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Model -Based Design
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Integrating Al into Model

-Based Design
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Al for Component Modeling and Algorithm Development
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Al Is often part of a larger system

Simulate and test all your components together in Simulink
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Virtual Sensor User Stories
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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

System % Estimated
measurements . . quantity

Virtual Sensor
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Why are Virtual Sensors relevant?
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A physical sensor

System
measurements

may be:
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Virtual Sensor

A Expensive

A Slow

A Noisy

A Unreliable

A Not feasible

A Unmanufacturable

A Degrading over time
A Requiring redundancy
A etc.

Estimated
quantity



Data-driven vs. first -principles modeling

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

DATA-DRIVEN MODELS FIRST-PRINCIPLES MODELS

Statistics, optimization, Al Physics, math, domain knowledge

BLACK BOX GREY BOX WHITE BOX
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The Al megatrend

ARTIFICIAL INTELLIGENCE
Any technique that enables

MACHINE LEARNING
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explicitly programming
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Dol Ha ¥
) ’ Yy

DEEP LEARNING

(Neural networks with

REINFORCEMENT LEARNING
(Interaction Data)
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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 Al-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
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—El— —»{ 1 xhat > ﬁ\i v
Cell_Voltage I [ EKF_SOC‘ o | EKFNN SOC_EKF1
Extended
Kalman filter
Inputs Outputs
Voltage
Curregnt ) AI ) Battery SOC
Temperature
Feature Kalman Filters Al Methods
Nonlinearity Requires EKF/UKF Handles well 7
Data Accurate model Large datasets required

Requirements

needed

Proven History

Long history of
reliable performance

Emerging and rapidly evolving




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

I - R ]

Simulation & Test Compression Deployment

Data Preparation Al Modeling

Toolboxes for Low -code Al
domain -specific Modeling and
pre/post- training through
processi ngfl MATLAB Apps

Simulink blocks Model Automatic ¢ ode

for Al inference compression generation for
make integration techniques to embedded targets

easy reduce model size
and accelerate

Simulation -based inference

unit testing

Model import from
PyTorch,
TensorFlow, and
ONNX
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Data Preparation

Data source: McMaster University*

Voltage =

CUMTEN! ey >

temperature. ———>] A\ SO CCkfficient labeling in the lab

Computed ovef Boving avg. voltage —  p
500 sec wind oving avg. current ——

— = -

YO @) 3 ©)Qn

Predictors Responsd
2 3 J\—\T\’_\/s—\ﬂ 6

) ”4

- i
Voltag Current Temperature Moving Average Voltage Moving Average Current  SOC

1 0.3851 0.3031 0.7510 03851  0.2064
2 0.7510 0.3852 0.3046 0.7510 0.3851 0.2064
3 0.7510 0.3852 0.3061 0.7510 0.3852 0.2064
4 0.7510 0.3852 03076 0.7510 0.3852 0.2064
5 0.7510 0.3852 0.3091 0.7510 0.3852 0.2064
6 0.7510 0.3852 0.3106 0.7510 0.3852 0.2064
7 0.7510 0.3852 0.3120 0.7510 0.3852 0.2064
8 0.7510 0.3852 03135 0.7510 0.3852 0.2064
9 0.7510 0.3852 0.3150 0.7510 0.3852 0.2064
10 0.7510 0.3852 0.3165 0.7510 0.3852 0.2064

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

Data Preparation



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

Al Modeling T emerging and rapidly evolving

Classic machine Deep Learning
learning

Hybrid Approach

Feedforward neural Recurrent neural
network (FNN) network (RNN)

Description Learn patterns from  Data flows in one Designed for sequential
data; often require direction through layers  data, captures temporal
feature engineering dependencies

Algorithms  Decision Trees, FNN (also known as Long-Short Term Memory
Random Forests, FFN) (LSTM); _
SVMs, etc. Gated Recurrent Unit (GRU)

21

Combines Al and
traditional methods,
leverages the strengths of
both approaches

Kalman Filter + Al



Al Modeling T emerging and rapidly evolving

Classic machine Deep Learning
learning

Feedforward neural Recurrent neural
network (FNN) network (RNN)

