egistration and Segmentation

A Mutual Promotion Paradigm of Correspondence and Perception in Medical Images

Yuting He

Southeast University, China



Deep learning(DL)-Registration I/.S. DL-Segmentation

4 ) 4 )
| can align them, but | | can know what they
do NOT know what are, but | must learn |
they are. Image A | from NUMEROUS cases. Predict y,
A /. /
<3:=|<i> <3:=|<i>
N -
Registration Segmentation

Predict yg
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Complementary of registration and segmentation

(1 can give you\ (1 can tell you the )
NUMEROUS labeled regions’ SEMANTICS,
Images via  space SO you can purposefully
alignment. ) align the same regions. )

Segmentation

Y. He, et. al. Deep Complementary Joint Model for Complex Scene Registration and Few-shot Segmentation on Medical Images. In 16th ECCV 2020, Vol. 1, pp. 770-786.
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I: Learning segmentation to improve registration

4 ) 4 )
| can align them, but |
do NOT know what | know!
they are.
J J

T T

S_7

Registration Segmentation

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration

a) Misalignment on blurred anatomies Distortion on task-unconcerned regions
\ 1 - ) —

IF'

Moving image Fixed image Warped image Displacement vector field

Task-dependent but low-significant regions Task-independent but significant regions

-

-
-

Without perception, registration seeks the
alignment of all anatomies, making the ROls
have to compromise with them.

. Without perception, registration is unable to
perceive the low-significant regions for
correspondence.

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration

r---———------------

| Moving Label constraint
label

Bring the limitation of label amount

Still limited by significant background

|
I
. I
<1 _ [ Numerous label ~N
Warped ~ Warped __-;---- _ Fixed i [
- image label L-=RQL label ¢ Oh, too many
SYE ) : 1 [ = labels | need in full
R e : :

Balakrishnan, et. al. (2019). VoxelMorph. IEEE TMI Full supervision . .
(2019) P P Unsup Sup Registration

N I NN N S S DN S S S S S B S S S S N S . .

' I Still need too many labels

o image. : Still limited by significant background
. > | —
i - 1 Significant R
i : regions are still
Xu, Z., et. al. (2019). DeepAtlas. MICCAI | W";‘:ﬁ SN e oy _ o Interrupting the
l Segmentation constraint | ROl alignment. )

Semi-supervision

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration
Reduce interference of task-independent regions

Decouple the registration into perception
step and correspondence step

Focus on task-dependent
regions

Align corresponding
regions

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration
Reduce label requirement

Reverse teaching: reduce the label reqguirement

Forward inference: /ess interference of background

Training perception model in reverse

—

Align label to unlabeled images for weakly supervised image-label pairs

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration

for ROIs with clear boundaries for fine registration
erception > Correspondence

Moving image Perception - Moving label
————-CNN_» e~ . _agag 00—

& d ,.f" L E : 1 #
~ : - L CNN | .-
- . - . ’ STN
-~ Fixed image Perception Fixed seg
~ e CNN Spatial Transform
—_— e e e e e e e e e e e - e o A e Network
I Moving mTT T T Moving  Displacement =~ 777"7]
| seg _d L_I_‘_”‘_CE__'K" label vector field L__I:_r___: : ) 4 ©
e Concatenate
| Fixed Tl Fixed Warped __ oo "C - | Perception er image
| seg Lo—=fee 1T Jabel ROI L-=NCC | Warped seg CNN @
| Warped __;“L““‘ __ Warped Warped __;“L““‘g__Fixed - TTTT - Multipl
t T y
O e we e L Reverse teaching <€

for few-shot learning

https://github.com/YutingHe-list/PC-Reg-RT

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration

Only 5 labeled cases! 10% DSC improvement! 4.71% Jacobian matrix<= 0 reduction!

