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What is Automated Optical Inspection?

“Automated optical inspection is the image-based or visual
Inspection of manufacturing parts where a camera scans
the device under test for both failures and quality defects”

Automated Defect Detection
Machine Vision Visual Inspection
Automated Inspection
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Customer References

AIRBUS

MUSASH:

O Kansai Electric Power

power with heart

Eclip

Sleeper

Ballast

. BranchCrack
LeafCrack
v , i )
- Rail L
>

Assess Pipe Weld Damage at Power
Plants

4\ MathWorks 2



PART IMAGE PART IMAGE ANALYSIS

INSPECTION
CAMERA

CLASSIFY
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Can you find the defective hex nut?
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Finding Defective Hex Nuts

Good
oJojo]c

001.bmp 002.bmp 003.bmp 004.bmp 005.bmp 006.bmp 007.bmp

O O

011.bmp 012.bmp 013.bmp 014.bmp 015.bmp 016.bmp 017.bmp

O

024.bmp 025.bmp 026.bmp 027.bmp

021.bmp 022.bmp

031.bmp 032.bmp 033.bmp 034.bmp 035.bmp 036.bmp 037.bmp 038.
041.bmp 043.bmp 044.bmp 045.bmp 046.bmp 048
051.bmp 052.bmp 053.bmp 054.bmp 055.bmp 056.bmp 057.bmp
E - - -O -O -O -O I
061.bmp 062.bmp 063.bmp 064.bmp 065.bmp 066.bmp 067.bmp

ofolololololol
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Detecting Parts
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Defect Detection Workflow

DATA PREPARATION Al MODELING DEPLOYMENT

(O Data access and . oy
msiorl]egl g e . Embedded Devices

N\ preprocessing

. . Hardware-
Simulation-based s accelerated

: ot s== Enterprise Systems
data generation training P y

EY _ Model exchange Edge, cloud,
%3’ Ground truth labeling O desktop
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Defect Detection Workflow

DATA PREPARATION Al MODELING DEPLOYMENT

(O Data access and . oy
msiorl]egl g e . Embedded Devices

N\ preprocessing

. . Hardware-
Simulation-based s accelerated

: ot s== Enterprise Systems
data generation training P y

EY _ Model exchange Edge, cloud,
%3’ Ground truth labeling O desktop
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Data Access and Preprocessing — Common Challenges

How do | access large data that
might not fit in memory?

How do | preprocess data and get
the right features?

How do | label my data faster?

What if | have an imbalanced
dataset or don’t have enough data?

'LAB BEXIPO &\ MathWorks
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Data Access and Preprocessing — Common Challenges

How do | access large data
that might not fit in memory?

LAB BXIPO &\ MathWorks 13



How do | load and access large amounts of data?

Datastores Tall Arrays Biglmage

Loads image/signal data Work with out-of- Work with very large, tiled and
Into memory as and memory numeric data multi-resolution images
when needed — Train deep neural

networks for

>> imageDatastore .
numeric arrays

>> audioDatastore
4\ Current Folder ,
> fileDatastore

Mame «
= Folder s A..,bl..,...‘-”__m.m‘ Bp. | | e, e i \
5 | Dataset . ‘
& _background_noise_ i : L < s ,%g
+ bed " " ; +
) bird il L Each red box is a 1024-by-1024 tile in the file.
| ird man il ) L1's dimensions = 29,600 x 46,000
[ cat > ™. o "“""' ry L2's dimensions = 14,800 x 23,000
Analyze Big Data in Histograms of Tall Arrays Process Big Data in the L3's dimensions = 7,500 x 12,000
1 MATLAB Using Tall Arrays Cloud Rows = 29600
Custom Datastores also Columns = 46000
k| on available Use tall arrays to work with big data Use histogram and histogram?2 to Access a large data set in the cloud TileSizeIntrinsic = [1024 1024]
| one in MATLAB®. You can use tall analyze and visualize data and process it in a cloud cluster ResolutionLevelSizes = [29600 46000
g i arrays to perform a variety of contained in a tall array using MATLAB capabilities for big
[# Flgl‘t calculations on different types of data 14800 23000
tl SEVEN 7500
12000]
% sheila
- ) CoarsestlLevel = 3
#| So FinestlLevel = 1
PixelSpacings = [1 1; 2 2; 3.947
3.833]

4\ MathWorks 14




Data Access and Preprocessing — Common Challenges

How do | preprocess data
and get the right features?