Description Learn patterns from  Data flows in one Designed for sequential
data; often require direction through layers  data, captures temporal
feature engineering dependencies

Algorithms  Decision Trees, FNN (also known as Long-Short Term Memory
Random Forests, FFN) (LSTM); _
SVMs, etc. Gated Recurrent Unit (GRU)

Train i n WMépleABriygs Framework

Train i n MARbAB|O S
Learning Framework

Import model from TensorFlowor  PyTorch

22




Train a regression tree model )

‘e E - MATLAB R2025a Tr a | n | n Mac-r"“leA B 6 S

AP PROJECT LIVE EDITOR INSERT VIEW Search (3 {rSpace)

Eln_lj = e ¢>[| & Heading 1 ~ ¢¢ & Refactor = Code lesues Section Break |> @i’> Learning Framework

New Open Save (& Eyport ~ Compare | GoTo Q Find ~ ext Code Control Task Copilot @8] Debugger Run D) RunandAdvancs | o Step Stop
M - M 3 v [ Bookmark ~ = w7 7 section IfJ] Run to End - k
FILE NAVIGATE TEXT CODE ANALYZE SECTION RUN r
& % @ [3/ » Users » jianghaw > Documents » git-repos » battery-soc-estimation-with-ai > =
Project - Virtual Sensor Seminar i |2 SOC_1_MachineLeaming.mix x = SOC_2_Deepleaming FFN.mix % SOC_2 Deepleaming LSTM.mlx % = SOC_3_ImportFromPyTorch.mix % =+ i Project Issues i @
BH Nams + |Status Li Usersfjianghaw/Documentsigit-repos/battery-soc-estimation-with-ai/Part 1 - Al Modeling/SOC_1_MachineLsarning.mix Startup (0) Checks (0) Shutdown ...
+ [ +helper v : : . . . Qo Ao '@
3 [ = Battery State-of-Charge (SOC) Estimation using Machine Learning
% + [0 models 5 In this example, you will create an Al model for performing battery State-of-Charge (SOC) estimation by loading data, training and evaluating regression models using Machine
» OPart1- A! Mcfﬂallng v Learning via low-code techniques. i MR e o G a e
& » [JPart 2 - Simulink Integra... + (S when opening a project appear here.
» [JPart 3 - Code Generation = Table of Contents " " o
B » D Part 4 - Model Cumpres.“ JE earn more about star up issues
b lg) resources 1. Data Preparation
e 1.1. Load training and validation data
15 vinuaisensorseminar.prj 1.2. Visually explore the data
2. Overview of the Al Model
3. Train a machine learning model
3.1. Train and compare different models interactively using Regression Learner app
3.2. Train a specific Machine Learning model on the command line
4. Test your Machine Learning model at various Temperature ranges
1. Data Preparation|
The training data contains a single sequence of experimental data collected while the battery powered an electric vehicle during four driving cycles at different temperatures (-10°C,
0°C, 10°C and 25°C). The test data contains four sequences of experimental daia collected during driving cycles at the same temperatures.
All the data required for this exercise has been downloaded and is available in the data folder. Learn more about the dataset.
Data is stored in three different folders: Train, Validation and Test, with variables saved in MAT files. Input variable is a (features x observations) matrix "X" and the response variable
is a row vector Y.
1 dataFolder = fullfile("data","LGHG2@n1@C_to_25degC");
1.1. Load training and validation data
Command Window
>>
P | e Editor: 100% UTF-8 LF Script
L

23 Al Modeling
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New Open Save [ export -~ Compare
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FILE

Train a feedforward network network

S Dy

MATLAB R2025a
LIVE EDITOR INSERT VIEW Search (% {rSpace)
Title ~ & Refactor + [¥] Section Break
b . @ ¢¢ B Code Issues E @D
i V] Ri d Ad
Go To Q EICHE Text Code Control Task Copilot Q] Debugger Run b o) Run Step
+ [ Bookmark = E -7 > = @ @ Section iﬂ] Run to End -
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Tr ai
Learning Framework

n 1 n

MaeP L A

(<] & & @ 37> Users > jianghaw > Documents > MATLAB > MATLAB Drive » SeminarCodeUpdateFeb2025 >

