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Accelerating the pace of engineering and science
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Software System Design

= Traditional Software

Scope Project B2 Develop Code Deployment
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Al-driven system design

Data Preparation Al Modeling Simulation & Test Deployment

Data cleansing and Model design and Integration with (M Embedded devices
preparation tuning complex systems

o Hardware : : :
Q Human insight accelerated training _Dlil System simulation &I Enterprise systems

¢ Edge, cloud,
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generated datr,

Iterative refinement for system improvement
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Spend less time preprocessing and labeling data

Preprocess image data using built-in Apps 24 72l % FRe U . R
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Spend less time preprocessing and labeling data

Automate labeling of Lidar, image, video, and signal.
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Al Modeling

Common Deep Learning task for Image and Computer Vision s

23 Hardware
E30 L
C=2C3 accelerated training

*‘ Interoperability

Image Classification Object Detection Semantic Segmentation

CNN (Convolutional Neural Network) R-CNN series / SSD / YOLO series SegNet / FCN / Unet / Unet3D
EfficientDet DeeplLab v3+
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Two Common Approach for Image classification EEUELENOIEES eIy

= Train a deep neural network from scratch

i CONVOLUTIONAL NEURAL NETWORK (CNN)}) Car
[ LEARNED FEATURES F95% 7|
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= Fine-tune a pre-trained model (transfer learning)

FINE-TUNE NETWORK WEIGHTS

" Vision Team
' PRE-TRAINED CNN NEW TASK
‘ Signal Team
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Fine-tune a pre-trained model (Transfer learning) JRUECEREERIIEEITY

- Reuse feature extraction layers and replace classification layers

7
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Leverage apps for improving your transfer learning model
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Object Detection in Image/Vision System

Object

Detection

= Object detection

— Computer technology related to computer vision and image processing that deals
with detecting instances of semantic objects of a certain class (such as
humans, buildings, or cars) in digital images and videos
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Detect object using pretrained YOLOv3
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Speed up development using pretrained detector networks.
Use MATLAB high-level API for changing network type, backbone network for better

performance eaSin 4 Deployable Vide.. — [} X
®% Variables - newGTruth.DataSource

" newGTruth J newGTruth.DataSource l _; newGTruth.LabelData

newGTruth.DataSource newGTruth.LabelData

1 2 3 4

1 ing\COVID_Project\mask\TMWK_dataset\mw_bk1.jpg M354 1704 Tgi'; T | Tr?nSfer.
2 ing\COVID_Project\mask\TMWK_dataset\mw_bk2.jpg 2 [412,1529’1148’827] Lea rnlng USIng
3 !ng\COVID_PrOJ.ect\mask\TMWK_dataset\mw_bk'3.Jpg 3 [479,1670,1111,878] YO LOV4
4 ing\COVID_Project\mask\TMWK_dataset\mw_brian1.JPG 4 [797,2173,1580,1290]
S rocos Precimek WK e b2 E |5 s e pretrained
; !ng\COVID_PrOJ'eCt\mask\TMWK_dataset\mw_ I'IlartlalJ' EI737,2269,1694,1351] model
; !ngtcovm_PmJ'ect:mask:TMWK_dataset:mw_calebz.J'pg 7_|1785,1592,1102,1018]

ing _Project\mas _dataset\mw_caleb2.jpg . .

8 864,1712,940,833 .