LAB BXIPO &\ MathWorks 15



Pre-processing Data — Registration Estimator App

4 5 = = 3 ELS
e s
& l@ @ @ l@l [) Overlay Style
SURF i i = S
Load FAST BRISK Harris Register | Green-Magenta = Export
Images ¥ Images e s
LOAD TECHNIQUE RUN COMPARISON EXPORT ~
Registrations ® - . . .
vg = Current Registration Settings ‘
{]
1 Phase Correlation [DRAFT] w Feature Parameters
Projecti Transformation
2 Feature: MSER [DRAFT] rojective v i
Detected: 104 and 1% Number of Detected Features
Matched: 5 O
3 Feature: SURF [DRAFT] Quality of Matched Features

Detected: 79 and 101
Matched: 12

Has Rotation

» Post-processing

&\ MathWorks
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Pre-processing Data — Image Segmenter App

4 O
[ SEGMENTATION He o9 0e
R R i
4 2 pa o &
<\ /) N\ i
Load Load New Include Texture Threshold Gr{%w Local Flood Morphol... Active Show  Export
Imagev Mask Segmentation v Features Cu Graph Cut Fill Contours Binary v
LOAD NEW SEGMENTATION TEXTURE CREATE MASK ADD TO MASK REFINE MASK VIEW CONTROLS EXPORT -
Data Browser ®

W Segmentations

Segmentation 1

Segmentation 2

w History

4@\ MathWorks: 17




g M2l W 2R UE

-

00 T3] T A

| 6o 0 5 0 A .

Camera DHICOM Image Image Labeler Map Viewer OCR Trainer Stereo Camera Video Labeler
Calibrator

Calibrator 2212 H Acquisition

e -+ o -

a3 d" & 8 6 @ B8
HICIZ S M0 E g Zg] EE= gL g EeRN g2 Ed ERi '

=4 Hel2

€

HiC
i: 1
ir
=2

Preprocessing Data - Apps

i
1
0z
=

4\ Color Thresholder - HSV - [m] e 4\ Image Region Analyzer - [m] >
THRESHOLD EXPLORE
=  SortTable P
= ( T Fill Holes
E Background Color: [l ha! &2 Background: i free fia) funsorted) =] W
LoadImage  New ColorSpace | InvertMask  Reset  g.cyoroind Opacity: g ShowBinay |LiveUpdate| g HidePointCloud Export Load Image = [ Exclude Border Fiter ~ Choose Export
- Thresholds - -~ ~  Properties™ -
MODIFY MASK VIEW MASK LIVE UPDATE POINT CLOUD EXPORT LOAD IMAGE ADD/REMOVE PROPERTIES EXPORT
Area | MajoréxisLength MinorAxisLength| Eccentricity | Orientation |Eule
1 130.4602 102.0517 06230 88.5707

LOAD IMAGE COLOR SPACES
HSV

e

Click one or mare cells in the table to see the corresponding image region.

Image Region Analyzer

Color Thresholder

@\ MathWorks 18
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Pre-processing Data — Built-in Algorithms

imadjust imgaborfilt fibermetric

And Many More!

LAB BEXIPO &\ MathWorks 19



Defect detection using AlexNet: Results with preprocessing

Without Preprocessing With Preprocessing

25 a5

20 7 0 F

Mum of Elements
o

=
=
T

Num of Elements
=

-20 -15 -10 -5 0 5 10 15 90 15 10
Score
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Data Access and Preprocessing — Common Challenges

How do | label my data
faster?

