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Abstract

| will cover computer aided diagnosis research
which | have been involved with over the past
25 years, with a strong emphasis on work
related to breast and prostate cancer. | will
cover a range of more traditional image
processing techniques to more recent deep and
machine learning techniques, which have been
used for segmentation and classification/staging
purposes.
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Two Case Studies

e Breast ultrasound lesions
* Breast density & risk



Breast Ultrasound Lesions

* The challenge:




Breast Ultrasound Lesions

e Detection - a solution:

— To use a range of existing deep learning
approaches and develop some ourselves

— To use transfer learning
— To explore augmentation
— Use large datasets
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Breast Ultrasound Les

some (good) results:

e Detection
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Breast Ultrasound Les

some more (poor) results:

* Detection
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Breast Ultrasound Lesions

e Classification - a solution:

Forwa rd/ inference > Pixel-wise prediction Ground truth
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Breast Ultrasound Lesions

 Classification - some results:

0.63

* Sensitivity
— Benign: 87%
— Malignant: 61%

Dice score: 0.3426 0 0.3407 0.7318



Breast Ultrasound Lesions

 What’s next:
— Creation of a benchmark (more data is better)
— Understand what goes wrong and why

— More on benign/malignant classification
* Recently 81% on large dataset
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Two Case Studies

e Breast ultrasound lesions
* Breast density & risk



Breast Density & Risk

* The Challenge:




Breast Density & Risk

e A solution:

— 226 features: 10 morphological, 216 texture
— MIAS: 91%; DDSM: 86%



Breast Density & Risk

* Some more segmentation results:




Breast Density & Risk

 More fuzzy-rough refined aspects:

Mammographic

Image Data
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* Improved classification from 67% to 94%

Pre-
processing

Removing noise

Extracted global
features for all
ROIs

Segmentation

fegmenting each ROI
into blocks by sliding

Y

Extracted
local features
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Replacing global
features by local
features

dosing the
features with

Block with
maximum
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————

Extracted
features

mbedding the
enhanced block

Resulting Feature
Sets




Breast Density & Risk

* What’s next:
— Confidence/trust
— Large scale evaluation
— Understanding semantic segmentation



Two Case Studies

e Breast ultrasound lesions
* Breast density & risk
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Q&A

Forward/ inference > Pixel-wise prediction Ground truth
64
128
%6 o sy Class
_, 4096 4096 2
C3+ || caspa | cseps | _C6 7
C1+P1 | C2+P2 || 53

Backward/learning Class label: 2 Benign




