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Medical Images #
Natural Images

- Natural image analysis:

Huge volumes available

Humans have a natural
ability to understand them

Cheap annotation

Effectivity more important
than interpretabillity

Typical resolution 12MP, but
lower resolutions enough for
analysis.

- Medical image analysis:

Huge volumes available

Understanding require
complex training

Expensive annotation

Interpretability more
important than effectivity

Large resolution/size images
(104 MP, 4D, etc)



Challenges

e [nterpretability
* |[nvolving domain knowledge

» |arge sizes/resolutions

e EXxpensive annotations
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INnterpretability
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Basal cell carcinoma

e BCC is the most common skin
cancer.

* Diagnosis is performed by
visual inspection of a
histopathology slide from a
biopsy sample.

* Prognostic is excellent, as
long as the appropriate
treatment is used in early
diagnosis.
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Visual variabllity
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mage analysis framewor

Learned
features
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|_earning strategies
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TICA featr
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lTopographic representation
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lNnvariant features
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Unsupervised discrimination
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Classification

Input layer Feature maps Feature maps

Convolution layer Fooling layer Convolution layer Pooling layer Classifier
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Classification results

(BOF) Haar-40
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Digital staining
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Digital staining

Cancer Non-cancer
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Involving Domain
Knowledge
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Handcrafted/learned feature
fusion

Vledical Imaging

Cascaded Ensemble of Convolutional Neural Networks and
Handcrafted Features for Mitosis Detection

Haibo Wang **, Angel Cruz-Roa*?, Ajay Basavanhally', Hannah Gilmore!, Natalie Shih?, Mike
Feldman®, John Tomaszewski*, Fabio Gonzalez?, and Anant Madabhushi!

ICase Western Reserve University, USA
2Universidad Nacional de Colombia, Colombia
3University of Pennsylvania, USA
*University at Buffalo School of Medicine and Biomedical Sciences, USA
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Handcrafted/learned feature
fusion
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Handcrafted/learned feature
fusion

Probabilistic
fusion

Classifier 3 Feature learning
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Handcrafted/learned feature
fusion

US 20150213302,

a9 United States
a2) Patent Application Publication () Pub. No.: US 2015/0213302 A1l
Madabhushi et al. (43) Pub. Date: lul 30 2015

AUTOMATIC DETECTION OF MITOSIS (52) US.CL
USING HANDCRAFTED AND CPC ... GO6K 900134 (2013.01): GO6K 90014
CONVOLUTIONAL NEURAL NETWORK (2013.01): GO6K 9700147 (2013.01). Go6T
FEATURES 770012 (2013.01). GO6K 9/38 (2013.01). GO61
220730068 (201301

Applicant: Case Western Reserve University.,

Cleveland. OH (US)
[nventors: Anant Madabhushi. Beachwood, OH ABSTRACT

(US): Haibo Wang, Cleveland IHeights.,

( )f I (1 S): ..\tlgt'l( ruz-Roa, l*“:—"f"' Methods, apparatus, and other embodiments associated with
(CO): Fabio Gonzalez, Bogota (CO)

detecting mitosis in breast cancer pathology images by com-
\ppl. No.: 14/562,883 hi;nyng handcrafied (HC) and convolutional neural network
(CNN) features n a cascaded architecture are described. One

Filed: Dec. 8. 2014 example apparatus includes a set of logics that acquires an
image of a region of tissue, partitions the image into candidate

Related U.S. Application Data patches, generates a [irst probability that the patch is mitotic
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Handcrafted/learned feature
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15
UNICH

o '

Combining Unsupervised Feature Learning

and Riesz Wavelets for Histopathology Image
Representation: Application to Identifying
Anaplastic Medulloblastoma
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Handcrafted/learned feature
fusion

2.4 Square [2.2]Riesz Wavelet [2.3]Feature [2.3]1Softmax
Image Cases tissue Images Representation Fusion Classification

[2.1]TICA UFL
Representation
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Handcrafted/learned feature
fusion
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Efficient DL over whole slide
pathology Images

~2000x2000 pixels iy
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Efficient DL over whole slide
pathology Images
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Efficient DL over whole slide
pathology Images
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iclient DL over whole slide
pathology Images

sampling gradient

interpolation prediction
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Etficient DL over whole slide
pathology Images
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EXxpensive Annotations
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Active learning

learn a model . :
- machine Iearnlng
K \ model

labeled
training set

' unlabeled pool
U

select queries

oracle (e.g., human annotator)
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Query Selection Strategy
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Query Selection Strategy

* Uncertainty sampling

* Query by committee

* Expected model change
* Expected error reduction

boundary
 Variance reduction

O

Fabio A. Gonzalez Universidad Nacional de Colombia



Exudate detection In eye
fondus images with CNNs
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Exudate detection In eye
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Exudate detection In eye
fondus images with CNNs

Eye fundus image

Healthy Exudate
patch patch
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Feature Learning
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Classification

Output layer
Softmax
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connected connected?2
layer layer
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How to apply active
learning”?

* Which active learning strategy? It must be
efficient and compatible with CNN training.

e Patch level classification model.

* Image level annotation.
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EXpected gradient length
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EXpected gradient length
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EGL at patch level

Algorithm 1 EGL for Active Selection of patches in a Convolutional Neural Network

Require: Patches Dataset .Z, Initial Trained Model M, Number k of most informative patches
while not converged do
Create and shuffle batches from .Z
for each batch do
Compute @(x) using M, Vx € batch

Sort all the @ Values and return the higher k corresponding samples .Z;
Update M using .¥' U %,

I:
2
3
4:
5: end for
6.
7
8: end while
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Patch-level results
(EGL vs random selection)

Fabio A. Gonzalez Universidad Nacional de Colombia



EGL at image level

Algorithm 2 EGL for Active Selection of images in a Convolutional Neural Network

Require: Training Images Set .77, Patches Dataset ., Number u of initial images to look
Select an initial set .7, of images randomly

2: Train Initial Model M using the ground truth patches from the 1 images
while not converged do

4: for each image in .7\ .7, do
Patchify image and compute Gj;u00 = Z @ (patch), using M

patchcimage
end for

Sort all the 0j4ge values and return %y, the image with higher sum

ZL :%Ufmax
Ly ={patche £y, VI € I}

Update M with & selected patches using Algorithm 1 and the patches in .2},
end while

Fabio A. Gonzalez Universidad Nacional de Colombia



Image-level results
(EGL vs random selection)
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Prediction through time




Current model
orediction

Expected
gradient length
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