LAB BXIPO &\ MathWorks 21



Data Preprocessing - Labeling

4

CA B B = |

Design Get More Install Package AUTOMOTIVE
App Apps  App  App e
FILE ]
EP Hal b C: » Prograf ©roundTruth
Labeler
Current Folder
Name SIGNAL PROCESSING AND COMMUNICATIONS
R2019a
R2019b m
Re020a Audio Labeler Signal Labeler

IMAGE PROCESSING AND COMPUTER VISION

Image Labeler  Video Labeler

\B E>XXPO 4@\ MathWorks: 22




Image Labeler

4\ Image Labeler = X
e G I'aaEEon

(e H ny Zoom In [T Default Layout Algorit

- ~ Zoom Out - ' Select Al -
Zoom Ou elect Algorithm »
New Load Save Import |Label Showfiectangle Latiels | iw 2 Automate View Label  Export
Session v v Labels v ./ Pan Show Scene Labels Summary Labels w
| FILE MODE VIEW AUTOMATE LABELING SUMMARY EXPORT -
I m ag e ROI Label Definition Image

jm]

o

Lab e I e r Define New ROI Label N

Video
Labeler

| Scene Label Definition |

EE] Define new scene label

Big-Image
Labeler

'LAB BEXIPO &\ MathWorks 23




Video Labeler

1 4\ Video Labeler - m X
_1 H & (&4 Zoom In T Layout Algorithm: @ Lé_]‘/
={ Zoom Out | m; chow ROI Label __| Select Algorithm -
load Save Import ;) k Automate  View Label  Export
- v labels v 5] Pan Show Scene Labels (@ Configure Automation Summary  Labels v
FILE MODE VIEW AUTOMATE LABELING SUMMARY | EXPORT -
I m ag e RO! Label Definition 05_highway_lanechange_25s.mp4 |
H 5, = .
L a b e I er Label Sublabel Aftribute d
» Car i "

Video
Labeler

Scene Label Definition

E[F Define new scene label

Big-Image
Labeler

- [

00.00000 00.00000 25.00000 25.00000 ) B [»] M
=]

Start Time Current End Time Max Time

=

4@\ MathWorks: 24




Big Image Labeler

"4 Big Image Labeler
FILE CONVERSIONS EXISTING LABELS OPTIONS
OT K| CBES MMM O W

Overview Region: [42497 48641 1536 1024]
LEFT-Click: Move box; DRAG: Reposition/Resize; RIGHT-click: New freehand region.

I m ag e Sublmage from: Scan004_cellspot_pyramid;
Labeler

LEFT-Click: Define new freehand region. RIGHT-Click: Auto-Segment.
hd

e Pl initialAutoSegmentation
PR »

Video
Labeler

Tooling/Options

Segmentation/Filter Settings

LABEL $4 | ot |
DISPLAY/EXPORT Annotations I = !

Border Simplification initialAutoSegmentation

Define/Extract Training Chips 4 [ ] q ] »| | | [snivialautosegmentation

initialAutoSegmentation

Recall Session 0 §.865554 1] |0 o 1
.
B I - I a e LABEL VISIBILITY: s (@) subimage
m Plomion  Diswmsse || L[| | Oommauinas
Ao S ave o 5000 1ep | MaxareaPat 0.85
a e e r Max Overlap 07
Labeling Mode [] Allow hotes? 3
(@ Manually Label Seg Clear Unlabeled ROIs )
Predict/Verify £ Segment Selected o
(s o Segment All Subimages ‘
v
ROI Type (O Gray Connectivity

Process Immediately < >
Freehand
O O Custom T SelectBy Label | GoTo (first) | Delete Selected|
Rename Selected | a

[P S

»

(@ Rectangle Function Handle Here!

14 Pixel info: (43690.68, 49491.69) [244 244 245]

&\ MathWorks 25




Data Access and Preprocessing — Common Challenges

What if | have an imbalanced
dataset or don’t have enough data?

LAB BXIPO &\ MathWorks 26



Data Augmentation by Transformation

Contrast Jitter on Grayscale

Original
Dataset

Augmented
Dataset
>

N times as
much data

4\ MathWorks 27



Data Augmentation : Generative Adversarial Networks (GANS)
-

Generative Adversarial Networks

4\ MathWorks
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Defect Detection Workflow

DATA PREPARATION Al MODELING DEPLOYMENT

(O Data access and . oy
msiorl]egl g e . Embedded Devices

N\ preprocessing

. . Hardware-
Simulation-based s accelerated

: ot s== Enterprise Systems
data generation training P y

EY _ Model exchange Edge, cloud,
%3’ Ground truth labeling O desktop
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Deep Learning for Defect Detection

