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Deep learning for image segmentation O )
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| Convolution + RELU || Transposed convolution

B Max pooling B Softmax Skip layers

Bai et al., JCMR 2018



Deep learning for image segmentation © /A
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SA, basal SA, mid-ventricular SA, apical

LA, 2 chamber LA, 4 chamber Bal et al., JCMR 2018



Evaluation of segmentation accuracy c

Comparison to expert observers N\
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(a) Absolute difference

Auto vs Man!| Ol vs O2 02vs O3 03 vs
(n=600) || (n=50) (n=50)

LVEDV (mL) 6.1153 6.114.4 8.844.3
LVESV (mlL) 5.344.0 41140

LVM (gram) 6.9.5 5

RVEDV (mL) 8.54+7 1

RVESV (mL)

s 02 02vs O3 0O3vs Ol
(n=50) (n=2>50) (n=50)
4.2431 6.343.3 34109
6.8475 12.548.5 11.7451

4.4, 33 6.013.7 6.714.6

8.0+5.0 4.24131 5.7+3.6
~TESV (%) 11.84+122 13064155 109483 1694902

W. Bal et al., JCMR 2018
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MIT

Technology
Review

Artificial intelligence / Machine learning

Hundreds of Al tools have
been built to catch covid.
None of them helped.

Some have been used in hospitals, despite not being properly
tested. But the pandemic could help make medical Al better.

by Will Douglas Heaven July 30,2021
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Domain shift: Population bias / A

EBioMedicine 67 (2021) 103358

Contents lists available at ScienceDirect

EBioMedicine

journal homepage: www.elsevier.com/locate/ebiom

Review

Ensuring that biomedical Al benefits diverse populations .

Check for
updates

James Zou?, Londa Schiebinger™*

¢ Department of Biomedical Data Science, Stanford University, United States
b History of Science, Stanford University, United States
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RESEARCH ARTICLE

Dssecting radd bias in an dgorithmused to manage
the hedth of populations

Ziad Obermeyer "%*, Brian Powers>, Christine Vogeli*, Sendhil Mullainathan* t



Domain shift: Pathologies

Variation during training

Variation during deployment




Domain shift: Acquisition variations c / N
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Stress Rest Cine LGE

Different hardware




Domain shift: What Is the problem? A
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Source (S)

Domain: Dg = {Xg, P(Xg)} X = (X, X%
Task: Ts={Vs, fq:Xs— Vs} » Targetx(T) = 1%}
Given: (Xg,Y5s) X2 X

Xg :{.’Egl,...,ilign},mg?; c Xg o " X

Ys = {ys1,--»Ysn},Ysi € Vs X /f’ '
Learn: fg =~ f& \ X =7 o

~ '\&\ —~" ,"e®
fs(z) = Ps(y|x) P AN - P ,
e ,8\(‘ o x & fs =~ [s
Target(T) -~ O © -,
00 Y ®

Domain: D7 = {Xr, P(X © o x_7
Task: Tr ={Vr, F oo .7 . Xg o
Here: JVr = ) ® _"o ¢ °
Domain S}f;lgt' > € ® . o .

Pr(y|a P(X7) # P(Xs) Py

fr# N




Domain shift: Learning invariant features Cc

using adversarial learning smarth_Neart\

 Learn a domain classifier fp




Domain shift: Learning invariant features c
using adversarial learning W\
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Scanner B f Discriminator

Labelled data
from scanner A

Scanner A/Scanner B

K. Kamnitsas et al. IPMI 2017, arXiv:1612.08894



Domain shift: Unsupervised Cc

multi-modal style transfer smarthg;t{\t
(Winner of the MS-CMR Segmentation Challenge)

bSSFP image Synthetic LGE images Annotation

Probabilistic maps

LGE-stylized image

a

Appearance information shape information

/

— Prediction Ground

N SR

1. Learn an image style translator to translate labelled 2. Training a cascaded LGE image segmentation
bSSFP images to be LGE-like images network with synthetic images
At training time, only unpaired bSSFP and LGE images are
required.

C. Chen et al., “Unsupervised multi-modal style transfer for cardiac MR segmentation ,” in STACOM’19



Enforce consistency for domain shift c / A
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* Produce consistent predictions on the input image and its
augmented one with similar semantic attributes.
L7650 R[p.p']
consistency
Data | regularization
augmentation NS . ’
e.g., Gaussian x' =T(x;t) p
noise

Minimize Eyy)~p,Ls(p,y) + AE;- p,up, R(p,p")
0




Data augmentation: Bias field € /A
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* Bias field introduces intensity Innomogeneities in the same
tissue, which can greatly affect segmentation accuracy

bias field Lir

- 150

- 125

100

0.75

- Original image Image with bias field

| E .