90 m PC-Reg-RT 5  mPC-Reg-RT
O Unsup-VoxelMorph N O Unsup-VoxelMorph

85 O LC-VoxelMorph O LC-VoxelMofph
3

80
2

75 1

20 0 ]

DSC %(Cardiac CT) % of Jacobian <=0 (Cardiac CT)
More accurate More smooth

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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I: Learning segmentation to improve registration

Method Reg-DSC (%) ASD |Js] <0 (%) CPUtime (s) GPU time (s) Seg-DSC (%)
a) Cardiac CT cross-object registration

Affine only 64.0+12.5 3.3740.86 : 5.984+0.55 -
BSpline [11] 80.84+10.4 1.69+0.63 0.341+0.51 40.19+£1.59 -
SyN [12] 75.5+12.7 2.314+0.90 0.50+0.16 23.70+4.33 - -
Unsup-VoxelMorph [1] 75.8£11.8 2.18+0.74 4.4841.61 - 0.2240.16 -
LC-VoxelMorph(A = 1) [4] 73.2+11.6 2.4340.68 0.38+0.23 - 0.23+0.41 -
LC-VoxelMorph(A = 0.1) [4] 77.0£11.6 2.04x0.58 3.43£0.79 - 0.23%0.31 -
CycleMorph [19] 76.5+9.4 2.124+1.01 0.64+0.18 - 0.22+0.25 -

DeepRS [8] 81.5+7.2 1.714+0.77 7.03+1.18 - 0.65+0.10 87.4+6.4

(Our) PC-Reg 79.0+9.9 1.9340.56 0.4040.18 - 0.54+0.51 83.14+12.9

(Our) PC-Reg-RT 85.7£7.3 1.321+0.38 0.37£0.28 - 0.54+0.19 89.416.1

b) Cervical vertebra CT cross-object registration

Affine only 64.8£10.2 1.37+£0.34 . 6.351+0.70 -
BSpline [11] 74.21+18.5 1.154+1.58 0.454+0.98 38.62+1.72 -
SyN [12] 39.4434.7 - : 21.30+9.70 - -
Unsup-VoxelMorph [1] 50.1+22.1 3.0940.58 10.96+0.41 - 0.29+0.17 -
LC-VoxelMorph(A = 1) [4] 80.4+8.4 0.7240.25 0.25+0.09 - 0.29+0.16 -
LC-VoxelMorph(A = 0.1) [4] 82.3+7.6 0.65+0.22 1.85+0.42 - 0.29+0.17 -
CycleMorph [19] 82.5+6.8 0.62+0.35 0.13£0.06 - 0.34+0.38 -

DeepRS [8] 81.7+5.7 0.65+0.31 2.06£0.39 - 0.86+0.13 86.3£8.6

(Our) PC-Reg 81.448.1 0.66+0.23 0.16£0.08 - 0.74£0.60 63.8+20.4

(Our) PC-Reg-RT 86.7+5.0 0.41+0.15 0.114+0.06 - 0.71+0.23 84.44+12.6

¢) Brain MR cross-object registration

Affine only 75.5+3.7 1.2540.21 . 7.1440.51 -
BSpline [11] 77.0+3.9 1.15£0.22 0 40.3240.62 -
SyN [12] 78.5+3.8 1.074+0.21 0 19.67+£1.46 - -
Unsup-VoxelMorph [1] 76.5+3.7 1.09£0.19 1.37+0.19 - 0.30+0.30 -
LC-VoxelMorph(A = 1) [4] 79.0+4.1 1.07+0.22 0.1440.03 - 0.30+0.29 -
LC-VoxelMorph(A = 0.1) [4] 79.9£3.9 1.02+0.20 1.37£0.15 - 0.30+0.28 -
CycleMorph [19] 77.7+£3.7 1.0640.20 0 - 0.32+0.42 -

DeepRS [8] 77.6£3.6 1.05+0.19 1.34+0.24 - 1.04+0.12 81.7+3.4

(Our) PC-Reg 79.0+£3.4 1.03+0.18 0.0210.01 - 0.71+0.39 79.4+3.5

(Our) PC-Reg-RT 80.0+3.4 0.97+0.18 0.04£0.02 - 0.71£0.40 82.3£3.3

Compared with 8 methods:

» Great registration accuracy: Only five

labels, achieve the best registration
accuracy in cardiac CT, cervical CT and

brain MR registration tasks;

Effectively avoid distortion: the
irrelevant background is eliminated, the
distortion of the misaligned edge area
caused by the lack of real texture in the

tag is avoided,;

Excellent  time  efficiency: the
registration result can be obtained by one
inference, the time efficiency of PC-Reg
IS more than 10 times faster than the

traditional model.



I: Learning segmentation to improve registration

LC-VoxelMorph LC-VoxelMorph Unsup-
Moving Fixed PC-Reg-RT CycleMorph (A=0.1) (A=1) VoxelMorph
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I: Learning segmentation to improve registration

Reg-DSC of CP-Reg on Cardiac CT Seg-DSC of CP-Reg on Cardiac CT
=t W
3 60 S 60
a a
o0 o0
§ 40 L 40
—4— CP-Reg —#&— CP-Reg
201 —@— CP-Reg-RT 20 —8— CP-Reg-RT
1 2 3 4 5 1 2 3 4 5
The amount of label The amount of label

v' With very few labels, the reverse teaching method can bring significant performance
improvement, even if there is only one labeled image, it still has excellent registration
performance;

v With the increase of the number of tags, the performance of PC-Reg-RT will be further
improved.



I: Learning segmentation to improve registration

Seg Moving Seg Fixed Reg PC-Reg

' o) ¥
Vs 4
ol
[ », /

a) Inaccurate segmentation b) Fine alignment

Poor segmentation still bring fine alignment.
(Due to the extrusion between the structures)

Y. He, et al., "Few-shot Learning for Deformable Medical Image Registration with Perception-Correspondence Decoupling and Reverse Teaching," in IEEE J-BHI 2021, doi: 10.1109/JBHI.2021.3095409.
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ll: Learning registration to learn segmentation

( i ) ~ ~
| can give | can know what they

are, but | must learn

ou! from NUMEROUS cases,
y ) J

T g

S_7

Registration Segmentation

Y. He, et al,, "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS
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ll: Learning registration to learn segmentation Jhao A et. al. (2019) DataAug, CVPR

a) Learning  b) Generating numerous c) Learning
registration pseudo labels segmentation
Numerous images  Numerous images Numerous Numerousimages
1 ‘1 pseudoJabeIs ;
] Fewatlases

¥ q 4

L L l: ]

Registration | Generation / Seg tion
; n rk

network | program

Registration aligns unlabeled images and labels for pseudo-labeled data,
driving the learning of segmentation

Here, we talk three key limitations and their solutions.

Y. He, et al,, "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS
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ll: Learning registration to learn segmentation S

S 1. Unsupervised learning registration

Learning
registration

Large unlabeled dataset

Existing method directly learns registration

Moving
mage Alignment Deformation

Directly learn distortion  distortion

registration

v @ ;
_Fixed Gene'rated
Y image image

Limitation: Lack of authenticity due to registration error

Y. He, et al,, "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS
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ll: Learning registration to learn segmentation

S 1. Unsupervised learning registration

Learning
registration

Large unlabeled dataset

Existing method directly learns registration

Moving

mage Alignment Deformation

D're.CtIy Ie.am distortion distortion
registration E 9

» @ A \o
_Fixed Genevrated < 2
: image image

Limitation: Lack of authenticity due to registration error

Large unlabeled dataset S2. Generation

Generation

Small atlas - —
dataset (labeled) Registration-based

Existing method generates data in the end of transformation
[ j @<-- Directly transform space

- - Real distribution
and style to unlabeled images

Generated distribution

E RN @ Generated data

o 8 TAg %

D o ® ®
Alss | & F Unlabeled o 8 Sparse
(Iabeled) | = image 2 generated
["ﬁ - distribution