Deep learning for assssse:
Classification SRR

Deep Learning for Object
Detection

AB BXIPO &\ MathWorks 30



Deep Learning for Defect Detection — Multiple techniques

Deep learning for
Classification

LAB BXIPO &\ MathWorks 31



Two Approaches for Deep Learning

1. Train a deep neural network from scratch

CONVOLUTIONAL NEURAL NETWORK (CNN)

N
o
LEARNED FEATURES 95%

2%

FAULTY

2. Fine-tune a pre-trained model (transfer learning)

FINE-TUNE NETWORK WEIGHTS

| ﬁ PRE-TRAINED CNN H NEW TASK
FAULTY

4\ MathWorks 32
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Train a Deep Neural Network from Scratch

4\ Deep Network Designer = O X

DESIGNER

El:lj t&) Jé e IZI & Zoom In % Q}

- g Co .
New Import Duplicate = 24 Fit & Zoom Out Auto Analyze Export
to View Arrange v
FILE BUILD NAVIGATE LAYOUT | ANALYSIS EXPORT -
LAYER LIBRARY 3L PROPERTIES
m " sequence % fullyConnectedLayer
OBJECT DETECTION i sequencelnput
@"—:}l regionProposalLayer Name | fc
E' InputSize auto
& yolov2ReorglLayer ‘
2 > ~ OutputSize 10
yolov2TransformLayer Istm Weights [1
: IstmLayer
OUTPUT \ i ), Bias []
WeightLearnRateFactor 1
softmaxLayer
WeightL2Factor 1
classificationLayer : BiasLeamRateFactor 1
C .
) g fullvC ected BiasL2Factor | 0
*] regressionLayer UMYt ORRCCIEd
Weightsinitializer glorot v
rpnSoftmaxLayer Biasinitializer zeros v

E rcnnBoxRegressionLayer O
softmax
53 rpnClassificationLayer SO ftrw?‘%(‘_ayer

Q
<
m
A

pixelClassificationLayer

dicePixelClassificationLayer \
: :ﬁ classoutput
: yolov2OutputLayer & classificationLa

LAB BXIPO &\ MathWorks 33




Two approaches for Deep learning

Approach 2. Fine-tune a pre-trained model (Transfer learning)

7 Fully
M Connected Softmax
g __ food
H H __ tree

_, -
—— N

/7 :

rd B

Convolution + Convolution +
ReLu Pooling ReLu Pooling
\ L %
N N
Feature Learning Ne®|gdagsiatation

4\ MathWorks 34



Fine-tune a Pre-trained Model (Transfer Learning)

4\ Deep Network Designer e O X

MATLAB

Getting Started

Compare Pretrained Networks Transfer Learning

0 O o 0 O B o O
0 L] \ 0 [N 000 (00|
0o O | O O
i 1= 1 C]
000 O 01 ] O ]I 0100 L
O 0 ] 0 O Jooo L
0
Bl B [ (] 0
[ ] [ ] 6 R E
] oooo 0 0 10 m_M | ]
SqueezeNet GooglLeNet ResNet-50 DarkNet-53 DarkNet-19 ShuffleNet NasNet-Mobile
O O 0 O | 0 = 0
OO0 (B0t 0 [] 0 (] 10l
b 0O [ o | | [ E B =
[
I B [ 0J B E OB ] 20 O | 000
o [] 52 [ 11 1 [J L1 O 00
[ [ [} [J
0o O
I C10]ET [ 1 | [
O 0| ] i Dooo 0l 0 0 N
NasNet-Large Xception Places365-Goog... MobileNet-v2 DenseNet-201 ResNet-18 Inception-ResNe...
] —~ 0 | 0
10 0 [ [
BB E O
0 0 0
=2 i 0 i O 5 B e [] ] []
Ooomo [ ] ] 01
| [

(! ™M [ o |

4@\ MathWorks: 35




Experiment Manager

[ NN ] Experiment Manager

E= o B M 7

Layout Stop  Training Confusion = Filter
- Plot Matrix =
FILE ENVIRONMENT RUN REVIEW RESULTS FILTER | EXPORT
EXPERIMENT BROWSER Baseline Tuning Baseline Tuning | Result1

