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4\ MathWorks

What is Automated Visual 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 Optical Inspection
Automated Inspection
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User Stories

" All Wafers have TWINSCAN
Metrology (alignment, leveling)

|

|

: Wafers withoul

" Wafers measured || Overlay Metralogy
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Y R 00000O
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Alignment
Metrology

X

4 -

Overlay Metrology

Metrology Technology for Semiconductor Manufacturing

ASML

Defects Classified

.

b, N

)
)
\\M Post Analysis & Viewer

L J

R2R FiIquction

Film Production Inspection
Dexerials


https://www.matlabexpo.com/jp/2018/abstracts.html#sessionc3
https://www.mathworks.com/company/user_stories/asml-develops-virtual-metrology-technology-for-semiconductor-manufacturing-with-machine-learning.html?s_tid=srchtitle_ASML_1

4\ MathWorks

Visual Inspection Use Cases
Consumer Electronics and Wafer Inspection

Si Substrate

T‘I-F'P'[||||||
10.0um

Metrology

Image Credits: Review of Bumpless Build Cube (BBCube) Using Image Credits: Integrated wafer-scale manufacturing of
Wafer-on-Wafer (WOW) and Chip-on-Wafer (COW) for Tera- electron cryomicroscopy specimen supports
Scale Three-Dimensional Integration (3DI)

oooooacoo
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Anomaly Detection

Image Credits: Thermal cycling effect on the crack formation of solder joint in ball grid array package



https://doi.org/10.9729/AM.2015.45.4.189
https://doi.org/10.1016/j.ultramic.2021.113396
https://doi.org/10.9729/AM.2015.45.4.189
https://doi.org/10.1088/1742-6596/2169/1/012006
https://doi.org/10.3390/electronics11020236

&\ MathWorks
Typical Visual Inspection System

Inspection Cameras

Image Analysis

Defective Parts
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Can you find the defective solder joint?
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Defect Classification

'Good

Defective
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Anomaly Detection
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https://arxiv.org/abs/1901.08204
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Counting, Presence and Localization of Objects
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Defect Detection Workflow

Data Preparation Al Modeling

||||||||| Data cleansing and % Model design and
preparation tuning

Hardware

o ole
Q Human insight =5c2 accelerated training

Simulation- -
generated data Interoperability

10

Simulation & Test

Integration with
complex systems

'|>|3_., System simulation

— X System verification
— v and validation

4\ MathWorks

Deployment

. Embedded devices

% Enterprise systems

¢ Edge, cloud,
desktop

10
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Defect Detection Workflow

Data Preparation

||||||||| Data cleansing and
preparation

Q Human insight

—|>Ij__| Simulation-
generated data

&\ MathWorks

11



Data Access and Preprocessing — Common Challenges

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?

&\ MathWorks’

12



Data Access and Preprocessing — Common Challenges

How do | preprocess data
and get the right features?

4\ MathWorks

13
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Pre-processing Data — Color Thresholder App

4\ Color Thresholder - HSV

= X
THRESHOLD
& lﬂ B_I @ Background Color: . m @ Background: v
Load Image = New Color Space = Invert Mask Reset 5 Show Binary = Live Update Hide Point Cloud = Export
i Thresholds Background Opacity: ———@ e — %
LOAD IMAGE COLOR SPACES MODIFY MASK VIEW MASK LIVE UPDATE POINT CLOUD EXPORT s

i msv x|
E3

Interactively
adjust
thresholds

20 OO0
Q $ 900
OQ $O0
O % @O0
O & ®OO8

Create mask by selecting polygon tool on point cloud and/or by adjusting the sliders...