Limitation: Lack of diversity in generated sparse distribution

Y. He, et al,, "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS

2023/11/21 Tuesday

IS22: Segmentation and Registration - Yuting He, Southeast University

Zhao A. et. al., (2019) DataAug. CVPR



ll: Learning registration to learn segmentation S

] — S2. Generation S3. Supervised learning segmentation
Generation Learning
5 program segmentatio
+ 7/ Small atlas i 0N-
dataset (labeled) Registration-based Large (pseudo-) labeled dataset
Existing method generates data in the end of transformation Existing method fits inaccurate labels
--------------- @<, Directly transform space Real distribution Inaccurate labels in misaligned regions
[ ] i H'F\d Style to unlabeled images Generated distribution ‘ ® r‘t\‘_—*
E : \\\ ° @ Generated data <
28 | e @ — : L
& o ! ® S @ b
Atlas @ & | Unlabeled oo © parse ‘ _ _ —5
(labeled) I: | image 2 generated 3 I < S S Directly fit
H | n ° distribution = MASrAE PSR | Indccurate label inaccurate labels  |_earn inaccurate
(> X § representation
Limitation: Lack of diversity in generated sparse distribution ~ Limitation: Lack of robustness to learn with inaccurate data

Y. He, et al,, "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS
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ll: Learning registration to learn segmentation

Existing method directly learns registration

Moving
image

o
Fixed
image

Alignment Deformation

Directly learn distortion  distortion

registration

b

Generated

Bidirectional consistency (BiC) for Semantic consistency (SeC) for
topology-preserved registration semantic-aligned registration

Inverse

Sampled images

Image F Deformed image F¥"  Image M Semantic regions M

image _d_eftz:mation field ¢
Limitation: Lack of authenticity due to registration error -1 (UL
network — 7
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, (fixed)
)[R {0 Yo |
Our KCC constrains registration learning Ly ) (fixed)

Deformation field ¢~ Def r'ﬁéd image M? 11 Semantic regions F

- Knowledge 1: Aligned images
/|3 . have aligned semantic regions Semantic-  Topology-
N\ A alignment preservation
I 1 B , Knowledge 2: A topology-preserved
£ -

~#4 deformation is invertible and smooth
Advantage: Better authenticity with less registration error

Y. He, et al., "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS

2023/11/21 Tuesday IS22: Segmentation and Registration - Yuting He, Southeast University



ll: Learning registration to learn segmentation

Existing method generates data in the end of transformation

{ l --------------- @< -, Directly transform space Real distribution

st le to unlabeled images
and y 9 Generated distribution

E i ‘\\ @ Generated data a) Image-level b) Space-level sampling c) Style-level sampling
o : - sampling for diverse space feature for diverse style feature
= 9 | ‘0 8
s |52  Unlabeled - # Sparse Unlageledset & Utlabeledimage U . Udlebeledimage
|- g ——~—— ~ ;
(Iabe'Ied) - ! Image 2 gen?rat?d g nﬁﬁ ?’ﬁ a__\_\/ Space deformation Style displacement
) . PY distribution i § H J : field i map Wiz
...‘ * ~ %‘j i; ol L b
Limitation: Lack of diversity in generated sparse distribution »i’ S — / T

pr li Sampli
Atlas set (labeled) A4 Atlas image A; (label y;) Sampling ‘ Smpany

--Densely sample spaces and styles
during transformation process

Atlas With new style and Sampled space Atla Wlth new Sampled style Atlag |'age A
space X.,k (label yi;) deformation field ¢iy" style Ay ! (label y;) displacement map wisl (label y;)

Atlas Dense
(labeled) generated
distribution

3

Advantage: Better diversity in generated dense distribution

Y. He, et al., "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS
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ll: Learning registration to learn segmentation