~ Files

Name + Size

» [J +helper

» [ data

» DemoVideos

» models

] Part 1 - Al Modeling

» Part 2 - Simulink Integration

» Part 3 - Code Generation

» [7] Part 4 - Model Compression

» 5l resources
5] Al_models.sixc 8.47 M8
= ReadMe.txt OKB
E VirtualSensorSeminar.prj 1KB

~ Workspace

Name Value Size

[] dataFol... 'data/LGH.. 1x25

[] training... 'data/LGH.. 1x78

[+] validati... 'data/LGH.. 1x79

E XTrain 669956x5 ... 669956x5

) xval 39293x5d... 39293x5

E YTrain 669956x1.. 669956x1

m Yval 39293x1d... 39293x1

SOC_2_DeeplLeaming_FFN.mix * x =+

Msers/jiar /Doct /MATLAB/MATLAB D narCodeUpdateFeb2025/Part 1 - Al Modeling/SOC_2_DeeplLeaming_FFN.mix

pattery State-of-Charge (SOC) Estimation using a Feed-Forward Network

In this example, you will create an Al model for performing battery State-of-Charge (SOC) estimation by loading data, defining the architecture of a feed-forward neural network,
training the network, and exporting the trained network to Simulink for running simulations.

Table of Contents

1. Data Preparation
1.1. Load training and validation data
1.2. Visually explore the data
2. Overview of the Al Model
3. Train a feedforward neural network (FFN)
3.1. Layout network architecture
3.2. Export the network architecture to the MATLAB workspace
3.3 Set Training Options and train the network
4. Test your Feedforward Neural Network at various Temperature ranges

Ll 5]

Class
char
char
char
double
double
double
double

1. Data Preparation

The training data contains a single sequence of experimental data collected while the battery powered an electric vehicle during four driving cycles at different temperatures (-10°C,
0°C, 10°C and 25°C). The test data contains four sequences of experimental data collected during driving cycles at the same temperatures.

All the data required for this exercise has been downloaded and is available in the data folder. Learn more about the dataset.

Data is stored in three different folders: Train, Validation and Test, with variables saved in MAT files. Input variable is a (features x observations) matrix 'X' and the response variable is

arow vector Y.

1 dataFalder = fullfilel'data’. 'l GHG?2@n1AC tn 2SdenC'):
Command Window

>>

Al Modeling

Copilot Chat
9 Copilot

Hello! Copilot is here to answer your
questions, help write and explain code, and
even identify code issues. Learn more about
Copilot.

Remember that Copilot sometimes writes
code and text that seems accurate, but is
not. Make sure to verify any received
code and give feedback on the results to
help improve the responses.

¢ Shuffle Example Prompts

+* Roll two six-sided dice 1000 times and
plot the sum of each roll

¥ Solve the linear equations with
coefficients A = [2, 4; 1, 3] and constants
B =[8; 5] and display the resulls

o¥ Load Fisher's iris data set, use the petal
lengths and widths as predictors, cluster
data using k-means clustering, and then
plot the cluster regions

Ask Copilot

Validate generated output before use.

Editor: 100% UTF-8 LF Script

~
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Train an LSTM network

r
o0e

MATLAB R2026a

r

HOME LIVE EDITOR

INSERT Search (3 {r Space)

- & Title ~ (=g & Refactor ~ IS (7] section Break
HJD ﬁ % Print EH] Q Fi .I @ @ ¢¢ EZB Code Issues E = o D @D
New Open Save (@ Export - Compare GoTo o M ~ (AL M Code Control Task Copilot @) Debugger Run UNanCACYENCS | pun  step
- - - - ~ [ Bookmark ~ Bl=EEE - = - B Section I Run to End -
FILE NAVIGATE TEXT CcoDE ANALYZE SECTION RUN

< % & @ [/ » Users > jianghaw » Documents > MATLAB » MATLAB Drive > SeminarCodeUpdateFeb2025 »

