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processes that are difficult to automate
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Contact with

artificial intelligence?
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Brickit App

Brickit LLC

@
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. 8. 8.8 8 Jahre Unterhaltung Bric

Neue Funktionen Versionsverlauf
Version 2.6.3 Vor 2 Tg.

« Now, you can flip through the bricks map like the
pages of the instructions. Sometimes it can be
helpful to find all the necessary bricks in ad. Mehr
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Why is it still
checked manually?

Computer-Vision limitations:

Autémotive kaminate |
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Computer-Vision limitations
Automotive industry




Computer-Vision 2lunic
Threshold calculation
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Threshold calculation
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Computer-Vision limitations
Laminate industry



Computer-Vision 2lunic

practical limitations
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Computer vision systems
work rule-based



Computer-Vision

Algorithmik Example process

Domain specific
Original image pre-processing Edge detection decisions
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How does deep learning work?

Input Hidden Hidden Hidden Output
layer layer 1 layer 2 layer 3 layer
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Deep Learning 2lunic
training based on images of defects




Training with
Images

Training with
Images

Model Training

for solar cell inspection

neural network

Hidden Hidden Hidden Output
layer 1 layer 2 layer 3 layer
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Model Training

for solar cell inspection

neural network

Hidden Hidden Hidden Output
layer 1 layer 2 layer 3 layer

Training with
Images
Precision
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Augmentation of training images 2lunic

Original horiz. flipped v+h flipped Perspective distorted

Brightness + contrast Blur Cropping




Augmentation with annotations 2lunic

Original horiz. flipped v+h flipped Perspective distorted

Brightness + contrast Blur Cropping
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Example calculation for augmentation

Original Flipping Rotation Perspective Brightness Blur Cropping
1T x 2 x 4 x 5 x 98 x 3 x 3

= 1800 defect variants out of one annotated image



Use less data with pre-trained models 2lunic

domain
specific
models

random

initialization

Tl

TTL

330.000 defect images 7.500 defect images 1.000 defect images

httos://cocodataset.ore
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Synthetic image data using the example of HoloLens

Visible light Depth camera (IR) Synthetic labels

Quelle https://www.microsoft.com/en-us/research/uploads/prod/2019/09/2019-10-01-Synthetic-Data-with-Digital-Humans.pdf
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Challenges of automatic inspection
Game Changer Deep Learning?




G Practical example elunic
for optical quality inspection processes with K. I.

Casting production Pharma Automotive




2lunic

Check your components with

Al now!
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Many thanks for
your attention!
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