14



Pre-processing Data — Region Analyzer App

<4\ Image Region Analyzer — X

EXPLORE

@ = V74
| [] Exclude Border E = A4

Load Image | ] Fill Holes Filter Choose Export
v Properties v S
LOAD IMAGE ADD/REMOVE PROPERTIES | EXPORT /
Analyze Regions Region Properties
Area + |Eccentricity EquivDiameter EulerNumh
1798 0.3234 122.5630 =
11371 0.3580 120.3246
11121 0.3373 118.9945
11083 0.3431 118.7911
10900 0.2958 117.8062
. . 10518 0.3223 115.7235
blisLialize v G B
& 10361 0.3270 114.8566
reg IoONs by 10233 03655 114.1449
10229 0.2794 114.1226
pro pe rty 10150 0.2952 113.6811
10142 0.2916 113.6362
10034 0.2963 113.0296
9972 0.3448 112.6798
9861 0.3371 112.0509
9778 0.2262 111.5784
9774 0.3036 111.5556
717 0.2984 111.2298
9714 0.2451 111.2126
9711 0.2480 111.1955
9601 0.3608 110.5639
9578 0.2517 110.4314
9567 0.3175 110.3679
9531 0.3487 110.1601
9461 0.3335 109.7548
9431 0.2898 109.5807
9390 0.3146 109.3422
9327 0.3527 108.9748 Al
] »
»l

&\ MathWorks
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Pre-processing Data — Registration Estimator App

4\ Registration Estimator - 01_missing_hole_01.,jpg (Moving Image) & 01_missing_hole_01.jpg (Fixed Image)

w]

REGISTRATION
L%J @ I@ [@] I@ D Overlay Style
Load SURF FAST BRISK Harris Register | (Green-Magenta |
Images ¥ Images d
LOAD TECHNIQUE RUN COMPARISON EXPORT 7 3
Registrations Parameters ]
D Technique Quality Time Features Matched Fea + Feature Parameters
1 Phase Correlation |DRAFT [Projective ']T.u.
2 MSER [\__| DRAFT 1965 110 Number of Detected Features
3 SURF DRAFT 2870 469 —_—lYl
Quality of Matched Features
1
]Z| Has Rotation
» Post-processing
. l\\\\
Try different ,\ \\
feature extraction \ N \\ %\
A\ \\
ae ¢ \‘:\\\\w\ D) \\\ ,3«\,\\\ %§§\i \
. N S \ \\
2 S — N A\ \
techniques \ T TR vi‘\
\ N N /\\\)/‘_;\J\‘\:\ .“‘\\\\\\\u 8 1
B 1 o ‘h
R ) up r“\ \
|\
g TIY R E\ \
H l V; Bl ...1
s3I0 r B H”
] »
14 4]

4\ MathWorks
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Apps Accelerate Workflow

4 MATLAB R2021a IMAGE PROCESSING AND COMPUTER VISION
— ® O 68 @
O 68 68
Camera Color DICOM Hyperspectral
Design Get More Install Package Calibrator Thresholder Browser Viewer
App  Apps  App  App
®* @ &
L AL ]
Image Image Batch  Image Browser Image Labeler
Acquisition Processor
d @&
=] b
Image Region Image Image Yiewer Lidar Camera
Analyzer Segmenter Calibrator

® 3 | b

Lidar Labeler Map Viewer OCR Trainer Registration

Estimator
395 35 ®) o |
= NTROLS

Stereo Camera Video Labeler Video Viewer Volume & Export Images
Calibrator Segmenter _ .
4= Generate Function
Yolume
Viewer

17



Other Filtering and Enhancement Functions

Help Center

« Documentation Home
« Functions

« Image Processing Toolbox

Category

Image Filtering and
Enhancement

Image Filtering

Contrast Adjustment
ROI-Based Processing
Morphological Operations
Deblurring

Meighborhood and Block
Processing

Image Arithmetic

Image Segmentation and
Analysis

Deep Learning for Image
Processing

3-D Volumetric Image
Processing

Extended Capability

[ c/C++ Code Generation
[0 GPU Code Generation

O Automatic Para el Support
O GPu Arrays

146

40
18
37
N

-

54
28

26

Documentation  Examples

ordfilt2
stdfilt
rangefilt
entropyfilt
imboxfilt
imboxfilt3
fibermetric
maxhessiannorm