Train I n

Learning Framework

MaeP L A

» Part 1 - Al Modeling

» Part 2 - Simulink Integration
* Part 3 - Code Generation

» Part 4 - Model Compression

Table of Contents

1. Data Preparation
1.1. Load training and validation data
2. Overview of the Al Model
3. Train a long-short term memory network (LSTM)
3.1 Define Network Architecture
3.2 Set Training Options and train the network
3. Test the Network

] resources
) Al_models.sixc 8.47 MB
= ReadMe.txt 0 KB
15 VirtualSensorSeminar.prj 1KB

~ Files SOC_2_DeeplLeaming LSTM.mix x =+
Name + Size [Users/fjianghaw/Documents/MATLAB/MATLAB Drive/SeminarCodeUpdateFeb2025/Part 1 - Al Modeling/SOC_2_DeepLeaming_LSTM.mix

v [ +helper . 5 . %
e Battery State-gf-Charge Estimation using Deep Learning (LSTM)
» [ DemoVideos In this example, you will create an Al model for performing battery State-of-Charge (SOC) estimation by loading data, defining the architecture of a Long Short-Term Memory network
» models (LSTM), training the network, and exporting the trained network to Simulink for running simulations. n

1. Data Preparation
~ Workspace
Name Value Size Class 0°C, 10°C and 25°C). The test data contains four sequences of experimental data collected during driving cycles at the same temperatures.

All the data required for this exercise has been downloaded and is available in the data folder. Learn more about the dataset.

The training data contains a single sequence of experimental data collected while the battery powered an electric vehicle during four driving cycles at different temperatures (-10°C,

Data is stored in three different folders: Train, Validation and Test, with variables saved in MAT files. Input variable is a (feafures x observations) matrix X' and the response variable is

a row vector Y,
1 dataFolder = fullfile('data', 'LGHG2@n10C_to_25degC');
Command Window

>> # Press [1®P| to generate code with Copilot

o5 Al Modeling

Copilot Chat

9 Copilot

Hello! Copilot is here to answer your
questions, help write and explain code, and
even identify code issues. Learn more about
Copilot.

Remember that Copilot sometimes writes
code and text that seems accurate, but is
not. Make sure to verify any received
code and give feedback on the results to
help improve the responses.

¢ Shuffle Example Prompts

+* Roll two six-sided dice 1000 times and
plot the sum of each roll

& Solve the linear equations with
coefficients A = [2, 4; 1, 3] and constants
B =[8; 5] and display the resulls

oF Load Fisher's iris data set, use the petal
lengths and widths as predictors, cluster
data using k-means clustering, and then
plot the cluster regions

Ask Copilot B

Validate generated output before use.

Editor: 100% UTF-8 LF Script

~
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Interoperate with Open -Source Frameworks

26

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 dinetwork

Import networks from PyTorch and
TensorFlow in Deep Network Designer

R2017b
R2018a
R2021a
R2022b
R2022b

R2023b

R2023b

[~ |

PyTorch

MATLAB

\

\ 4

ﬁ TensorFlow


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

Import a trained PyTorch model

'eoe MATLAB R2025a

HOME PLOTS APPS LIVE EDITOR INSERT VIEW Search (3 ¢ Space) Import model from
P O H am o : S & O e | B Rt D6 TensorFlow or  PyTorch

1% Run and Advance

New Open Save @ Export ~ Compare Go To Q Eciie X Code Control Task Copilot @ Debugger Run Run Step
Y Y. Y v ~ [ Bookmark ~ n Y v B section J] Run to End -
FILE NAVIGATE TEXT CODE ANALYZE SECTION RUN k
& & & @ [/ > Users > jianghaw > Documents > MATLAB > MATLAB Drive > SeminarCodeUpdateFeb2025 » o~
@ ~ Files g SOC_3_ImportFromPyTorch.mix * X = untitied4 * x -+ 5 Copilot Chat H @
i Name 4+ Size o \TLAB/MATLAB D Jodel eb2025/Part 1 - Al OC_3_ImportFromPyTorch.mix
Copilot
» [ +helper . - g ’ 0
o, Battery State-of-Charge (SOC) Estimation using an imported PyTorch model

» 1) DemoVideos In this example, you will use an Al model built in PyTorch for performing battery State-of-Charge (SOC) estimation by importing the trained PyTorch model into MATLAB. [# Hello! Copilot is here to answer your
i help write and explain code, and

