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Today’s Objective: How to Build Al Functionality into your Systems

SIMULINK'
Algorithms

Environment

Al for algorithm development Al for environment modeling

|

today’s examples focus here

Demos and majority of Relevant features and capabilities
shown are applicable to both cases
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Today’s Objective: How to Build Al Functionality into your Systems

# B

Deep Learning in Simulink

Traditional Machine Learning in Simulink
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Demo: Lane and vehicle detection

Demo: Human activity recognition
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Why should | integrate my Al components into Simulink?
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Learning Algorithms Are Driving the Al Megatrend

Deep Learning Toolbox

Statistics and Machine
Learning Toolbox

Defect Detection

. Airbus = i
Machine ECL[; ;throl
Learning -

Seismic Event Detection
Shell

Predictive Maintenance

Baker Hughes Learning Reinforcement
Digital Twin Learning Toolbox
Atlas Copco

Powertrain control

Automatic Ground-Truth Labeling
Caterpillar

Vitesco Technologies 6
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Al Examples: Machine Learning for Fault Identification

Data Preparation
A, Modeling

=EE =it 4 & Training

LSS SR Simulation & Test

Why Machine Learning over traditional quantitative/qualitative methods?
= Higher accuracy

- Process may be challenging or impossible to model
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Al Examples: Deep Learning for Vehicle Detection

Simulation & Test

Data Preparation ,
Modeling
& Training
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Why Deep Learning over traditional Computer Vision?
= No feature engineering
= Higher accuracy



Additional Al Examples

Data Preparation

Modeling
& Training

Simulation & Test

Human Activity Recognition

-3

4\ MathWorks

Deployment

X
x xout|—

Co—f ”
3
e
v vout
caimrte " .y
Y Signal

2 zout v e
Data Calibration
Z

Feature Extraction

ClassificationSVM Predict

Data Browser
~ History
1T
Lsstcnange. Disabled PCA

2 Stepwise Linear Regression
Lastcnange: Stepwise Linear

30 5w

Lastenange. Linear SVM

4 swm

Lastcnange: Cubic SWM

5 s

Last crange. Medium Gaussian SVM

61 Ensemble
Lastenange: Boosted Trees

62 Ensemble
Lastcnange. Bagged Trees

RUSE: 012367
o festures

RUSE" 06451
6 features

RNSE 08527
S features

RUSE 29012
68 features

RUSE 041111

RUSE: 056720
68 teatures

RUSE 0.11385
e features

Electric Motor Temperature Estimation

voltage —
current ——
temperature ——|

— SOC

Battery State of Charge Estimation

StatoRoquest

I

{16}

BMS_Software
‘StateRequest BMS_

Set Plant Configuration

02112

Battery_Model

Y

From PLANT 110111 To_PLANT|

BMS_Info

BMS ECU

To_BuS
15)
BMS_to_PLANT (1!) | [From_EMS
[ &) P

BMS_to_PLANT

e

L]
EUEh, e

PLANT o 1S 9




4\ MathWorks

Systems Complexity Is Increasing

Model-Based Design and Al can help build complex systems

System System Functionality Subsystem
Requirements and Architecture Design

Subsystem System Integration
Implementation and Qualification

{m) P2 simulation & Test
% Deployment

&

:5 Use Cases @: Al I|||'|||I Data Preparation

Modeling
=1 & Training

Al-driven system design workflow

. Modeling : .
Data Preparation & Training Simulation & Test Deployment
10
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Integrating Al Models into Simulink

SIMULINK®

Algorithms Environment

Al for algorithm development Al for environment modeling

Speed up high-fidelity model
Use data-driven model where

Simulate for system-level testing

Verify system requirements mathematical modeling is challenging
Deploy overall design to CPU, GPU, = Enable HIL tests for above
ECU, FPGA or a mix of targets - Share component with non-experts in

a particular modeling domain or tool

1"
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Today’s Objective: How to Build Al Functionality into your Systems

Deep Learning in Simulink
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Demo: Lane and vehicle detection
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Reuse Pretrained Network

Deep Learning Toolbox = S——

assess network accuracy
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Deep Learning Toolbox

Visually create networks to enable
faster design

4\ MathWorks

4\ Deep Network Designer
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Network from Deep Network Designer
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Deep Learning Toolbox

Find optimal network using
experiments

EXPERIMENT MANAGER

ool @ bEE E[7|v
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Deep Learning Toolbox