padarray

Edge-Preserving Filtering

imbilatfilt
imdiffuseest
imdiffusefilt
imguidedfilter
imnlmfilt

burstinterpolant

Texture Filtering
gabor

imgaborfilt

Filtering By Property Characteristics

bwareafilt

bwpropfilt

Integral Image Domain Filtering

integrallmage
integrallmage3
integralBoxFilter

integralBoxFilter3

Functions  Apps  Videos  Answers

["2-D order-statistic filtering
Local standard deviation of image
Local range of image
Local entropy of grayscale image
2-D box filtering of images
3-D box filtering of 3-D images
Enhance elongated or tubular structures in image using Frangi vesselness filter
Maximum of Frobenius norm of Hessian of matrix

Pad array

Bilateral filtering of images with Gaussian kernels
Estimate parameters for anisotropic diffusion filtering
Anisotropic diffusion filtering of images

Guided filtering of images

Mon-local means filtering of image

Create high-resolution image from set of low-resolution burst mode images

Create Gabor filter or Gabor filter bank

Apply Gabor filter ar filter bank to 2-D image

Extract objects from binary image by size

Extract objects from binary image using properties

Calculate 2-D integral image
Calculate 3-D integral image

2-D box filtering of integral images
3-D box filtering of 3-D integral images

4\ MathWorks

imgaborfilt(A,wavelength,orientatio

n)

Image Filtering and Enhancement Functions

18


https://www.mathworks.com/help/images/referencelist.html?type=function&listtype=cat&category=image-enhancement-and-restoration&blocktype=all&capability=&s_tid=CRUX_lftnav

Data Access and Preprocessing — Common Challenges

How do | label my data
faster?

4\ MathWorks

19
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How do | label my data?

4\ Image Labeler - imageLabelingSession — X

LABEL

. New Session -, ShowROILabels ROl Color bervgon Label Opacity  Algorithm: D,:Y:_‘ w E
__ Open Session - Select Algorithm ¥ . .
) Import Bylabel v pixel Automate View View Label = Layout Export
i1 Save Sessiony ¥ Shortcuts ~ Summary 52 N4
FILE VIEW LABEL OPACITY AUTOMATE LABELING RESOURCES = SUMMARY | LAYOUT | EXPORT ax

| ROILabels I Scene Labels 1 _J Example
H E =
[ Label  Sublabel

@) PTH O |

20
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How do | label my data?

imageLabeler | | groundTruthLabeler | signalLabeler

lidarLabeler

LageL nm

oo v  Agonthm: = p
27 | ot Ao = -

a @&
Select Algorthm ¥
New Open Swe ShOWROlLabes L Sclectilge Adomste Viewlsbd  Expon
gon v v [OnHoe v @C Labels ¥
e v 4

| ROlLabels | SceneLabels

Labe! Aftrbute

v Vehicle

» Cor ]
) Truck 18
) Blke 5]
v Others

» Pole 18
» SignBoard 18
» Vegetation 1a

0:0000000 | 04:270000  07:226003 072300860

) ) 3 [

St Time Curvent EndTine s T

21



Data Access and Preprocessing — Common Challenges

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

4\ MathWorks

22
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Data Augmentation by Transformation

\
Augmented
- > Dataset
e 11 \Warping At
N 844 - N times as
e e 1=\
®eooe :
44 Contrast Jitter on Grayscale much data
@
Original
Dataset
4

Data augmentation allows building more complex and more robust models

23
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Data Augmentation using Generative Adversarial Networks (GANS)

Images of digits generated from noise.

File Exchange: Conditional GAN (Generative Adversarial Network) with MNIST

24


https://www.mathworks.com/matlabcentral/fileexchange/74921-conditional-gan-generative-adversarial-network-with-mnist?s_tid=srchtitle_GAN_6

Defect Detection Workflow

Al Modeling

% Model design and
tuning

=22 Hardware
[_sH ] . .
5w accelerated training

* Interoperability

25

Simulation & Test

Integration with
complex systems

'|>|3_., System simulation

— X System verification
—+V/ and validation

&\ MathWorks

25
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ypes of Defect Detection

Edge-Loc

Anomaly Score Heatmap

Original Image

Near-full

F.
L

Anomaly Detection

Defect Classification

(a) PCB with mouse bite.

