p ) MathWorks’

E= IR D 7= AOODE%&MEE:B SO
AIK%ﬁ%EBI

-Al YY) B < ERIERULIE 2023 -

Misa Taguchi

Senior Application Engineer
MathWorks Japan

© 2023 The MathWorks, Inc.



4\ MathWorks

ABEY LIS 505IE
mF*“%ﬁ%Lt ERDODAEEBDO LS A YT —> a3y

|_|1§% —

RIGHT BREAST



https://jp.mathworks.com/help/medical-imaging/ug/Breast-Tumor-Segmentation-from-Ultrasound-Using-Deep-Learning.html
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Normal Malignant

Al-Dhabyani, Walid, et al. "Dataset of breast ultrasound images." Data in brief 28 (2020): 104863.
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https://jp.mathworks.com/help/images/image-enhancement-and-restoration.html
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Deep Learning Toolbox
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The Vision Transformer (ViT) model is a pretrained transformer model for image classification. It is also used as a backbone for
other computer vision tasks such as object detection. The support package consists of three variants of the ViT model:

New Head Predictions

= Base-16 model
= Small-16 model
= Tiny-16 model

Here, “base”, “small” and “tiny” represent the model architecture and size, and 16 represents the patch size hyper-parameter.
1§IJ EE Each variant has been pretrained on ImageNet data set with input resolution of 384 and is stored as a .MAT file.
n Z
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https://jp.mathworks.com/help/vision/ug/transfer-learning-using-pretrained-vit-network.html
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Towards Total Recall in Industrial Anomaly Detection
(Karsten Roth, Latha Pemula, Joaquin Zepeda, Bernhard Schoélkopf, Thomas Brox, Peter Gehler, 2022)
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https://arxiv.org/abs/2106.08265
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FastFlow: Unsupervised Anomaly Detection and Localization via 2D Normalizing Flows

(Jiawei Yu, Ye Zheng, Xiang Wang, Wei Li, Yushuang Wu, Rui Zhao, Liwei Wu, 2021) 6



https://arxiv.org/pdf/2111.07677.pdf
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options = trainingOptions('adam', ...
‘InitiallearnRate’,0.005, ...
‘LearnRateSchedule’, "piecewise’, .
‘LearnRateDropPeriod’,125, ...
‘LearnRateDropFactor',0.2,
'Plots’, 'training-progress');
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https://jp.mathworks.com/matlabcentral/fileexchange/66448-medical-image-segmentation-using-segnet
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- RM4ES (Benign) : 487#
- EM4RES (Malignant) : 21018

Al-Dhabyani, Walid, et al. "Dataset of breast ultrasound images." Data in brief 28 (2020): 104863.
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options = trainingOptions ("adam",

ExecutionEnvironment="gpu",
InitiallearnRate=1le-3,
ValidationData=tdsVal,
MaxEpochs=300,
MiniBatchSize=160,
VerboseFrequency=20,
Plots="training-progress") ;
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[trainedNet, 1nfo] = trainNetwork (tdsTrain, lgraph,options);
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