Explain and visualize how a
network works

mouse, 0.46095
remote control, 0.24144
computer keyboard, 0.12748

Occlusion sensitivity (miniature poodle)

0.15

4\ MathWorks
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Deep Learning Toolbox

4 TensorFlow +Q+’ Caffe2 O PyTorch

. Keras I
. Keras importer & @ @Xnet
< > -
Caffe importer | MATLAB ONNX
SSIMULINK
Caffe I

Interoperate with other
frameworks

17



Deep Learning Networks

-

N\

Image Classification,
Semantic Segmentation

J
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Deep Learning Networks

leopard

Image Classification,

Semantic Segmentation /
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Deep Learning Networks in Simulink

SIMULINK'
Algorithms

Environment

4\ MathWorks
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Highway Lane Following Model

SIMULATION MODELING
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Lane and Vehicle Detection

/ Lane |AlexNet-based \
Detection
Pre- @D Post-
processing processing
Vehicle
Detection
\ _@)_ YOLO v2 /

Workflow:
1) Run simulation on desktop CPU

2) Run simulation on desktop GPU
and generate CUDA code

3) Generate CUDA code and run

on Jetson AGX Xavier
22
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(1) Run Simulation on Desktop CPU

/ Lane |AlexNet-based \
Detection
Pre- @D Post-
processing processing
Vehicle
Detection

| _|YoLo v2
%> y

e

Intel CPU
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(2) Run Simulation on Desktop GPU and Generate CUDA code

/ AlexNet-based Lane P CUDA \

i optimized code
Detection

— \

Pre- @D Post-

processing / processing
Vehicle

/ Detection

cuDNN/TensorRT YOLO v2
"""thimized code ~ o /

NVIDIA GPU i[H]
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(3) Generate CUDA Code and Run on Jetson AGX Xavier

/ AlexNet-based

Lane

Pre-
processing

/

CUDA
optimized code

Detection

_@}_

/

/ Vehicle

\

~

Post-

processing

Detection

cuDNN/TensorRT
vptimized code =™ o

YOLO v2

/

S

4\ MathWorks
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Lane and Vehicle Detection

/ Lane |AlexNet-based \
Detection
Pre- @D Post-
processing processing
Vehicle
Detection

\ _@_ YOLO v2 /

1) Running on CPU & GPU

2) ~T7X faster running generate
code on desktop GPU vs CPU

3) Generate CUDA code and run
on Jetson AGX Xavier
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Today’s Objective: How to Build Al Functionality into your Systems

Traditional Machine Learning in Simulink

Demo: Human activity recognition

27
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What to use? Deep Learning vs. Machine Learning

Popular among Convolutional Neural Network (CNN) Linear Models - Decision Trees
Practitioners: Long-Short Term Memory (LSTM) Support Vector Machines
Generic Adversarial Network (GAN) Gaussian Process Regression
Types of data: Images / Video Sensor
Signal - Text Numeric
Requirements: Lots of (labelled) data Moderate amounts of data

Performance computing / GPU

28
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How to Integrate Machine Learning?

Built-in Machine Learning blocks

HE Simulink Library Browser

4] Enter searchterm v |8 | B > T ~| & @

Statistics and Machine Learning Toolbox

R2020b

label @

SoC Blockset ~

SoC Blockset Support Package for Xilir
Stateflow
v Statistics and Machine Learning Toolbe
Classification

Regression
System |dentification Toolbox
UAV Toolbox
» Wehicle Dynamics Blockset v

label
[1x6]
)
Xnew [1x6]
Xnew
2
score
score
] predict
- oPo
L ] Block Parameters: Predict using Classification SVM
SVM Classification (mask) (link)
Classification Regression Classify observations using support vector machine (SVM) classifier

Trained Machine Learning Model:
Kernel: Linear
Score Transform: Logit
Standardize: Yes

MATLAB Function Blocks

= Preprocessing
= Feature Extraction

W Data Types
Parameters
Trained Machine Learning Model
Show output Score

OK Cancel Help Apply
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Human Activity Learning using Smartphones

h
_V\\ Classifier % E




Machine Learning
Workflow and Tools
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Data Data
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Automated Model
Optimization
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Embedded Systems
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Demo: Human Activity Recognition
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Key Takeaway: Increased performance and functionality

Integrate Al into Simulink models for Complex Systems
= Test overall design in simulation
Implement using code generation

Build Al models using Interactive Apps and Examples
= in Deep Learning / Statistics and Machine Learning Toolboxes
... Or integrate models developed by your colleagues

33