= i oA i e s g Improve linearity to reduce the fitting of

- _ v misaligned regions
Inaccurate labels in misaligned regions Vo
Y A
o2 .. - Function of segmentation
LS .0 Y% L network on misaligned region
I;'_____- —> Yag " ‘|\ .
: irectly fit Vag \
Inaclzggg?etg g;tte : inaccurate labels | earn inaccurate r \
representation 1 | mb rove
Limitation: Lack of robustness to learn with inaccurate data N Iineari:ty
********************************************************************************************************************** Ya ‘ J / i
X N
Our MMR reduces fitting degree of inaccurate labels P [~ 3
L " |
L Xa Xag Xg

L/

= —"
Fit accurate labels

Inaccurate psetdQ

naccurate label
labeled data

! /
R’>educe the fitting degree | Robust to (S(yXA+(1-V)XB)QyS(XA)+(1_y)S(XB)J
of inaccurate labels inaccurate labels
Advantage: More robust to learn with inaccurate data

Y. He, et al., "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,” in IEEE TNNLS
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ll: Learning registration to learn segmentation

Semantic consistency (SeC) for

Bidirectional consistency (BiC) for
semantic-aligned registration

topology-preserved registration
Inverse

Sampled images

- ¢1 - -
Image F deformation field ¢ Deformed image F Image Semantic regions M
""""""" >
Registrati T
egistration| ‘

network

Registration
network

_____

(fixed)

Semantic regions F

b) Space-level sampling c) Style-level sampling

for diverse space feature for diverse style feature
Unlabeled image U; Unlabeled image Uy

a) Image-level
sampling
Unlabeled set ¢/

_——rTN

Ty Space deformation Style displacement
field ¢i2j map wix
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Y. He, et al,,

"Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness,’

Improve linearity to reduce the fitting of \[S(yXA+(1-y)XB)<=>yS(XA)+(1-y)§(XB)]

v misaligned regions

V:
. | Function of segmentation
network on misaligned region

Improve
linearity
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.Seg ?IB

https://github.com/YutingHe-list/BRBS

"In |[EEE TNNLS
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ll: Learning registration to learn segmentation

(a) (b)

Method Type 1-shot 4 ¢4 S-shot L s¢4 1-shot 4 ¢4 5-shoty ¢¢4

DSC% 1t AVDmm | DSC%1t AVDmm | DSC%1T AVDmm | DSC%1T AVDmm |
3D U-Net [13] LS 63.8+16.3 6.1343.46 84.319.6 2434214 5444108 29447123 69.548.8 1.5940.84
SegNet [14] LS 5754174  70lt453 7884105  2.68+1.72 523449 3.1840.37 62.747.0 1.9840.72
U-Net++ [15] LS 42949205 9.1843.78 84.0486 2.514+2.26 51.2410.6 2.334+1.06 6644127 2.0241.62
DBN [16] LS 48.8416.5 10701410 789412.0 3904312 2354159 13834726 8024556 0.9240.30
UA-MT [46] SLS 5484170 9444477 6644162  4.6942097 36.7+8.4 8.69+2.29 75.543.4 1.3140.95
CPS [48] SLS 70.7+9.4 4.0141 .73 87445 4 1.4040.76 253412 unable 371418 unable
MASSL [47] SLS 5724125 13864316 774487 9.07+3.11 74.043.1 1.3240.35 80.543.1 0.9240.43
DPA-DBN [16] SLS 49.04+14.4 104743 81 68.0+14.5 5.754+3.89 28.1+7.6 7.7541.78 68.7+8.2 3.9042 39
VM [11] ABS 77.6+6.0 2.4940.73 81.046.1 2.1310.78 78.74+1.8 0.73+0.07 83.141.8 0.5640.08
LC-VM [26] ABS - - 81-7:|:6_U 2.04i0_77 - - 83.0:|:1.8 0.56i0_g7’
LT-Net [5] ABS 67.2+46.5 3.5540.90 7718478 225+0.95 76.9+41.5 0.75+0.51 82.64+1.2 0.57+0.05
DeepAtlas [1] LRLS 854145 1.5940.56 879143 1.3040.57 73.042.4 1.0240.10 7931926 0.7410.12
DataAug [2] LRLS 814452 2.2340.67 822452 2.0410.73 813414 0.6940.06 839412 0.55+0.06
DeepRS [3] LRLS 73.4:{:12_3 3.40:{:1,92 87.0:|:5_[) 1.603,:0_90 55.9:{:12_0 1.81:{:0‘91 73.0:}:5.9 0.93:|:0‘25
PC-Reg-RT [4] LRLS 855447 1.554+0.63 88.5+4.9 1.23410.72 66.9+3.6 1.38+0.19 731431 1.0940.17
VAEAug [6] LRLS 75.5411.0 42949 12 - - 74.8412.2 1.7142.71 - -
Our BRBS LRLS 89.243 4 1.244 ¢ 50 911439 0.93 057 85.7+1.0 0.49 1 0.04 87.211.0 0.4310.05