& 4 ¥ |He

» models
5 Part 1 - Al Modeling I‘I'able of Contents Ei/:nrrl_::entlly code issues. Learn more about
» Part 2 - Simulink Integration X
... ' Part3-Code Generation 1. Import PyTorch Network into MATLAB Remember that Copilot sometimes writes
» [ Part 4 - Model Compression (Recommended) Option 1: Use Deep Network Designer code and text that seems accurate, but is
» Iglresources Option 2: Import programmatically 2::1‘ M;: s'urs':;;erily any‘;;ceive:: ;
e ive feedback on the results to
) ALmodels.sixc 8.47 MB 2. Test your imported PyTorch Network at various temperuate ranges help impr:ve the responses.
15 params_2025_04_01_16.. 4KB Z
#= ReadMe.txt 0KB
15 virtualSensorSeminar.prj  1KB , ¢ Shuffle Example Prompts ]
1. Import PyTorch Network into MATLAB
Import a pretrained and traced PyTorch model as an uninitialized d Lnetwork object. Then, add an input layer to the imported network. ¥ Roll two six-sided dice 1000 times and
plot the sum of each roll
Import a network from an external platform using Deep Network Designer, or programmically. & Solve the linear equations with
” coefficients A = [2, 4; 1, 3] and constants
(Recommended) Option 1: Use Deep Network Designer B = [8: 5] and d'[splay e feaibs
= Warkspace : Open Deep Network Designer app from the toolstrip, & Load Fisher's iris data set, use the petal
Name Value Size Class one lengths and widths as predictors, cluster
T T data using k-means custering, and then
@ Y @) b= a u @ plot the cluster regions
Dewgn Aco Gt More Acps  instal App 1 FAVORITES
& *
fhaniy
ATLAS 23
& £ [ @ ) B @
c G Code Cote  DuaCiesswr Owmndency frowimest  Haromwe
Command Window
>>
Ask Copilot B
Validate generated output before use.
E Editor: 100% UTF-8 LF Script
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Al 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

Nonlinear ARX Kalman Filter

Small model size,
Simplicity and scales well with

Benefits . -
interpretability data, fast for
inference
Feature
Feature :
: . calculation and
Challenges engineering
hyperparameter
needed :
tuning needed
28

Suitable for
sequence data,
captures nonlinear
dynamics well

Computationally
intensive,
hyperparameter
tuning needed

Provide physical Real-time efficiency,
insights, flexible can be combined
choices of nonlinear with Al models to
estimators including Al improve accuracy

Efficient with fewer
parameters and run
faster than LSTM

May not capture Trial-and-error for the Al U pemeiEi
: : : on the battery
long dependencies  choice of nonlinear .
: model, sensitive to
as well as LSTM estimators

system noise



Integrate your Al model for system

Integration of trained Al model into Simulink

Q
[+
2 r— - D
. nninput input mwtput? . |:
FNN INN] -
1 "' soc
vl —yav exl e
EKF EKF current D
s
norgnzlize = [E] temperaturel
current current inputSignals
D]
nnOutput . m voltage ey
rue temperature [E] ) ‘
lemperature
]
£
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Fredsiephuto

-level simulation and test

System-level simulation

¥4 BMS_ClosedLoop - Simulink - o X
[ )
oot @ = o B &5 & &
<. Hardware i | oy ma Monitor Data Logic ¥ Build, Deploy
Settings &Tune v | Inspector  Analyzer EStan v
HARDW BOARD PRE) ON HARDWARE REVIEW RESULTS DEPLOY x
E BMS_CosedLoop =
g © |[%afsms _ClosedLoop P -
£
ila
4]
- cc )]
= S s )R
™ EKF P
SoC
BMS_TestSequence 4 BMS_Software N 4 Battery_Model N
StateRequest q BMS_Info M.D StateRequest SOC_true Ee
0
BMS_StateRequest ol
—] Sensors BMS_Cmd BMS_Cmd Sensors ;D
BMS_Cmd
est Sequence Variany N 4
BMS ECU PLANT
- Copyright 2018 - 2021 The MathWorks, Inc.
» J
Ready 201% FixedStepDiscrets
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Al libraries in Simulink are expanding to include more Al
blocks for more applications