Counting, Presence and

Localization of Objects

26



Defect Classification

4\ MathWorks

Defect Classification

Original Image = Anomaly Score Heatmap

Anomaly Detection

Example: Classify Defects on Wafer Maps Using Deep Learning

(a) PCB with mouse bite.

Counting, Presence and

Localization of Objects

27



https://www.mathworks.com/help/images/classify-anomalies-on-wafer-defect-maps-using-deep-learning.html

| 4\ MathWorks

WM-811K Wafer Defect Map Data

Edge-Loc

summary(waferData.FailureType)

PR
3 5

Center 4294
Donut 555
ﬁ“‘fi','.‘ Edge-Loc 5189
| -~ s Edge-Ring 9680
L:_ _.i Loc 3593
Near-full 149
Random 866
Scratch 1193
none 147431

http://mirlab.org/dataset/public/ 28



http://mirlab.org/dataset/public/

4\ MathWorks

@ Live Editor - C:\Content - nonsync\Examples\R2022a\images_deeplearning\ClassifyWaferMapDefectsUsingDeepLearningExample\ClassifyWaferMapDefectsUsingDeepLearningExample.mix

LIVE EDITOR

= X
EG] ™ E @Compare w L= M= @ 4 Normal ¥ . & Refactorv . @Sectlon Break D @> J
3 'A of 9% %
New Open Save ap""t Y | GoTo QAFind ¥ et B I UM Code Control Task 0 & %4 Run (B RunandAdvance o o Step Stop
5.4 S N Expor‘(v o iBookmarkv = % = = = N Sz E] IE] B Section P33 Run to End
FILE NAVIGATE TEXT CODE SECTION RUN a
_J ClassifyWaferMapDefectsUsingDeepLearningExample.mix 1 + 1
19 l waferData.FailureType = categorical(waferData.FailureType,defectClasses); J z

‘ displaySampleWaferMaps(waferData)

Display a sample image from each input image class using the displaySampleWaferMaps helper function. This function is attached to the example as a supporting file
a

Center Edge-Loc

Explore

dataset

v

Zoom: 125% UTF-8 IT; [ script

Ln 20 Col 34

29
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Edges

Convolutional Neural Networks (CNN)

Obijects

Shapes
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Input Image
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<4\ Deep Network Designer — X

DESIGNER

= | E @& Zoom In g

B v

New Duplicate = Fit & Zoom Out Auto Analyze | Export
i S to View Arrange v v
NETWORK BUILD NAVIGATE LAYOUT | ANALYSIS | EXPORT a
Layer Library | Designer || Data || Training ¥ Properties
[F//ter' layers | Input type Image
w IHEUL = . Output type Classification
s = copv_1
E imagelnputLayer colntohition2dL.... . . Number of layers 20
— VI S u a I I Ze Number of connections 19
ol image3dinputLayer
e, | network
atchNormaliza...
architecture
. A
E roilnputLayer E relu_1 ’
reluLayer
+ CONVOLUTION AND FULLY CONNECTED )
AA)| convolution1dLayer ¥ -
maxpool_1
ﬂ convolution2dLayer Jll maxPooling2dl....
@ convolution3dLayer il
. conv_2 '
il groupedConvolution2dLayer i convolution2dL ...
m transposedConv1idLayer T
transposedConv2dLayer [ E:‘{f,?,ﬂ‘;’;"a—,ﬁam 1
@ transposedConv3dLayer
A 4
( ¥ Overview
' fullyConnectedLayer \ relu_2 J
| reluLayer
v SEQUENCE
n IstmLayer
maxpool_2 =
) | ] maxPooling2dL ... =
n bilstmLayer |- E
_ = 3 =
14 e ]

31



Approach to find the defective units

Pretrained network

_‘ MathWorks:

32



Training the network with GPU

E Training Progress (28-Mar-2022 19:56:46)

Training Progress (28-Mar-2022 19:56:46)

90—

70—

60

50

Accuracy (%)

40 F-

30

60x speed

Epachi 1) \ | | | \ \ |

0 200 400 600 800 1000 1200 1400 1600
lteration

35—

Loss

lteration

&\ MathWorks

= X
Training iteration 1734 of 126780...
I @

Training Time

Start time: 28-Mar-2022 19:56:46
Elapsed time: 5 min 35 sec
Training Cycle

Epoch 1 of 30
lterations per epoch 4226
Maximum iterations: 126780
Validation

Frequency: 20 iterations
Other Information

Hardware resource: Single GPU
Learning rate schedule: Constant
Learning rate: 0.001

ﬂ Learn more

@ Export Training Plot

Accuracy
Training (smoothed)
= Training
— -@— - Validation
Loss

Training (smoothed)
———— Training

— -@— - Validation

33



Evaluating Network Performance

Center
Donut
Edge-Loc
Edge-Ring

Loc

True Class

MNear-full

Random

Scratch

none

QE-

Test Data Confusion Matrix

2.7%

0.7% | 12.9%

2.2%

2.2%

0.1% | 0.5% | 0.8% 1.2% 5.3%

1.2% 11.4% 3.0% 0.6%

1.2% 1.6% | 0.1% | 5.1%

0.2% 0.1% 1.0%
1.7% | 1.0% | 14.0%

0.4%

0.8% | 1.2% | 1.2%

1.9%

0.6%

0.3% | 4.2% | 2.0%

5.6%

17.8%

0.2%

1.5% | 1.4%

0.2%

NG

000\}5‘“ VU ae®

gﬁ@g %ﬁg@

G W\
W

Predicted Class

e
{\G

4\ MathWorks

34



Anomaly Detection

4\ MathWorks

Original Image = Anomaly Score Heatmap

Defect Classification Anomaly Detection

(a) PCB with mouse bite.

Counting, Presence and

Localization of Objects

Example: Detect Image Anomalies Using Explainable One-Class Classification Neural Network

35



https://www.mathworks.com/help/images/detect-anomalies-using-single-class-classification.html

&\ MathWorks

Anomaly detection for an imbalanced dataset

« Use only good images at training.
« Automatically sets optimal anomaly threshold
« Predict images as good/bad at inference time

Supported Anomaly Detection Method
FCDD
 FastFlow
« PatchCore
« PaDIM
« 1-class SVM

Computer Vision Toolbox Automated Visual Inspection Library 36



https://www.mathworks.com/matlabcentral/fileexchange/116555-computer-vision-toolbox-automated-visual-inspection-library#:~:text=The%20Computer%20Vision%20Toolbox%E2%84%A2%20Automated%20Visual%20Inspection%20Library,and%20training%20deep%20learning%20networks%20to%20detect%20anomalies.

Anomaly Detection Using Fully Convolutional Data Description (FCDD)

“VGG Backbone”

Augmentation

* Quick-to-train, and requires very few anomalous samples
« Auto-generates a heatmap

4\ MathWorks

37



| 4\ MathWorks

Approach to find the defective units

High score

\ Low score
1

Feature ‘ One-class ‘ i
vector SVM Il

-2k

=25

-3

38
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wm811k: Wafer Anomaly Detection Using Fully Convolutional Data
Description (FCDD)

True Class

Bad

Good

Accuracy: 0.979359

4753

352

362

Bad

Goad

FPredicted Class

39
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Challenges with Deep Learning Models

CONVOLUTIONAL NEURAL NETWORK (CNN)

~

LEARNED FEATURES 9350;"
- N ...

