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Integrating Al into Model-Based Design
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Al-driven system design

Data Preparation Al Modeling Simulation & Test Deployment
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Al for images and video

Al for vehicle detection

Data Preparation

Al Modeling

Simulation & Test
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Al Is often part of a larger system

Simulate and test all your components together in Simulink

SIMULATION MODELING FORMAT
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Integrate Al models into MBD for system-level simulation and

code generation
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Al for component modeling

Continental uses data-driven engine
temperature models for ECU development

Advantages/Disadvantes

Physically motivated Require development (modelling + coding)
High understanding of whats going on Require methodology development for
(intermediate signals have typically physical calibration = training
units)
Require tooling for the training i
Enabling “transfer learning” for single HW (backpropagation) Engme SpEEd_
change

Require very special measurements from Engine Load
engine test bench
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8 Link to presentation & MathWorks:


https://www.mathworks.com/videos/virtual-xcu-calibration-with-neural-networks-1559311099816.html

= AI for algorithm development

enault Uses Deep Learning Networks
to Estimate NO, Emissions

—Real data

Challenge —LSTM

Design, simulate, and improve aftertreatment systems
to reduce oxides of nitrogen (NO,) emissions

Solution 5 |
Use MATLAB and Deep Learning Toolbox to model gl
engine-out NO, emissions using a long short-term oz f
memory (LSTM) network o+ NNV
R It 100 200 3(I)0 4(I)0 5(I)0 600 760 800 7900 10I00
eSU S Time[s]
A I 1 1 1 0 Measured NOy, emissions from an actual engine and modeled
A NO, emissions predicted with close to 90% NO, emissions from the LSTM network
accuracy
A LSTM network Incorporated IntO aftertreatment fEven though we are not Specia“sts in deep |earning,
simulation model using MATLAB and Deep Learning Toolbox we were
A Code generated directly from network for ECU able to create and train a network that predicts NOy
d epI oym ent emissions with almost 90% accuracy. 0

- Nicoleta-Alexandra Stroe, Renault

9 Link to article ‘ MathWorks:


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

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?

12

System
measurements

A physical sensor 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.
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Data-driven vs. first-principles modeling

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

DAHRARIVEN MODELS FIRFRINCIPLES MODELS

Statistics, optimization, Al Physics, math, domain knowledge

BLACK BOX GREY BO WHITE BOX

13 4\ MathWorks



The Al megatrend

ARTIFICIAL INTELLIGENCE
Any technique that enables

MACHINE LEARNING

_ e Statistical methods that enabl e machi
machines to mimic human

explicitly programming
intelligence
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(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

15

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.

Battery
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Virtual sensor for Battery State of Charge (SOC) estimation

Why Al over Kalman filtering?

A No need of an internal battery model

A Training directly on measured data

A Capture very complex data relationships
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Battery State-of-Charge Estimation Using Al

18

SOC
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Data Preparation

Data source: McMaster University*

over

* https://data.mendeley.com/datasets/cp3473x7xv/3
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a M\INg avg. current
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https://data.mendeley.com/datasets/cp3473x7xv/3

Al Modeling

Learning Framework

[ Train i n MAhHAB|6 S [ Import model from

3 options for Al Modeling:

TensorFlow or PyTorch

[

20
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Learning Framework
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Al Modeling

Train
Learning
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MATLAB interoperates with other frameworks

Framework interoperability bridges the gap between data science, engineering and production

1F TensorFlow

TensorFlow-Keras Import R2017b / t
ONNX Converter (Import & Export)  R2018a
TensorFlow Converter (Import) R2021a Mm o -— —

TensorFlow Converter (Export) R2022b
PyTorch Converter (Import) R2022b \ T

O PyTorch

22 4\ MathWorks




Al Modeling

Import model from
TensorFlow or PyTorch

|aa| Normal v =| =3 [ Refactory [= [Z] section Break l) N
= = {tj t" P4 Run and Advav‘e
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FILE

15 T __ Code Control Task Run Run Step Stop
T Ak - ==EN="= - - #f f#  Section PZ}RuntoEnd
NAVIGATE TEXT CODE SECTION RUN

=

< % E o B O/ » home » Igarcia » ai-with-mbd-irtual-sensor-modeling » Part 1 - Al Modeling »

B Live Editor - /home/lgarcia/ai-with-mbd-virtual-sensor-modeling/Part 1 - Al Modeling/SOC_2 ImportFromTensorflow.mix *

SOC_2_ImportFromTensorflow.mix * [+

Import TensorFlow Network into MATLAB

9 battery_sec_net = importTensorFlowNetwork(fullfile(projectPath, "models","TF2.3", "batterySoc_net"), "OutputLayerType", "regression")
Importing the saved model...
Translating the model, this may take a few minutes...
Finished translation. Assembling network...
Import finished.
battery_SeC_net =
DAGNetwork with properties:
Layers: [9x1 nnet.cnn.layer.Layer]
Connections: [8x2 table]
InputNames: {'input_2'}
OutputNames: {'RegressionLayer_dense_7'}
10 save(fullfile(projectpPath, "models", "battery_Sec_net.mat"), "battery_Sec_net")
|Analyze the Imported Network Architecture
11 analyzeNetwork(battery_Sec_net);
Load Test Data
12 % Load test data
13 load('testData.mat');
14
15 %% Evaluate for test case for negative 10deg C temperature.
16 X_Test_nl10degC_Norm = zeros(size((Xinput{1,1}')));
17, for i=1:size(Xinput{1,1},2)
18 X_Test_niedegC_Norm(i,:) = Xinput{1,1}(:,1i)"';
19 end

Zoom: 150%

script

Al Modeling
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Al Modeling
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Al Modeling

Train i n MéepLA
Learning Framework
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Integrate your Al model for system-level simulation and test

¥
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Al libraries in Simulink are expanding to include more Al
blocks for more applications

. R2022
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Integration of trained Al models into Simulink
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Closed-Loop System-Level Simulation

29
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Deploy to target with zero coding errors

i @
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Use Embedded Coder to Generate Code for Machine
Learning
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Generate Library-Free C/C++ Code for Deep Learning
Networks
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Generate Library-Free C/C++ Code for Deep Learning
Networks

Deployment
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