [] 0 hr 6 min 4 sec 16. 0088 22000
126 © Running [] 0 hr 4 min 54 sec 18. 0008 22.0e0cf
127 © Running [] 0 hr 3 min 34 sec 20.0000 22. 0000
128 © Running [] 0 hr 2 min 49 sec 22.0000 22.000qf
14 PE B - o oo - in A 4 _non ES nn{ >
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Manage Al tradeoffs for your system .}S ‘.?‘

LSTM Neural SS NLARXSVM
Long Short-Term Memory Neural State Space Nonlinear ARX SupportVector
Network (Neural ODE) Machine (SVM)
*
Training Speed o ®
M)
( Inference Speed\ » O
Model Size O o
Accuracy (RMSE) ) O
N / _——

Results are specific to Vehicle Engine ROM example

Better . Okay Worse ‘

= @ if trained using a GPU. Testing made with GPU NVIDIA A100
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System-level simulation

Simulation & Test

Integration of trained Al model into Simulink System-level simulation
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Hardware-in-the-loop simulation

Deployment

SIMULINK"

(s}
| 4E +
| f +
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Code generation

from controller

Code generation
from ROM model
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Build & download models
Adjust parameters

e
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Monitor signals

SIMULINK'
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Hardware-in-the-loop simulation £\
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Use ROMSs outside of Simulink, for development and operation
stages

Development Operations
A ‘—
Siledéen 4\ | O — ‘ v/
i Real-Time : Coder e E i3 TExas
Speedgoat Products Code Any CPU INSTRUMENTS
hardware
Compiler Compiler
: : Standalone
3P CEA . . application
tools SIS Digital twin
Deep Compiler
Learning
Toolbox

20
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Renault Uses Deep Learning Networks to Estimate

NO, Emissions

Challenge

Design, simulate, and improve aftertreatment
systems to reduce oxides of nitrogen (NOy)
emissions

Solution

Use MATLAB and Deep Learning Toolbox to model
engine-out NOy emissions using a long short-term
memory (LSTM) network

Results
= NOy emissions predicted with close to 90%
accuracy

= LSTM network incorporated into after
treatment simulation model

= Code generated directly from network for ECU
deployment

Link to article

—Real data
—LSTM

Py

100 200 300 400 500 600 700 800 7900 1000
Time[s]

Measured NOy emissions from an actual engine and modeled
NO, emissions fromthe LSTM network.
“Even though we are not specialists in deep learning, using
MATLAB and Deep Learning Toolbox we were able to create

and train a network that predicts NOy emissions with almost
90% accuracy.”
- Nicoleta-Alexandra Stroe, Renault

21


https://www.mathworks.com/company/newsletters/articles/using-deep-learning-networks-to-estimate-nox-emissions.html

Additional Reference Examples

Model an Excavator Dipper
Arm as a Flexible Body

Cl

Simscape Multibody,
Partial Differential Equation Toolbox
Link

LPV Approximation of Boost

Converter Model

Simscape Electrical,
Simulink Control Design
Link

MATLAB EXIlPO

Simplifying Higher-Order

Plant Models

Step Aeagonas

BNk gl
el 1Ealas D)

Gk 10alate vt

Robust Control Toolbox
Link

Generate a Deep Learning Sl
Engine Model

Deep Learnlng Toolbox,
Statistics and Machine Learning Toolbox
Link

22

Physical System Modeling
Using LSTM Network in Simulink

J -:__ ! W = 1:"—:" =
--:.I = '
* .

Simulink, Simscape,
Deep Learning Toolbox
Link

Surrogate Modeling Using Gaussian
Process-Based NLARX Model

MNonlinear ARX Model

Simulink, Simscape, System Identification Toolbox,
Statistics and Machine Learning Toolbox

Link
22


https://www.mathworks.com/help/physmod/sm/ug/model-excavator-dipper-arm.html
https://www.mathworks.com/help/slcontrol/ug/lpv-approximation-of-a-boost-converter-model.html
https://www.mathworks.com/help/robust/gs/simplifying-higher-order-plant-models.html
https://www.mathworks.com/help/autoblks/ug/generate-a-deep-learning-si-engine-model.html
https://www.mathworks.com/help/deeplearning/ug/physical-system-modeling-using-lstm-network.html
https://www.mathworks.com/help/ident/ug/surrogate-modeling-using-gaussian-process-nlarx-model.html
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MIT Researchers Apply Deep Learning and Acoustic Patterning in

Organ Cell Growth Research

Challenge

Noninvasively hold cells in place to grow organ tissue
in the lab

Solution

Use MATLAB and Deep Learning Toolbox to design
microfluidic devices that arrange cells in a desired
pattern when an acoustic wave is applied

o ‘ ( &
b ¥ e
i |
& :'j, s
{8 & S N
& 9
' Rl
. ARARN W)
) c i D

Resu |tS Top: Patterns of suspended particles. Bottom: Simulated acoustic
fields used to create the patterns.

= Network training time reduced with GPU

rocessin
P . J : “We saved weeks of effort by conducting the entire workflow
= Transitions between cloud and local machine . . .
simplified in MATLAB and using parallel computing to accelerate key

steps such as generating the training data set from our
simulator and training the deep learning neural network.”
- Samuel J. Raymond, Massachusetts Institute of Technology

= Baseline for other physics-informed machine
learning projects established

Link to technical article

23


https://www.mathworks.com/company/newsletters/articles/physics-informed-machine-learning-cloud-based-deep-learning-and-acoustic-patterning-for-organ-cell-growth-research.html

MATLAB BEXIPPO

Key takeaways

Hardware-in-the Loop (HIL) testing and system-level
simulation for high-fidelity models.

Enable

Explore Various ROM technigues in MATLAB to find the best method.

24
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Challenges

SIMULINK®
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Generate synthetic data for training

Data Preparation

H P.. A L  Jo

Search Documentation ,o

<@ % 5 ol B T « Part0- Synthetic Data Generation » v p 4 Elmubsioniiznsgers SRSRUZ®
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— Simulations Figure 1 x o Plot Properties o
23 DoE_num = 512; b Title
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25 library = “stats™; ks z 2 RLARE T y o’ ., “ ‘e
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26 e o Bl ot e % ® . .
27 ibrary " r Stati s and " L . b o e%se L] —_—
2/ if .ht.rvar) == ,-IJ'H ‘\ Rn.u-A ey (,“'_f“? aru.“.sg ine eav-nms Toolbox 140 + .y e o o g 9 (Y] ° L] bt A L Data | EngSpdReq |
28 DoE = helper.DoE_sbl(parameterVariationRange, DoE_num); . ° %S . e = e ® . - °
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