2023/11/21 Tuesday
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ll: Learning registration to learn segmentation

Compared with LRLS method:

» For large heart structures, BRBS
performs better in the accuracy of
boundary segmentation.

Large cardiac structures

» For small brain tissues, BRBS shows
better segmentation performance of
fine structures.

Small brain tissues

2023/11/21 Tuesday IS22: Segmentation and Registration - Yuting He, Southeast University



ll: Learning registration to learn segmentation

KCC S3P MMR Segmentation Registration
SeC BiC Image Space Style DSC% 1t AVDmm | DSC% 1T AVDmm | |Ju| <0% |
843196 2434214 - - -
v 80.749.6  2.5241.52  72.64138  2.8941.18 33407
v v 83.7+8.0 2334203 7324138  2.8411.17 3240.7
v v v 88.144.7 1254063  73.04139  2.8741.20 3.540.8
v v v 844465  1.8510.80 7354138  2.8441.18 37+0.8
v v vV v 90.043.8  1.044+0.49 8594135 1334067 6.241.2
v v v Vv v 9044134  1.0040.44  86.0+135  1.3140.64 25411
oo v % Ve Vo 9dis9  093i057 8671136 1220069 1740 8

Each module plays a certain role in improving performance. When all modules are
added to the model, the performance of BRBS reaches the best.

2023/11/21 Tuesday
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ll: Learning registration to learn segmentation

Atlas image  Unlabeled image 1 Unlabe

I3 K

led image 2
'

Generated images in our BRBS
a=0 =02 0=04 a=0.6 a=0.8 o=1

1. Compared with other methods
based on LRLS, BIC and SeC
effectively Improve the
authenticity of images generated
by BRBS model.

2. Compared with the real images,
the images generated by BRBS

DataAug

w/o SeC & BiC also have high similarity, so the

trained segmentation network will

learn the representation ability that
matches the real data and obtain

good generalization ability.

2023/11/21 Tuesday IS22: Segmentation and Registration - Yuting He, Southeast University



ll: Learning registration to learn segmentation

a) Without S3P, the generated image only
2.0 - has sparse feature distribution and poor
1.0 - diversity.
Y oo b) S3P constructs a distribution with
-1.0 1 continuous space and style, and samples
2.0 densely on this distribution, so a large
20 1.0 0(1A()X; 10 20 25 2.0 -1.5 -1.0 -0'(.% )0'.0 05 1.0 15 number of images with different space
a

and style characteristics are generated.
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ll: Learning registration to learn segmentation

y=0.4 b) Without ¢) With
MMR MMR

a) Mixed image

f ¥

1. 3D U-Net (MMR-free) can't perceive these misaligned regions (b), and it is easy to over-fit to
inaccurate information, and it shows too high confidence in the segmentation results for

mismatched regions.

2. The MMR training model fits a linear function to the misaligned regions, thus producing a
lower response (C) to these misaligned regions, and improving the robustness of the
segmentation model to alignment distortion.
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Questions?

Yuting He
yitytyt hhh@seu.edu.cn
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