9 ing\COVID_Project\mask\TMWK_dataset\mw_caleb3.jpg [ ] (httDS//blt|y/2 U.I

ing\COVID_Project k\TMWK_dataset dennis1.j 9 |1887,1573,838,778] )
10 !ng\COVID_PrOJ'ect\mask\TMWK_dataset\mw_denn!sz.J'pg 10 [416,1452,1107,1032] 7AeP
11 !ng\COVID_PrOJ.ect\mask\TMWK_datase \mw_denn!s?’.J'pg 11 [407,1477,1135,931]
12 !ng\COVID_PrOJ.ect\mask\TMWK_dataset\mw_de:rfls Jjpg 12 [367,1394,1135,968]
o !ng\COVID-PI'OJ'ect\mask\TMWK_dataset\mw—dyZdPg 13 |[119,631,505,349]
14 !ng\COVID_PrOJ'ect\mask\TMWK_dataset\mw_ y .leg 14 [121,629,503,372]
1155 !ng\COVID_PrOJ.ect\mask\TMWK_dataset\mw_garyZ.J'pg 15 [175,464,391,317]
16 !ng\COVID_PrOJ.ect\mask\TMWK_dataset\mw_ﬁ'a{y' . 10M[219,401,338,289)
' !ng\COVID_PmJ'ect\mask\TMWK_dataset\mvv_hj'zd'm:l 17 [118,310,232,161]
18 !ng\ _ I’Oj'eC \mask\ _dataset\mw_ j .J-pg 18 [124,316,213,163] S —
19 ing\COVID_Project\mask\TMWK_dataset\mw_hj3.jpg 19 [81,315,250,166] x| 212|E o|sty
20 ro\Couty P e PG g [rass0en25)
2 !ng:COVID_PrOJ'eCttmask:TMWK_datasettmw_hJ ¥ dl.j 21 |[83,410,316,238]

ing _Project\mas _dataset\mw_howard1l.jpg @matorks.
29 linA\COAVIN Draiact\ macl \ TAMAMK Aatacat\ miar haumrd? ina 22 [243,218,163,126] I _l Md}t?ﬁ\/}’o%kgsgd

https://bit.ly/362PzEo 12



https://bit.ly/362PzEo
https://bit.ly/2Uj7AeP

| 4\ MathWorks'

What is Semantic Segmentation?

(L

Semantic
Segmentation

« Semantic Segmentation

— Associate pixels in an image, video or point cloud to class labels (semantic
segmentation) or instances (instance segmentation).



&\ MathWorks

Classify each pixels using pretrained DeepLab v3+ network
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MATLAB users solve a diverse set of engineering problems
using same semantic segmentation technique

Yachiyo Engineering Hyundai Steel

Detect Bridge and Dam Damage Analyze Steel image

KICT Airbus

Measure Wastewater Discharge

.:_. 1 .;Y &

Industrial Defect Detection
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Extensive Examples for Deep Learning Use Cases

X

B
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Remove Noise from Color
Image Using Pretrained
Neural Network

Remove Gaussian noise from an
RGB image by using a pretrained
denoising neural network on each
color channel independently.

Develop Raw Camera
Processing Pipeline Using
Deep Learning

Use a U-Net network to approximate
a typical pipeline of image
processing operations that convert
raw camera data to an aesthetically

Commitatirs Suie Ouststntiom

Quantify Image Quality
Using Neural Image
Assessment

Analyze the aesthetic quality of
images using a Neural Image
Assessment (NIMA) convolutional

neural network (CNN).

30
Classify Large

Multiresolution Images
Using blockedimage and...

Classify multiresolution whole slide
images (WSlIs) that do not fit in
memory using an Inception-v3 deep
neural network.

<3

Automate Ground Truth
Labeling for Semantic
Segmentation

Use a pretrained semantic
segmentation algorithm to segment
the sky and road in an image, and
use this algorithm to automate

4

Semantic Segmentation
Using Deep Learning

Train a semantic segmentation
network using deep learning.

Object Detection Using YOLO
v3 Deep Learning

Detect objects using you look only
once version 3 network

Estimate Body Pose Using
Deep Learning

Estimate the body pose of one or
more people using the OpenPose
algorithm.

Automate Ground Truth
Labeling For Vehicle
Detection Using PointPillars

Automate vehicle detections in a
point cloud using a pretrained
PointPillars object detection network
in the Lidar Labeler app. In this

Aerial Lidar Data with

Terrain Classification for
Aerial Lidar Data

Segment and classify terrain in
aerial lidar data as ground, building,
and vegetation. The example uses a
LAZ file captured by an airborne lidar

4@\ MathWorks

Data Augmentations for
Lidar Object Detection Using
Deep Learning

Perform typical data augmentation
technigues used in 3-D object
detection workflows with lidar data.

Lidar 3-D Object Detection
Using PointPillars Deep
Learning

Train a PointPillars network for
object detection in point clouds.

Image Processing

Computer Vision
1

6



MathWorks: helping engineers & scientists
build Deep Learning solutions

" zix X

The Platform Your People Our Expertise
MATLAB, Simulink, and over Helping you build an agile From onboarding and
100 add-on products for workforce today and implementation to solving

specialized applications preparing tomorrow’s
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