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biomedical image segmentation
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biomedical image classification
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Stanford ML Group

CheXNet:'Radidlogist-LeveI‘\_Pneumonia Al applications in ophthalmology
Detection on Chest X-Rays with Deep achieve human| expert-level |
Learning performance

Pranav Rajpurkar*, Jeremy Irvin*, Kaylie Zhu, Brandon Yang, Hershel
Mehta, Tony Duan, Daisy Ding, Aarti Bagul, Curtis Langlotz, Katie - fwvww.healio. . sureerv-news/%7B373d8cf8-{72b-
ShpGnSkGyG, Matthew P. Lungren, Andrew Y. Ng 43fe-b362-29ba35c416ba%7D/ai-applications-in-ophthalmology-achieve-human-expert-level-performance
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[Pathologist-level interpretable whole- CI?SSiﬁcation of skin cancer
slide cancer diagnosis with deep learning with deep neural networks

Andre Esteva , Brett Kuprel , Roberto A. Novoa , Justin Ko, Susan

Zizhao Zhang, Pingjun Chen, Mason McGough, Fuyong Xing, Chunbao Wang, Marilyn Bui, Yuanpu M. Swetter, Helen M. Blau & Sebastian Thrun

Xie, Manish Sapkota, Lei Cui, Jasreman Dhillon, Nazeel Ahmad, Farah K. Khalil, Shohreh I. Dickinson,
Xiaoshuang Shi, Fujun Liu, Hai Su, Jinzheng Cai & Lin Yang Nature 542, 115-118 (02 February 2017) = Download Citation %
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Deep learning for medical image interpretation
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Synthesize 3D images
of vasculature by
optimizing branch
locations, lengths,
and radii to maximize
supply of nutrients
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Data augmentation

Simulation via Physically- and
Statistically-based Warps

Deformit

Hamarneh, Jassi, Tang, Booth
MICCAI 2008
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http://www.cs.sfu.ca/~hamarneh/ecopy/miccai2008b.pdf

Data augmentation
GAN-based Mask Lesion translation
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Abhishek, Hamarneh. MICCAI SASHIMI 2019
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Targeted annotation

jurticscg

Top, Hamarneh, Abugharbieh,
MICCAI MCV 2010, MICCAI 2011

Active Learning based Spotlight
highlights slice with maximal
uncertainty for user to label
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Annotation via Crowdsourcing & Serious Gaming

3D image bounding box

SwifTree

Huan , Hamarneh

gradient glyphs
MICCAI LABELS 2017
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https://www.cs.sfu.ca/~hamarneh/ecopy/miccai_labels2017b.pdf
https://www.youtube.com/watch?v=AReIFQc47H4

Weak Anhnotations dat &4 original modified

100 clean pretrain on noisy
1500 noisy fine-tune on clean

Miriharaji, Yan, Hamarneh, MICCAI MIL3ID 2019 Dice %

78.6

100 images with clean labels
VS
1000 images with noisy labels?

76.1

15.

Adaptively handle noisy annotations

via modified deep model optimization

1. learn weight map W to control 73
pixel contribution to loss

2. TW & 1 agreement with clean data

agreement in loss gradient f
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Learn to localize without segmentation labels

Using a variational autoencoder (VAE) with bottleneck
masked latent representation that:
1) minimizes information about the input

i.e. spatially-selective to disregard irrelevant input data
2) maximizes information about the target label

InfoMask

, , . . Asgari, Havaei, Berthier, Dutil, Di Jorio,
Goal: learn to localize disease from training data with image-level labels only Hamarneh, Bengio. MICCAI2019
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Weak Annotations

Afshari, Bentaieb, Hamarneh SPIE M| 2019

New Loss = Modified Dice Loss + Classical Mumford Shah Energy
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https://www.cs.sfu.ca/~hamarneh/ecopy/miccai2016a.pdf

Sta r—S h d p e LOSS Mirikharaji, Hamarneh. MICCAI 2018

Star shape star shape violations

Loss penalizes segmentations violating star shape prior
reduce holes/islands



https://www.cs.sfu.ca/~hamarneh/ecopy/miccai2018a.pdf

Joint Segmentation-Classification Loss

Classification depends on

segmentation-based features

Method and parameters of
segmentation depend on class object

Classification Network
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Joint Reconstruction-Classification Loss

Enhance auto-encoders to minimize classification error using Asgari, Kawahara, Miles, Hamarneh. CMIG 2017
bottleneck features, not only minimize reconstruction error
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LOSS o TaCkle |nput/0utput |mba|ance Asgari, Zheng, Zhou, Georgescu, Sharma,

Xu, Comaniciu, Hamarneh. CMIG 2019
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Computational layers
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Activation Functions
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Sequence processing (RNN, LSTIVIésGRU)

Activation functions



RBF layers to counteract adversarial attacks | Asri abhishek, Aziz

Hamarneh. CVPR 2019

Original image Adversarial noise Adversarial example

R——— ,-
e R r
x A a
. \t (0 v} o

: v e

sl | !
G S R A X
Benign
Malignant make DNNs produce specific output Malignant

Finlayson, Bowers, Ito, Zittrain, Beam, Kohane. Science 2019

e B E-0¥(E-0) 1+ p

T 1

.

