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AGENDA

Defect Inspection and its challenges
NGC Docker images

Model set up - Unet

Data preparation - DAGV

Production - Speed up with TensorRT
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INDUSTRIAL DEFECT INSPECTION
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NGC DOCKER IMAGES



Benefits for Deep Learning Workflow
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Develop once, deploy Scale across teams of
Single software stack anywhere practitioners
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Defect inspection Workflow

from scratch to production within container

Training W Inference

NGC optimized docker image TENSORRT GRE
docker pull docker pull
nvcr.io/nvidia/tensorflow nvcr.io/nvidia/tensorrt:
:18.02-py3 18.02-py2
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MODEL SET UP



WAYS FOR DEFECT INSPECTION

Depends on domain adaptation

Image : : Image
Classification Object Detection Segmentation

Label: 0/1
(Defect / Non Defect)

Label: Bounding-Box Label: Polygons Mask



CNN STRUCTURE

LeNet

Convolution 2x2 Pooling
32 pixel ~ with trainable
& .' y  Filter

Layer #2 FC-ANN
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Automated feature generation Classification

Source: Design of Deep Convolutional Neural Network Architectures for Automated Feature Extraction in Industrial Inspection, D.

Weimer et al, 2016
10 <4INVIDIA.



convnets perform classification

< 1 millisecond

end-to-end learning

https://arxiv.org/abs/1605.06211

1000-dim vector
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https://arxiv.org/abs/1605.06211

lots of pixels, little time?

~1/10 second
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end-to-end learning

https://arxiv.org/abs/1605.06211
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https://arxiv.org/abs/1605.06211

U-Net structure
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KERASMPLEMENTATION

Convolution

inputs = Input((IMAGE _HEIGHT, IMAGE WIDTH, IMAGE_CHANNELS))
inputs _norm = Lambda(lambda x: x/127.5 - 1.)
convl = Conv2D(&8, (3, 3), activation="relu’, padding="same')(inputs) g '’
convl = Conv2D(8, (3, 3), activation="relu', padding="same’)(convl) L,
pooll = MaxPooling2D(pool_size=(2, 2))(convl) v

33
conv2 = Conv2D(16, (3, 3), activation="relu', padding="same’)({pooll) §J1 ?ﬂj
conv2 = Conv2D(16, (3, 3), activation="relu', padding="same’)(conv2) iii [jjj
pool2 = MaxPooling2D(pool size=(2, 2))(conv2) -t it
conv3 = Conv2D(32, (3, 3), activation="relu', padding="same’)(pool2) W .
conv3d = Conv2D(32, (3, 3), activation="relu', padding="same"){conv3) B
pool3 = MaxPooling2D(pool size=(2, 2))(conv3)
convd = Conv2D(64, (3, 3), activation="relu', padding="same’){pool3)
convd = Conv2D(64, (3, 3), activation="relu’', padding="same’)(conv4d)
poold = MaxPooling2D(pool size=(2, 2))(convd)
conv5 = Conv2D(128, (3, 3), activation="relu', padding="same')(poold)
conv5 = Conv2D(128, (3, 3), activation="relu', padding="same')(conv5)
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DECODING

deconvolution

upd = merge([UpSampling2D({size=(2, 2))(conv5), convd], mode="concat’,
convé = Conv2D(&4, (3, 3), activation="relu’, padding="same’ ){upb)
convé = Conv2D(64, (3, 3), activation="relu', padding="same’ )(conve)
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up7 = merge([Up5ampling2D(size=(2, 2))(convb), conv3], mode='concat’, i %
conv? = Conv2D(32, (3, 2), activation="relu’, padding="same’)}(up7?) J1 nﬂ}
conv? = Conv2D(32, (3, 3), activation="relu’, padding="same’ )({conv7) . o
up8 = merge([UpSampling2D(size=(2, 2))(conv?), conv2], mode="concat’, il — (il
conv8 = Conv2D({16, (3, 3), activation="relu', padding="same"’)({up8) o ;’_}_ “
convg = Conv2D(1l6, (3, 3), activation="relu’, padding="same’ )({convg) .

up9 = merge([UpSampling2D(size=(2, 2))(conv8), convl], mode="concat', concat_axis=3)
conv® = Conv2D(8, (3, 3), activation="relu', padding="same’)(up9)
conv® = Conv2D(8, (3, 3), activation="relu', padding="same’)(conv9)

convld = Conv2D 1, (1, 1), activation="sigmoid’ (convg)

model = Model{inputs=inputs, outputs=convl@) 15 SAnviDIA



Image segmentation on medical images

Data Science BOWL Data Science BOWL Data Science BOWL
2016 2017 2018

MRI image CT image Image

Left ventricle Nodule Nuclei

16 NVIDIA.



DATA PREPARATION



INDUSTRIAL OPTICAL INSPECTION

German Association for Pattern Recognition

http://resources.mpi -inf.mpg.de/conferences/dagm/2007/prizes.himl 18 <Znvibia



http://resources.mpi-inf.mpg.de/conferences/dagm/2007/prizes.html

INDUSTRIAL OPTICAL INSPECTION

German Association for Pattern Recognition
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