Prediction Prediction




Data augmentation: Bias Field Generator (.. © / N
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* We model the bias field using a set of control points ¢
uniformly distributed across the image [1]-

g bias:

Control Points Bias Field

Perturbed Image

o ‘

CI)blaS

C. Chen “Realistic Adversarial Data Augmentation for MR Image Segmentation,” in MICCAI 2020



Data augmentation: Bias Field Generator (.. c /N
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g bias:

Control Points Bias Field

R[p,p']

consistency
regularization

C

Adversarial bias
fleld

x' =T(x;t)
Maximize R(p,p")
C

Minimize S (x,7)~ Dlﬁs(p, Y) + A Cx~ DjuD,, R(P, p')
0

C. Chen “Realistic Adversarial Data Augmentation for MR Image Segmentation,” in MICCAI 2020



Data Augmentation: Warping Generator gmm/ﬁﬁ c /A
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gmorpﬁ: [ . Eeg('i 0)
= *f ‘ [l RIp.p'
V e pieei—— consistency
| g | é - N . .
Adversarial deformation /\, . \ / regularization

X' = T(x;t)
Maximize R(p,p’)
v

Minimize *(x,y),\, Dlﬁs(p, Y) + A Gy~ D;uD,, R(P, p')
7,

C. Chen “Realistic Adversarial Data Augmentation for MR Image Segmentation,” in MICCAI 2020



Segmentation results @ /A
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Image Mixmatch TCSM VAT Proposed GT

1.‘

O

C. Chen “Realistic Adversarial Data Augmentation for MR Image Segmentation,” in MICCAI 2020



Data augmentation: c

Synthesize infinite novel domains W\
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* A simple appearance-based data augmentation pipeline for
single-source domain generalization

* Training on one single source domain, generalizable to
multiple target domains.

» Synthesizing infinite novel domains (i.e. types of image
appearances) using randomly-weighted shallow convolutional
networks.

* Verifled on cross-domain segmentations for cardiac,
abdominal and prostate images.




Data augmentation: Cc

Synthesize infinite novel domains ~w\
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1. Synthesizing infinite novel domains using randomly-weighted
networks.

Training Image

C. Ouyang et al.: Causality-inspired Single-source Domain Generalization
for Medical Image Segmentation. CoRR abs/2111.12525 (2021)



Data augmentation: cC

Synthesize infinite novel domains W\
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1. Synthesizing infinite novel domains using randomly-weighted
networks.

Novel-domain synthesizing using
randomly-weighted shallow
networks

Training Image

WRRSEE N«
Network weights re-sampled in Image w/
each iteration new appearance

C. Ouyang et al.: Causality-inspired Single-source Domain Generalization
for Medical Image Segmentation. CoRR abs/2111.12525 (2021)



Data augmentation:
Synthesize Infinite novel domains

2. Blending network-augmented images In a spatially-variable

manner.

Training image

Novel-domain synthesizing using Blending between two augmented
randomly-weighted shallow
networks

Gaussian distributionV (0, /) Spatially-variable
~ blending

B ‘,H |
Augmented image
each iteration new appearance after blending

2

Network welights re-sampled In Image w/

~
€).

smartheart

C. Ouyang et al.: Causality-inspired Single-source Domain Generalization
for Medical Image Segmentation. CoRR abs/2111.12525 (2021)



Data augmentation; Cc

Synthesize Infinite novel domains b
smartheart
3. Enforcing consistency between predictions under different
augmentations.
Novel-domain synthesizing using Blending between two augmented  Consistency
randomly-weighted shallow B versions of a same image regularization

Training Image

networks

Jol—

Network welights re-sampled in Image/
each iteration new appearance after blending Prediction

C. Ouyang et al.: Causality-inspired Single-source Domain Generalization
for Medical Image Segmentation. CoRR abs/2111.12525 (2021)
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385
30
X 75
n 70
E_J) 65
60
55
50

Data augmentation; Cc

Synthesize infinite novel domains — Results ~ ——N"\

85.01

83.7

75.99

Cardiac bSSFP-LGE

® ERM (baseline)

smartheart

86.31

80.6

77.31

76.90

66.5

56.99

Abdominal CT-MRI Prostate Cross-center

Best of previous methods* m Proposed

C. Ouyang et al.: Causality-inspired Single-source Domain Generalization
for Medical Image Segmentation. CoRR abs/2111.12525 (2021)



Data augmentation: cC

Synthesize infinite novel domains — Results W\
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RSC MixStyle Cutout

C. Ouyang et al.: Causality-inspired Single-source Domain Generalization
for Medical Image Segmentation. CoRR abs/2111.12525 (2021)



Summary and Conclusions € /)
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* Domain shift can cause significant deterioration of Al models In

real-world data

— Significant problem for Al models for image analysis
— Also significant problem In the context of image reconstruction and enhancement

 Domain shift iIs caused by a variety of reasons

— Scanner variabilities
— Population variations and pathologies

* Understanding causes of domain shift is important in
developing strategies that can deal with these variations

* Assessing performance during deployment is critical!
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