~ [3] DigitsClassifier

¥ Result Details
~ /&, Baseline Establishment

[l sweep Initial Leaming Rate Baseline Tuning zi7/2020, 12:53:36 PV I s 7/16 Trials
REEeset N @ Complete 7 A Stopped 0 @ Error 0
~ /d Baseline Tuning O Running 1 = Queued 8 X Canceled 0
[ Resultt (Running)
E Larger Initial Leaming Rate Range
E Sweep Learning Rate Conv Size and E
E Add Conv-Batch-Relu Banks Trial Status Progress Elapsed Time mylnitialLearn... convFilterSize Training Accu... Training Loss Validation Ac..
[ Vary Filter Size of First Conv2D Layey| | 1 & Complete I 1 00.0% 0 hr 0 min 16 sec 1.0000e=6 3.0000 12.5000 2.6441 10
R Train Validation Split Study 2 & Complete I 100.0% 0 hr0min 15 sec 1.0000e=5 3.0000 25.7813 2.1228 20.
3 & Complete I 1 000 0 hr 0 min 14 sec 0.0001 3.0000 64.8438 1.0878 42 .
4 & Complete I 1 0'0.0% 0 hr 0 min 16 sec 0.0005 3.0000 90.6250 0.4648 49 .
5 & Complete I 1 0.0 0 hr 0 min 15 sec 1.0000e-6 4.0000 11.7188 2.4967 6.
6 & Complete I 1 0'0.0% 0 hr 0 min 15 sec 1.0000e=5 4.0000 23.4375 2.1213 14
7 & Complete I 1 00.0°% 0 hr 0 min 17 sec 0.0001 4.0000 72.6563 1.0283 39.
8 ©) Running [ | 30.7% 0 hr 0 min 4 sec 0.0005 4.0000
9 = Queued 0.0% 1.0000e-6 5.0000
10 = Queued 0.0% 1.0000e=-5 5.0000
11 = Queued 0.0% 0.0001 5.0000
12 L= Cueued 0.0% 0.0005 5.0000
13 = Queued 0.0% 1.0000e-6 6.0000
14 == Queued 0.0% 1.0000e-5 6.0000
15 = Queued 0.0% 0.0001 6.0000
16 L= Cueued 0.0% 0.0005 6.0000

&\ MathWorks




Classification with Trained MobileNetV2

Why the defect nuts are classified as ‘Bad’?

B BXIPO 4@\ MathWorks: 37



Challenges with Deep Learning Models

« Deep Learning model is a black box model

CONVOLUTIONAL NEURAL NETWORK [CNN])

LEARNED FEATURES 39,

95%
C '_ _.:-:: _'_ l_ [

2%

Bicycle

Is it possible to classify an unknown image correctly?
Why the model misclassify for certain images?

Explainable Al « Class Activation Mapping (CAM)

IS required  Grad-CAM

\B EXIPO 4@\ MathWorks:



https://jp.mathworks.com/help/releases/R2019b/deeplearning/examples/investigate-network-predictions-using-class-activation-mapping.html
https://jp.mathworks.com/help/releases/R2019b/deeplearning/ug/gradcam-explains-why.html

Class Activation Mapping to Investigate Network Predictions
Attribution Reveals the Why Behind Deep Learning Decisions Full code available

mouse, 0.46095 buckle, 0.14911
remote control, 0.24144 sock. 0.0871%4

computer keyboard, 0.12748

mailhag, 0.056052

Classified as “keyboard” due to Incorrectly classified “coffee
the presence of the mouse mug” as “buckle” due to the
watch

 EXIPO 4\ MathWorks


https://kr.mathworks.com/help/deeplearning/ug/investigate-network-predictions-using-class-activation-mapping.html

Visualization of Features with CAM

Captured Image Classification and CAM

B OK — Reacts to whole surface
Bad— Reacts to the scratch

The network judges the unit as Bad by seeing the scratched area



Deep Learning for Defect Detection

Deep Learning for Object
Detection

LAB EXIPO

&\ MathWorks
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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



Increase productivity using built-in functions for design and analysis
Use MATLAB high-level API for changing network type, backbone network for better

performance easily.
Choose Network to Train /YOLOUE v W
YOLOV2

nettotrain = [‘(OLOVE '];

SSD
FasterRCNN
Al Modeling

% Model design and
tuning

acs Hardware

—9Ca  accelerated training

* Interoperability

4\ MathWorks



Practical Object Detection Examples using Deep Learning
FPS 150.81 ZM\is . Z

MATLAB Deep Learning

mathworks.github.io

ﬁ‘p https:/fwww.mathworks.com/solutions/deep-le...

