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3 Things We’ll Cover Today

= Data Synthesis

= Labeling

"  Pre-processing

= Model selection and training
= Full system deployment

Generate the five-channel raining images and pixel abel images

Insight
Al Applications for Radar and Lidar

Challenges Interaction

Common issues engineers face in practice Al models for radar and lidar data
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What is a lidar sensor and where 1s Al used ?

Lidar: Light detection and ranging
= Creates 2D or 3D point clouds representing depth using pulsed-light
» Also known as 3D laser scanner, laser scanner



MATI

What is a lidar sensor and where 1s Al used ?

Lidar: Light detection and ranging
= Creates 2D or 3D point clouds representing depth using pulsed-light
» Also known as 3D laser scanner, laser scanner

Object detector using Deep

Learning (YOLO v2)

Trucks

| W Background

Autonomous Perception Aerial Imaging and Navigation

Robotics and Augmented Reality
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MATLA
What are the advantages and disadvantages of lidar sensors ?

e
Accurat
Depth e@ 360° Data ‘)

Disadvantages of lidar sensors
» Sensitive to rain, snow and weather effects
« Measurement effected by platform movement/vibration
« Accuracy drops as range increases 7
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What I1s a radar sensor and where is Al used ?

Radar: Radio detection and ranging

= Use radio frequency echos to detect objects at a distance
» Estimate position, Doppler, and micro-Doppler.

» Generate images with 4D radar



MATLAB E

What I1s a radar sensor and where is Al used ?

Radar: Radio detection and ranging

= Use radio frequency echos to detect objects at a distance
» Estimate position, Doppler, and micro-Doppler.
» Generate images with 4D radar
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| MATLAB E
What are the advantages and disadvantages of radar sensors?

Classify

Communicate

Track
Measure

Search

mmmmm

Long range operations All weather, night and da Flexibility

Disadvantages of radar sensors
* Lower resolution than lidar
* Lower azimuthal resolution at longer ranges
* Multipath and clutter cause ghost detections and false detections

3 N
E S8 = -
. H n% e “
3 a s
o = 5158 w
; o1 0
w w0 w o - e
ol Speed (cmvhv)
= A =
«
. . . v
= | ?
s® y
: 10 7.5 aro-se00d resoiuion (appraximatly 250 melers) or most of the globe. Deta avaiable from the U, Geological Survey. - Source: Esrt, 3 2 s
DigitalGiobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS, AeroGRID, IGN. and the GIS User Community € - q Without ground reflection Resource Alcation n the Last Sacond
] ‘ g
. 10x

10



MATLA

What are the common challenges engineers face using Al with radar
and lidar ?

1.

Labeling recorded data for Al training is manual and time consuming
Little-no recorded data to train models for safety-critical applications
Lack of knowledge on of Al model-type and data formats best results
Unclear how to pre-process sensor signals for best results

Real-world systems require deployment of more than Al model

11



MATLAB

How to overcome challenges using MATLAB and Simulink examples

Lidar Detection and Tracking Tracking in the Presence of Radar Multipath

12



MATLA

Challenge
Labeling data Is repetitive, manual and time consuming

Repetitive and manual Noise
Very little variation frame-frame Majority of points not required to train Al model

13



MATI

Two steps to improving accuracy and efficiency of labeling process

(1

. Automation using non-Al techniques

\ Clustering Ground Plane Removal

Tracking

14



MATI

Two steps to improving accuracy and efficiency of labeling process

(1

. Automation using non-Al techniques

Tracking /

\ Clustering Ground Plane Removal

£

. Iterative training and labeling

) [ Train Model J )

\_ h Iteration and Refinement A Y,
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Labelling radar signals can also be done automatically

4 Signal Labeler”
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Simulating radar data in MATLAB and Simulink

Radar

High Sensor and Environment Complexity Low

Raw 1Q signals | Detections (point cloud) | Clusters Tracks
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Waveform-level Model Measurement-level Model
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Simulating radar data in MATLAB and Simulink

High

Raw 1Q signals

Birds-Eye Plot
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MATLAB EXIPC

Low

Tracks

7: Figure 8
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MATLA

Wide range of data synthesis options for radar systems

Long distance, multi-object operations High clutter environments
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MATLAE

Simulating lidar sensor data in MATLAB and Simulink

Automated Driving Toolbox UAV Toolbox

3D Scene Creation

RoadRunner

lﬂhhhhhiiinnnl
STEESS TN
| IRRRRRERNR

200

|

£ et

\ g | - R 72

| I >y R
1 r 2 (2, Bl (S
s \ 7
% v 2
Z
2

Up (m)

21



MATLAL

Challenge

Lack of knowledge on combination of model-type and data format best results

SqueezeSeg: Convolutional Neural Nets with Recurrent CRF for
Real-Time Road-Object Segmentation from 3D LiDAR Point Cloud
Bichen Wu. Alvin Wan, Xiangys Yoe and Kart Kestzer