2%

Bicycle

Anomaly map helps to understand « Class Activation Mapping (CAM)
why Al says it’s a defect  Grad-CAM

40


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
https://www.mathworks.com/help/vision/ref/fcddanomalydetector.anomalymap.html

4\ MathWorks

Anomaly Map to Investigate Network Predictions

mouse, 0.46095
remote control, 0.24144
computer keyboard, 0.12748

Heatmap Overlays of False Negative Results

! -
| ‘D\ _
-

Classified as “keyboard” due to Cracks are highlighted in
the presence of the mouse Anomaly detection

Computer Vision Toolbox Automated Visual Inspection Library "



https://www.mathworks.com/matlabcentral/fileexchange/116555-computer-vision-toolbox-automated-visual-inspection-library#:~:text=The%20Computer%20Vision%20Toolbox%E2%84%A2%20Automated%20Visual%20Inspection%20Library,and%20training%20deep%20learning%20networks%20to%20detect%20anomalies.

Counting, Presence and Localization of Objects

4\ MathWorks

Original Image = Anomaly Score Heatmap

Defect Classification Anomaly Detection

(a) PCB with mouse bite.

Counting, Presence and

Localization of Objects

42




Object Detectors

4\ MathWorks

Build, test, and deploy a deep learning solution that can detect objects in images and video

P =
SSD Decode
esduaen  Network Predictions
= Feature Map
Predictions

Faster R-CNN

Instance Segmentation

Fealures ﬁ
ROI Align Classification
— . — Layers

T

Classification

Region proposal network (RPN)

Layers

Feature Extractor Object Classification

e

YOLO v3 .
' YOLO
= s Netwﬂfq . Pre(ichons

YOLO v2

4

YOLO
= NE“”O”{ Predlchons 1

Feature Map
Predictions

Feature Map
Predictions

43
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Counting, Presence and Localization of Objects

- . . .

i . . .

e - . .
: : Spur

(a) PCB with mouse bite.

Spurious

copper

Fig. 11. An example of the training data for neural network. All the
resolutions of the images are resized to 64 x 64.

https://arxiv.org/abs/1901.08204 44



https://arxiv.org/abs/1901.08204

4\ MathWorks

Which architecture to choose for Visual Inspection?

Convolutional Neural Networks

Deep Autoencoder

‘ Encoder Decoder
[] 2 2 =
ol & . 2 - 5 %g —> Flower @ ENCODING
3 S8 e[z Eg 2l = 3 2 22 2| e EE —Cup . O \ 256 features O
5 HEE 23| 8 25 — G ® O d
_ o E °l g ° g % 258 —Tree O O O
Input Image ® “:,C’| Q g O g @ g O @
=
®: Ol: 0O $10]8|0]2
S8 |8 sl || :|&
- E . g : : ' 3] . g
®: | 0O|:0 ¢1O|8 0] 3
. . @ O @ @) 2 O 2 5
YOLO - Object Detector e 128 3°19/°
Backbone ® O . 1 N O
. [ Hidden layer (2}
512 neurons
. Hidden layer (1)
I 1024 neurons
Inputimage

]
( . \
Input N R
Image
Detection
N Head

Semantic Segmentation

Fully Convolutional Data Description
(FCDD) — Anomaly Detector

Generative Adversarial Network
(GAN) {‘TrainingSet" v?

Generator

45
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Defect Detection Workflow

&\ MathWorks

Deployment

. Embedded devices

% Enterprise systems

¢ Edge, cloud,
desktop

46
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Deploy to Enterprise Infrastructure or Embedded Systems

Al models in MATLAB and Simulink can be deployed on enterprise systems or the cloud,
or on embedded devices.

CLOUDZ=RA

€databricks

4 )

4

Algorithms
and
Models

hadam,m

Any CPU/MCU

S

NVIDIA.

y L
Ay ;{'DOMINO
-/

_ NpNg
sfamazon
U7 webservices™

A Azure

-" docker

§g kafka

Q BE Windows
*ﬂadbus TCP/IP

SCADA @SmarE

Automatic Software
Code » Component
Generation Generation

47



External Language Interfaces

Calling Libraries in Other Languages

C++ Libraries in MATLAB
Directly call C++ library functionality from MATLAB

C Libraries in MATLAE
Directly call C library functions from MATLAB

MEX File Functions
Call C/C++ or Fortran MEX file functions from MATLABE

Java Libraries in MATLAB
Access Java libraries from MATLAB

Calling Python from MATLAB
Directly call Python functionality from MATLAB

.NET Libraries in MATLAE
Access MET libraries from MATLAB

COM Objects in MATLAB
Access COM components from MATLAB

Calling Web Services
HTTP Interface

Communicate with Web service from MATLAB using HTTP (Hypertext Transfer Protocol)