- < g y - o Ez ; 1’ B | T HTE 20 YUY BT A3 Bw SBY
= = | Pl I People 1 —— — DNode @ 0B [RE

ENiFocie B People = ECRS|
uli: g K q'”ﬁ‘i .s Bird's-Eye view
\idrv =
I LI -

Repository Link Repository Link



https://github.com/matlab-deep-learning
https://github.com/matlab-deep-learning/COVID19-Face-Mask-Detection-using-deep-learning
https://github.com/matlab-deep-learning/Social-Distancing-Monitoring-System
https://github.com/wanbin-song/FireDetectionYOLOv2

Defect Detection Workflow

DATA PREPARATION Al MODELING DEPLOYMENT

(O Data access and . oy
msiorl]egl g e . Embedded Devices

N\ preprocessing

. . Hardware-
Simulation-based s accelerated

: ot s== Enterprise Systems
data generation training P y

EY _ Model exchange Edge, cloud,
%3’ Ground truth labeling O desktop
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Deploy to Any Processor with Best-in-class Performance

Intel’

GRAPHICS

Generation nVIDIA. @

4\ MathWorks
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Deploy to Hardware

4\ MATLAB R2020b - prerelease use - X "
HOME PLOTS APPS LIVE EDITOR INSERT VIEW Bl Ro =e @I\:ean:h Documentation ,0
d e [E] [ Find Files = Normal ~ =] Task v =| & Runsection @
@ o E e A IS = %gn = B b &
C P GoTo v Control ¥ = Pl Run and Ad:
New Open Save L -ompare i Text Code oMY ] & [@ | Section unendAdvance  pun  Step Stop
v v v &Prnt Q Find ¥ L& Refactor v Break P} Run to End -
FILE NAVIGATE TEXT CODE SECTION RUN =
<o a5 » H > Downloads » di_hdlvgg_demo » Defect Detect demo » v
B Live Editor - H:\Downloads\dl_hdl vgg_demo\Defect Detect demo\run_net_fpga.mbx * x
| run_net fpga.mbc * + |
39 scores = reshape(scores, [1, 8]); A=
=3
%insert annotation as an post-processing =
42 out = myNDNet_Postprocess(Iori, num, bbox, scores, wi, he, ch); =
44 sz = [he wi ch];
45 out = ocv2mat(out,sz);
46 imshow(out) t
* UTF-8 script Ln 41 Col 45

Deploy defect detection algorithms from

Deploy defect detection algorithms from
MATLAB to Jetson AGX Xavier

MATLAB to ZCU102 board from Xilinx
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Deploy to Hardware

jshankar-deb9-64.dhcp.mathworks.com:6 (rcheruku) - TigerVNC

Fle Edit View Search Terminal Help

top
Threads:

0.9 sy,
total,
total,

- 22:06:20 up 1 day, 23:20,
167 total,
2 :25.3 us;,

4080036
4194300

3 users,
3 running, 102 sleeping,
0.0 ni, 73.7 id,
2438672 free,
4194300 free,

203504 used,
0 used.

0 stopped,
0.0 wa,

techcon@ml-workshop-test-26: ~

load average: 1.55, 0.87, 0.37

0 zombie

0.0 hi,

0.0 si,
1437860 buff/cache
3652220 avail Mem

0.0 st

TIME+

COMMAND

9294 techcon 20 0 770124 208236 81036 .7 5.1 2:59.16 nutsDet_exe
29310 techcon 20 0 770124 208236 81036 S 39.0 5.1 0:50.61 nutsDet_exe
29312 techcon 20 0 770124 208236 81036 R 39.0 5.1 0:50.22 nutsDet_exe
29311 techcon 20 0O 770124 208236 81036 S 38.7 5.1 0:50.49 nutsDet_exe |
ZSeTS™TeTITCon 20 U TT556 S840 2070==—3"0—0"2 OTIOT8TSSI
29325 techcon 20 0 5984 27606 2176 R 2.6 0.1 0:03.85 top