UC Berkeley
bichen. alvinwan. xyyue. ke

| @ berkeley eda

PointPillars: Fast Encoders for Object Detection from Point Clouds

9 Oct

AlexH.Lang  Sourabh Vora  HolgerCaesar  LubingZhou  Jio
Oscar Beijoom
auTonomy: an APTIV company

What model do | use ? How do I train a model ?
There are so many research papers. Raw sensor data or transformed.
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MA

|
MATLAB provides a curated library of models with different inputs and styles

Cropped point cloud with overlaid semantic labels

buildings

Semantic Segmentation
Classify each data point with label

Object Detection
3D bounding box detection and classification

Curated Models
1. PointPillars

Curated Models
SqueezeSeg v2
PointSeg
SalsaNext
PointNet
PointNet++

ahwdNPE
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|
MATLAB provides a curated library of models with different inputs and styles

Cropped point cloud with overlaid semantic labels

buildings

Semantic Segmentation
Classify each data point with label

Object Detection
3D bounding box detection and classification

Curated Models
1. PointPillars

Curated Models
SqueezeSeg v2
PointSeg
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PointNet
PointNet++
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MA

|
MATLAB provides a curated library of models with different inputs and styles

Cropped point cloud with overlaid semantic labels buildi
huildings

Semantic Segmentation
Classify each data point with label

Object Detection
3D bounding box detection and classification

Curated Models Curated Models
1. PointPillars 1. SqueezeSeg v2
2. PointSeg
3. SalsaNext
4. PointNet
5. PointNet++
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| MATLAB EXF

Interoperability bridges the gap between data science, engineering and
production ‘

¥ TensorFlow
O PyTorch
€ ONNX
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Interoperability bridges the gap between data science, engineering and
production A

¥ TensorFlow
O PyTorch
) ONNX

TS

2o oo meeRe — g | 2P E
Engineering Production
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Lidar 3-D Object Detection Using PointPillars Deep Learning

Load Data

lidarURL = 'https://www.mathworks.com/supportfiles/lidar/data/WPI LidarData.tar.gz';

lidarData = downloadWPIData(outputFolder, lidarURL);

Load the 3-D bounding box labels.
load('WPI_LidarGroundTruth.mat', 'bboxGroundTruth');
Labels = timetable2table(bboxGroundTruth);

Labels = Labels(:,2:end);

Display the full-view point cloud.

figure

ax = pcshow(lidarData{1,1}.Location);
set(ax, 'XLim',[-50 50], 'YLim',[-40 408]);
zoom(ax,2.5);

axis off;
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Interpret models and explain network predictions

Occlusion sensitivity (miniature poodle)

LIME using Linear Model
0.05 Blackbox Maodel Prediction: 0
Simple Model Prediction: 0

-0.15 RR2

Prediction Explainer Visualization

g 30 ® caesar salad
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RRO - ] “  hot_dog
L L ®  pizza
o .‘ ®  sashimi
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. . . 0 . ""
.
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Model-specific Interpretability ol ‘J
-30 ! *
-30 -20 -10 0

Evaluate Data Separation
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Tune hyperparameters and reproduce training experiments

00 Experiment Manager

T B P@ag By

lew YN ; Layout ; Stop Training Confusion Filter
v I t - Plot Matrix v -

FILE _ENVIRONMENT  RUN _ REVIEW RESULTS  FILTER  EXPORT a |
EXPERIMENT BROWSER o Baseline Tuning Baseline Tuning | Result1 x o
v DigitsClassifier

E:I& Baseline Establishment sl Doty
[ Sweep Initial Leaming Rate Baseline Tuning 2/7/2020, 12:53:36 PM I 7/16 Trials
FE] Baseline run S @ Complete 7 A Stopped 0 © Error 0
~ /& Baseline Tuning O Running 1 = Queued 8 X Canceled 0

[E] Result1 (Running)

fE] Larger Initial Leaming Rate Range

[E] Sweep Learning Rate Conv Size and v |

@ Add Conv-Batch-ReLu Banks Trial Status Progress Elapsed Time myinitialLearn... convFilterSize Training Accu... Training Loss Validation Ac..