N x I yiitpy Y x o\o yfit Py OpenL3 OpenL3
/ J / Yimage ypred [y 3y input output [y 2 OpenL3 P2 Embeddings P2 Preprocess p
RegressionEnsemble Predict RegressionGP Predict OpenL3 OpenL3 Embeddings OpenL3 Preprocess
Image Classifier Predict
o o o
e / — —
Nx oo yiit Yy x . yit Sound . VGGish
1 —+8 > 1 . * o > 3 Classifier P> VGGish P> Embeddings '
] % o% o
Jinput ypred [y Y input output [y
RegressionNeuralNetwork Predict RegressionSVM Predict Sound Classifier VGGish VGGish Embeddings
| — | —
Stateful Classify Stateful Predict
N i VGGish YAMNet
o Deep Learning Toolbox I R
VGGish Preprocess YAMNet YAMNet Preprocess

RegressionTree Predict

Audio Toolbox

+ F o

x II label x ++“.~\ofi+' T o e labelly
- I\ g I_ _I Bboxes [»

Image

N

-

N
"

H
B
3

7

LWV
x

assificationKNN Predict ClassificationNeuralNetwork Predict )

Ju NEURAL SS MODEL y )y ) IDNLARX MODEL [ L @ —

ClassificationEnsemble Predict C

x % label [y " % label [y
- o Neural State Space Model MNonlinear ARX Model Deep Learning Object Detector

¥

ClassificationSVM Predict ClassificationTree Predict System Identlflcation Computer VISIOn
Statistics and Machine Toolbox Toolbox
Learning Toolbox
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Integration of trained Al models into Simulink

) MATLAB R2025a
HOME APPS PROJECT LIVE EDITOR INSERT VIEW

L] b [ Normal 8 Refactor = = Section Break
+ ﬁ H = Print !1 ‘I =] orme E g o et F® Code Issues H} ’ﬁ B fection ey ’ C}
@, find BAaN »3 Run and Advance

Code Control Task @] Debugger Generate  Find Run Run Step
M Bookmark EEEEE o

New Open Save g Export ~ Compare = Go To
'E E’ Test Tests | Section ’!l Run to End

™ ‘-’1 = ] C Users jferrari MATLAB Drive SeminarCodeUpdateFeb2025 SeminarCodeUpdateFeb2025 Part 2 - Simulink Integration
~ Files i £ | Simulink Integration.mix X | +
Name
Eocs Integrating Al models int

» Im +helper

»
~ ASV File
& SOC_TestHamess_Integrating_Al_Simulink.asv

This script intends to integrate the Al models trained in the previous section into Simulink. This allows us to compare each model's accuracy and proceed o system-level simulation and code generation

Table of Contents

v Live Script

8 simulink Integration.mix

ﬂ SOC _TestHarness_Integrating_Al_Simulink.mlix
~ MATLABDRIVETAG File

MATLABDriveTag

¥ Simulink Cache

"LB Al_models.slxc
v Simulink Model

B Al_modelssix

Load test data set to use as inputs for Simulink simulation

dataFolder = fullfile(“"data", "LGHG2@nleC_to_25degC");
testFolder = fullfile(dataFolder, )5
testFiles = dir(testFolder+"/*
~ Workspace
Narme testTemperaturefFile = [10°C ; % 4 different choices of temperature profiles to load in
S = load(fullfile(testFolder,testTemperaturefile));
Xtest = S.X';
Ytest ='S.Y"3

Define model inputs
There are many ways to define input data for a Simulink model. You can use a root level inport, a From-workspace block, From File blocks and others. We are going fo use From-workspace blocks
We need to define a step size Ts for the model. We create a column vector timeVector of simulation time steps. Also, we define the inputs and outputs of the Simulink model.

Ts = 1;

tstop = size(Xtest,1)-1;

timeVector = (@:Ts:tstop)’;
inputs = [timeVector, Xtest];

Editor: 90% UTF-8 LF Script
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Closed -Loop System -Level Simulation
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