1<K

-

Pr bp

Legitimate Perturbed GT Seg UNet Seg. Ours/RBF
] A

OO 0|00 |S[O|O|0K
~| ===~~~
PN BN 1 DS [ E S R B Y -
Goflay [0 |(W|ev || [a]ob |~ B
<|¢ ]|zl |Rl< v ]<E
b 1 (1 Gl (o Sl KRN K A ol A -
LN ol BN N e EN N 10N LS N -
N[ NNRNNNPNE
[ Y LY s I R Y R Y A B -

|

Without RBF with RBF



https://www.cs.sfu.ca/~hamarneh/ecopy/cvpr2019.pdf
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Auto-Context Network

{ X 2 Convolution + Max Pooling { X 2 Convolution + Deconvolution { X 2 Convolution

Concatenation



https://www.cs.sfu.ca/~hamarneh/ecopy/isbi2018a.pdf

CrltIC Ad Versq rl a | N etWO rkS Izadi, Mirikharaji, Kawahara, Hamarneh. ISBI 2018
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https://www.cs.sfu.ca/~hamarneh/ecopy/isbi2018b.pdf

Multi-modal input multi-label output network

Kawahara, Daneshvar, Argenziano, Hamarneh
IEEE JBHI 2019



http://www.cs.sfu.ca/~hamarneh/ecopy/jbhi2019a.pdf

Networks with light, learnable skip connection

Asgari, BenTaieb, Sharma, Zhou, Zheng,
Georgescu, Sharma, Xu, Comaniciu, Hamarneh.
MICCAI MLMI 2019

SAT:
Select

Attend
Transfer



http://www.cs.sfu.ca/~hamarneh/ecopy/miccai_mlmi2019b.pdf

Learn to modify input to cause improved output

Asgari, Abhishek, Hamarneh. MICCAI2019

Feeding input through network
gives sub-optimal output

We modify input to produce
known optimal output

Ml Train network to estimate
@l modification

Trained network (N)
Reconstructor
D Gradient-based perturbation
I:] Translation
[] Inference

Feeding estimated modification
improves output



http://www.cs.sfu.ca/~hamarneh/ecopy/miccai2019b.pdf

Input data (data shift and missing data)

prediction model predicted true
architecture output output
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Skin dataset shift - Yoon, Hamarneh, Garbi. MICCAI 2019

Average
Recall

80
70

Model: ResNet18

7 Domains:

Accuracy %

1 primary: HAM10000 60
6 secondary: Dermofit+MSK+UDA+
ONIC+Derm7pt+PH?2 ;‘8
n, samples/class o
10 —
0

CCSA loss: classification &

contrastive semantic alignment
[Motiian ICCV 2017] CE loss + feature MSK UDA SON DMF D7P PH2

alignment/separation losses ™ Baseline (HAM)  m Proposed (ns=5)

Class imbalance: Dynamic sampling
Intra-domain P(nevus) >> P(melanoma) two image-label pairs across domain: (x;, yy), (X, V,)

Inter-domain dermatofibroma & Domain2 Adaptive weighting
of CCSA loss based on P(y = ¢;) and P(y, = ¢, y, = ¢)



https://www.cs.sfu.ca/~hamarneh/ecopy/miccai2019d.pdf

Adversarial Stain Transfer in Histopathology

BenTaieb, Hamarneh. TMI 2018

Learns to discriminate real
from fake ‘A staining’
A and B referto Learns to perform the
different staining procedures task, e.g. classification

Task Specific Network

10,1}
{94}



https://www.cs.sfu.ca/~hamarneh/ecopy/tmi2018.pdf

Missing MRI Pulse Sequence Synthesis

Sharma, Hamarneh. arXiv (rev. TMI) Ground Truth

Multi-input, multi-output, adversarial training

___________

Generator
G(X;)

T T —

Discriminator

| ConvTranspose2D | | Conv2D | D, D(Xr, Xl)
| InstanceNorm2D | | InstanceNorm2D |
| RelLU | | LeakyReLU |

DiscriminatorBlock Arrow Legend

m——p 4-Channel
Conv2d Input/Output

Transfer
InstanceNorm2D — Feature Maps

LeakyReLU = =) Transfer Channel



https://www.cs.sfu.ca/~hamarneh/ecopy/arxiv_1904_12200.pdf

Some things we talked about...

* Medical image interpretation tasks
(segmentation, classification)

true

* Promising deep learning approach ‘ ‘

output

“predici-:ion model predicted
» ...but with many moving parts D e B o e
Vs V2

» Training data oY ol

output

computational layers

(synthesize/augment, active learning,
crowdsourcing, weak labels)

* Loss function

 Computational layers (adversarial attacks)
* Neural architecture

* Input data (shift, missing, multi-modal)




Many things we didn’t...

* Interpretability / explainability and trust

* Fairness and bias

* Neural architecture search

* Handling new/unseen disease classes (in training)

e complex hierarchy of large number of disease classes

* Uncertainty and Bayesian neural nets

* Self-learning, curriculum learning

DL for medical image reconstruction from sensor data

Predict ultimate task from image data or directly from sensor data
Hybrid data- and expert knowledge/model-driven methods

_egal, ethical, societal, economic challenges

* Other: most promising applications, inter-disciplinary collaboration...




Thank you!

HAMARNEH@SFU.CA
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