[ Vary Fiiter Size of First Conv2D Layet |1 @ Complete I 1 00.0% O hr 0 min 16 sec 1.0000e-6 3.0000 12.5000 2.6441 10.}

[ Train Validation Spiit Study 2 @ Complete I 100.0% 0 hr O min 15 sec 1.0000e-5 3.0000 25.7813 2.1228 zo.;

3 @ Complete N 1 00.0% 0 hr O min 14 sec 0.0001 3.0000 64.8438 1.0878 42.f
4 @ Complete I 100.0% O hr O min 16 sec 0.0005 3.0000 90.6250 0.4648| 49.)
5 @ Complete I 100.0% 0 hr 0 min 15 sec 1.0000e-6 4.0000 11.7188 2.4967 6.
‘6 @ Complete | — 0 hr 0 min 15 sec 1.0000e-5 4.0000 23.4375 2.1213 14.'
7 & Complete I 100.0% 0 hr O min 17 sec 0.0001 4.0000 72.6563 1.0283 39.]
8 O Running i I 30.7% 0 hr 0 min 4 sec 0.0005 4.0000 '
9 = Queued N I 0.0% 1.0000e-6 5.0000 '
10 = Queued N I 0.0% 1.0000e-5 5.0000
" = Queued N I 0.0% 0.0001 5.0000
[12 = Queued N I 0.0% 0.0005 5.0000
13 = Queued N I 0.0% 1.0000e-6 6.0000
14 = Queued o I 0.0% ' 1.0000e-5 6.0000 '
15 = Queued N I 0.0% ' 0.0001 6.0000
116 = Queued o I 0.0% ' 0.0005 | 6.0000

I4

30



MATLAB EXP

Interactivity
Let’s play with an Al model for lidar in MATLAB Online
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Pre-processing radar data can improve performance of network
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MATLAB EXP

Pre-processing radar data can improve performance of network

" Deep leamning

with 1/Q signals

with many
features

Dataset size / quality
Low c sssesssssssssssssssmm) High

Less— More

Domain knowledge
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Pre-processing radar data can improve performance of network

Dataset size / quality

" Deep leamning

with 1/Q signals
Time-frequency maps

Pre-processing

with many
features

Less— More

Domain knowledge
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MATLAB EXP

Pre-processing radar data can improve performance of network

Dataset size / quality

" Deep leamning

with 1/Q signals
Time-frequency maps

Pre-processing

Automated feature
extraction

with many
features

Less— More

Domain knowledge
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MATLAB EXP

Pre-processing radar data can improve performance of network

with 1/Q signals
Time-frequency maps

Pre-processing

Automated feature
extraction

Dataset size / quality

with many
features

Less— More

Domain knowledge

Dataset size vs. domain knowledge vs. compute resources .
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You can make the trade-off between pre-processing approaches

T Requires less work on front-end

mww May require more network tuning ol
I/Q Signals
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MATLAB B
You can make the trade-off between pre-processing approaches

E R Requires less work on front-end
L0
— 0t May require more network tuning ol
I/Q Signals

Features extracted automatically

m | |

- Less complex training network — »
Pre-Procéésing
Time-Frequency Transformation
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MATLAB E

You can make the trade-off between pre-processing approaches

W Requires less work on front-end
3

May require more network tuning

Features extracted automatically

Less complex training network

Pre-Processing
Time-Frequency Transformation

Leverage domain knowledge

Less data at input layer

Feature Engineering Less complex training network
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MATLAB EXP

Interactivity: Time to test your ability to classify micro-Doppler returns ...

40



MATLAB BEXIPPO

Interactivity: Time to test your ability to classify micro-Doppler returns ...

Frequency (Hz)

Ground truth — synthesized micro-Doppler
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MATLAB BEXIPPO

Interactivity: Time to test your ability to classify micro-Doppler returns ...

Is this a pedestrian or a bicyclist?

Frequency (Hz)

Frequency (Hz)

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
Time (s)

Ground truth — synthesized micro-Doppler
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Poll

Is this a pedestrian or a bicyclist?

1500
1000

500

Frequency (Hz)
o

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
Time (s)

o0 w »

One Pedestrian
One Bicyclist
One of each
Not sure

MATLAB BEXIPPO
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MATLAB BE>XIPO
And the answer s ....

Is this a pedestrian or a bicyclist?

1500
1000

500

Frequency (Hz)
o

One of each

o0 w »

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
Time (s)

This is a pedestrian and a bicyclist
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MATLAB BEXIPPO

This one Is a bit trickier. The network gets the correct answer

Is this a pedestrian or a bicyclist?

Frequency (Hz)
o

-500

Frequency (Hz)

-1000

-1500

Ground truth — synthesized micro-Doppler
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MATLAB BEXIPPO

This one Is a bit trickier. The network gets the correct answer

Is this a pedestrian or a bicyclist?