8 root 20 (¢] 0 ] 8.I 0.3 0.8 0:58.59 rcu_preempt

2130 root 20 0 0 (] 0I 0.3 0.0 0:23.68 kworker/5:2
17151 root 20 [¢] 0 (] 91 6.3 0.0 0:02.27 kworker/2:1
25518 root 20 © [¢] [¢] 0I 0.3 0.0 0:22.65 kworker/3:1
28340 root 20 © [¢] [¢] 0I 0.3 0.0 0:01.86 kworker/0:2
29296 techcon 20 0@ 770124 208236 81036 S 0.3 5.1 0:00.19 QXcbEventReader

1 root 20 0O 154280 5224 3504 S 0.0 0.1 0:12.00 systemd

2 root 20 © [¢] [¢] 0S 0.0 0.0 0:00.18 kthreadd

4 root 0 -20 [¢] [¢] 0I 0.0 0.0 0:00.00 kworker/0:0H
6 root 0 -20 (¢} (¢} 0 I 0.0 0.0 0:00.00 mm_percpu_wq
7 root 20 © [¢] [¢] 0S 0.0 0.0 0:05.58 ksoftirqd/0
9 root 20 0 [¢] 0 0I 0.0 0.0 0:00.38 rcu_sched

10 root 20 © [¢] [¢] 0I 0.0 0.0 0:00.00 rcu_bh

11 root rt (¢] [¢] 0 0S 0.0 0.0 0:00.14 migration/0
12 root 20 © [¢] [¢] 0S 0.0 0.0 0:00.00 cpuhp/0

13 root 20 © [¢] [¢] 0S 0.0 0.0 0:00.00 cpuhp/1

14 root rt (¢] [¢] [¢] 0S 0.0 0.0 0:00.15 migration/1
15 root 20 © [¢] 0 0S 0.0 0.0 0:00.28 ksoftirqd/1
17 root 0 -20 [¢] [¢] 0I 0.0 0.0 0:00.00 kworker/1:0H
18 root 20 0 [¢] 0 0S 0.0 0.0 0:00.00 cpuhp/2

19 root rt 0 (¢} (] 0S 0.0 0.0 0:00.14 migration/2
20 root 20 © [¢] [¢] 0S 0.0 0.0 0:00.22 ksoftirqd/2

Nuts Defect Detection Démo "4
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Defect detection deployed on
ARM Cortex-A microprocessor

Additional Resources

=  Deploying Deep Neural Networks to GPUs and
CPUs Using MATLAB Coder and GPU Coder

= Using GPU Coder to Prototype and Deploy on
NVIDIA Drive, Jetson

= Real-Time Object Detection with YOLO v2 Using
GPU Coder

=  Image Classification on ARM CPU: SqueezeNet

on Raspberry Pi

= Deep Learning on an Intel Processor with MKL-

DNN

48
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https://www.mathworks.com/videos/deploying-deep-neural-networks-to-gpus-and-cpus-using-matlab-coder-and-gpu-coder-1567105707114.html
https://www.mathworks.com/videos/using-gpu-coder-to-prototype-and-deploy-on-nvidia-drive-jetson-1571293977178.html
https://www.mathworks.com/videos/real-time-object-detection-with-yolo-v2-using-gpu-coder-1553781156610.html
https://www.mathworks.com/videos/image-classification-on-arm-cpu-squeezenet-on-raspberry-pi-1555060615835.html
https://www.mathworks.com/videos/deep-learning-on-an-intel-processor-with-mkl-dnn-1521719205310.html

Defect Detection Workflow

DATA PREPARATION Al MODELING DEPLOYMENT

(O Data access and . oy
msiorl]egl g e . Embedded Devices

N\ preprocessing

. . Hardware-
Simulation-based s accelerated

: ot s== Enterprise Systems
data generation training P y

EY _ Model exchange Edge, cloud,
%3’ Ground truth labeling O desktop
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Key Takeaways

= Interactive and easy to use apps help explore, iterate and automate
workflows

= Flexibility and options to choose networks and optimizations based on
data and requirements

- MATLAB provides an easy and extensible framework for defect
detection from data access to deployment
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