WSDL (Web Services Description Language)

Communicate with Web service from MATLAE using WSDL (Web Services Description Language)

Calling MATLAB from Other Languages

OJOXO0

4\ MathWorks
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[4\] Quality Control Interface

Quality Control Interface

Load Image Batch

Select File to Import | Batch2382,B... v

Analysis Results Parameters

Pre-Processing

Flag Defect Detections

| Export Results Summary to Excel File |

- O
Image Results
Overlay Flagged Defects:
ves (_J No
iotiny]Options Intensity Threshold
RGB e e () [ A B A |
Grayscale 12 3 456 7 8 910101

Deploy to
Jetson AGX
Xavier

Deploy to ARM
Cortex-A
microprocessor

&\ MathWorks

Deploy as
Desktop or
Web App

Deploy to
ZCU102 board
from Xilinx

ik dsbs-64.dhep mathwrs coen

tal,’ 243843
1. 4194300 ¢

Nuts Defect Datection D¥mo

=% tsE@BPLLHAY

4\ MATLAB R20206 - prevelesse use

HowE " i eorTOR
= FndFies 4 4 [r— i 7| fuSection
s B et ",V( | % e = ;‘a (P2
tow Open Sove L1 Compure SGoTa v | 10y Cote = S>3 | Seion BmmiMdancs | g 5o
c e T B QFed~ Ertaciore = Gl B humto e -
3 b » Downlosds » d hdlLugg,demo » Defect Detect demo » -
7 ) o hdl Co s
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Defect Detection Workflow

Data Preparation Al Modeling

||||||||| Data cleansing and % Model design and
preparation tuning

Hardware

o ole
Q Human insight =5c2 accelerated training

Simulation- -
generated data Interoperability

50

Simulation & Test

Integration with
complex systems

'|>|3_., System simulation

— X System verification
— v and validation

4\ MathWorks

Deployment

. Embedded devices

% Enterprise systems

¢ Edge, cloud,
desktop

50



&\ MathWorks:

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 visual
Inspection from data access to deployment
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Image Processing Toolbox

Perform image processing, visualization, and

Pedestrian Vehicle —

100 ¢
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Visual Inspection Support package

Computer Vision Toolbox Automated Visual Inspection Library

Heatmap Overlays of False Negative Results

. s v W Fp TR
Veu S . . -~

oy Y ¢ 2
2 ! 3 - o N L0ty
A - uid ny e

. - - N
| . . } 1 o

| 1 Y 2

.
2 —
“

Anomaly detector
Parameter optimization
Visualization and evaluation tools

Dedicated examples
» Detect Image Anomalies Using Pretrained ResNet-18
Feature Embeddings
» Classify Defects on Wafer Maps Using Deep Learning
* Detect Image Anomalies Using Explainable One-Class
Classification Neural Network

= naly Score Hea
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https://www.mathworks.com/matlabcentral/fileexchange/116555-computer-vision-toolbox-automated-visual-inspection-library#:~:text=The%20Computer%20Vision%20Toolbox%E2%84%A2%20Automated%20Visual%20Inspection%20Library,and%20training%20deep%20learning%20networks%20to%20detect%20anomalies.
https://www.mathworks.com/help/vision/ug/detect-image-anomalies-using-pretrained-resnet-18-feature-embeddings.html
https://www.mathworks.com/help/vision/ug/classify-defects-on-wafer-maps-using-deep-learning.html
https://www.mathworks.com/help/vision/ug/detect-image-anomalies-using-explainable-one-class-classification-neural-network.html

Questions?
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