Frequency (Hz)
o

-500

Frequency (Hz)

-1000

-1500

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
Time (s)

Ground truth — synthesized micro-Doppler o _ _
This iIs two bicyclists
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Challenge

Deploying Al model and application code prototype to a larger system
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MATLAB EXP

Challenge

Deploying Al model and application code prototype to a larger system

Multiple options for deployment
platform
CPU/GPU/FPGA
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MATLAB |

Challenge

Deploying Al model and application code prototype to a larger system

Pre-processing Al Model Post-processing

Denoise, Ground Object Detection JPDA object tracker
Removal

Denoised Point Cloud

Multiple options for deployment
platform
CPU/GPU/FPGA

System requires Al model + pre and
post processing




-Lidar Range Image

-Segmented Image

-Oriented Bounding Box Detection
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LIVE EDITOR ‘ { Search Documentation p
T=r Fey ) T 36
@ 8 © v @ 5 @

Design Get More Install Package Curve Fitting PID Tuner Signal Image MATLAB Coder Distribution Control Control Flight Log Linear System Model
App Apps App App Analyzer Acquisition Fitter System Desi... System Tuner Analyzer Analyzer Reducer
FILE APPS -
LR RS | E ﬁ » C » Users » mpalakka » OneDrive - MathWorks » Documents » MATLAB » Examples » R2020b » shared_driving_fusion_lidar » TrackVehiclesUsinglidarExample » v
[=] Live Editor - C:\Users\mpalakka\OneDrive - MathWorks\Documents\Demos\DetectClassifyAndTrackOrientedBoundingBoxInLidarExample\DetectClassifyAndTrackOrientedBoundingBoxinLidarExample.mix ® x
\ DetectClassifyAndTrackOrientedBoundingBoxInLidarExample.mix - | TrackVehiclesUsingLidarExample.m ] + |
150 filterInitFcn = @helperMultiClassInitIMMFilter; “Es
=l
157 % A joint probabilistic data association tracker with IMM filter =
153 tracker = trackerJPDA('FilterInitializationFcn',filterInitfcn,... —
‘TrackLogic’, 'History',. H
'AssignmentThreshold’ ,assignmentGate,...
'"ClutterDensity’',Kc,..
'"ConfirmationThreshold’®,confThreshold,...
‘DeletionThreshold',delThreshold, 'InitializationThreshold',0);
160 allTracks = struct([]);
161 time = 9;
162 dt = 0.1;
. %X Define Measurement Noise
165 measNoise = blkdiag(@.25%eye(3),25,eye(3));
167 numTracks = zeros(numFrames, 2);
The detected objects are assembled as a cell array of objectDetection objects using the helperaAssembleDetections function.
168 display = helperLidarObjectDetectionDisplay;
169 initializeDisplay(display);
171 for count = 1:fUMErames I
172 time = time + dt;

% Get current data
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MATLAB BEXIPPO

Reduce memory and power needs of deployed models

Quantize & Compress networks to deploy to low-power microcontrollers and FPGA'’s

Choose and validate the right quantization approach to meet the required accuracy.

Deep Network Quantizer App R2020a
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g et ' . H H H : : H
T ~ data_normalization | : : H H : H H
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! s P
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" 1 Weights -0.9198)  ©.8849 | : H
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Activatio 020 1151.3882 : _ : H :
» : ‘ : : :
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. sses the performance. e w3515 -
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- Generate GPU code to deplo - =i
y -expal | ] { | |
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We can improve our results when we fuse the two sensors

Front View (Time Step =60 ) Lidar Radar

1

MATLAB BEXIPPO
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MATLAB EXP

Let’s take a closer look ...

‘Front View (Time Step = 68 ) “Lidar
.Ground Truth

B Radar Tracks

F4
F2 F3 B |idar Tracks

B Fused Tracks

Fused tracks more accurate than individual sensor tracks
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Let’s take a closer look ...

‘Front View (Time Step =68) “'Lidar Radar

F2 F3 F4

MATLAB E

.Ground Truth

B Radar Tracks
B |idar Tracks

B Fused Tracks
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MATLAB I

Let’s take a closer look ...

‘Front View (Time Step =68) “'Lidar
.Ground Truth
B Radar Tracks

F2 F3 k4

’4"g! -
<8 = - "‘4
>

B |idar Tracks

B Fused Tracks

-
-

Rear View

F1
s "’i"‘" B

Fused tracks more accurate than individual sensor tracks
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MATLAB EXP

How MATLAB and Simulink help create Al-driven radar and lidar
processing systems
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MATLAB

How MATLAB and Simulink help create Al-driven radar and lidar
processing systems

Labeling Automation
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MATLAB

How MATLAB and Simulink help create Al-driven radar and lidar
processing systems

Labeling Automation Data Synthesis
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How MATLAB and Simulink help create Al-driven radar and lidar

processing systems
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MATLAB I

216x248x1
216x248x3
i Location
216x248x3
— Size
216x248x1
[— Angle
216x248x1
— Heading
216x248x1

I Backbone Network
I Detection Head (550)

Al Workflow

Pre-trained models, training,

Classification

evaluation, validation
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MATLAB E:

How MATLAB and Simulink help create Al-driven radar and lidar
processing systems
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Pre-processing
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Data Synthesis
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How MATLAB and Simulink help create Al-driven radar and lidar
processing systems
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