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I can align them, but I
do NOT know what
they are.

I can know what they
are, but I must learn
from NUMEROUS cases.

Registration Segmentation
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Registration Segmentation

I can give you
NUMEROUS labeled
images via space
alignment.

I can tell you the
regions’ SEMANTICS,
so you can purposefully
align the same regions.

Complementary of registration and 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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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.

I: Learning segmentation to improve registration

I can align them, but I
do NOT know what
they are.

I know!



DVF

Registration 

CNN
STN

Lreg

Lsmooth

Balakrishnan, et. al. (2019). VoxelMorph. IEEE TMI
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I: Learning segmentation to improve registration (Without perception)

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.

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

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

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

Warped image  Displacement vector fieldMoving image

RV

RA

Fixed image

a) Misalignment on blurred anatomies b)  Distortion on task-unconcerned regions



Label constraintMoving 
label

Fixed 
label

Warped 
label

LROI

Fixed 
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Segmentation 

CNN

Moving 
seg

Fixed 
image

Moving 
image

Warped 

seg
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Segmentation constraint
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I: Learning segmentation to improve registration (Embedding perception)

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.

Xu, Z., et. al. (2019). DeepAtlas. MICCAI

Bring the limitation of label amount
Still limited by significant background

Still need too many labels
Still limited by significant background

Balakrishnan, et. al. (2019). VoxelMorph. IEEE TMI
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image
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Lreg
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Registration 

CNN
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image

Lreg

Lsmooth

Oh, too many
labels I need in full
supervised learning.

RegistrationUnsup Sup

0 label

Numerous label

Significant
regions are still
interrupting the
ROI alignment.

Registration

Full supervision 

Semi-supervision 
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I: Learning segmentation to improve registration (Perception-Correspondence Decoupling)

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.

Registration

Perception Correspondence

Reduce interference of task-independent regions

Focus on task-dependent 
regions

Align corresponding 
regions

Decouple the registration into perception 
step and correspondence step

Forward inference: less interference of background
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I: Learning segmentation to improve registration (Reverse Teaching)

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.

Reduce label requirement

Perception Correspondence

Forward inference: less interference of background

Reverse teaching: reduce the label requirement

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

Training perception model in reverse
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I: Learning segmentation to improve registration (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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for ROIs with clear boundaries for fine registration

for few-shot learning

https://github.com/YutingHe-list/PC-Reg-RT
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I: Learning segmentation to improve registration (Results)

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.

Only 5 labeled cases! 10% DSC improvement! 4.11% Jacobian matrix<= 0 reduction!
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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 (Results)
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I: Learning segmentation to improve registration (Results)

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.



✓ 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;

✓ With the increase of the number of tags, the performance of PC-Reg-RT will be further

improved.

I: Learning segmentation to improve registration (Results)
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I: Learning segmentation to improve registration (Phenomenon)

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.

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

Reg PC-RegMoving Fixed

a) Inaccurate segmentation b) Fine alignment

Seg Moving Seg Fixed 



II: Learning registration to learn segmentation
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Registration Segmentation

I can give 
you!

I can know what they
are, but I must learn
from NUMEROUS cases.

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

II: Learning registration to learn segmentation (Paradigm)

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

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

...
Registration 

network

Numerous images

...

Numerous images

Few atlases

Numerous 
pseudo labels

Numerous images

a) Learning 
registration

b)  Generating numerous 
pseudo labels

c) Learning 
segmentation

Segmentation 
network...

Generation 
program...

Registration 
network

Here, we talk three key limitations and their solutions.



Learning 
registration

Step1. Unsupervised learning registration 

 

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

II: Learning registration to learn segmentation (Limitation 1)

Limitation:  Lack of authenticity due to registration error

Existing method directly learns registration

Alignment 
distortion

Deformation 
distortionDirectly learn 

registration

Generated 
image

Moving 
image

Fixed 
image

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



Generation 
program

...

Registration 
network

 

Registration-based

S2. Generation

Small atlas 
dataset (labeled)

Large unlabeled dataset

Limitation:  Lack of authenticity due to registration error

Existing method directly learns registration

Alignment 
distortion

Deformation 
distortionDirectly learn 

registration

Generated 
image

Moving 
image

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

II: Learning registration to learn segmentation (Limitation 2)

Existing method generates data in the end of transformation

Limitation: Lack of diversity in generated sparse distribution

Sparse 
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distribution

Directly transform space 
and style to unlabeled images
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Generated distribution

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

Learning 
registration

Step1. Unsupervised learning registration 

 

Large unlabeled dataset



cc

S3. Supervised learning segmentation

Large (pseudo-) labeled dataset

Learning 
segmentation

 Generation 
program

...

Registration 
network

 

Registration-based

S2. Generation

Small atlas 
dataset (labeled)

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

II: Learning registration to learn segmentation (Limitation 3)

Existing method generates data in the end of transformation

Limitation: Lack of diversity in generated sparse distribution

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

Existing method fits inaccurate labels

Limitation: Lack of robustness to learn with inaccurate data

Learn inaccurate 
representation

Inaccurate labels in misaligned regions

Inaccurate pseudo-
labeled data

Accurate label

Inaccurate label
Directly fit 

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

II: Learning registration to learn segmentation (Knowledge consistency constraint)

Limitation:  Lack of authenticity due to registration error

Existing method directly learns registration

Alignment 
distortion

Deformation 
distortionDirectly learn 

registration

Generated 
image

Moving 
image

Fixed 
image

Advantage: Better authenticity with less registration error

Semantic-
alignment

Topology-
preservation

Knowledge 1: Aligned images 
have aligned semantic regions

Our KCC constrains registration learning

Knowledge 2: A topology-preserved 
deformation is invertible and smooth

E
x
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a

c
t

Deformation field ϕ

Lsmooth
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Inverse
deformation field ϕ-1 Deformed image Fϕ

Deformed image Mϕ

Bidirectional consistency (BiC) for 
topology-preserved registration 

 Semantic consistency (SeC) for 
semantic-aligned registration 
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Semantic regions M
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Sampled images
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ϕ
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...
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...

Registration 
network

...

Registration 
network

-1
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Y. He, et al., "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness," in IEEE TNNLS

II: Learning registration to learn segmentation (Space-style sampling program)

Existing method generates data in the end of transformation

Limitation: Lack of diversity in generated sparse distribution

Sparse 
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distribution
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Atlas 
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Unlabeled 
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T
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Generated data

Real distribution

Generated distribution

Our S3P generates data in continuous transformation process

Advantage: Better diversity in generated dense distribution

Dense 
generated 

distribution

Atlas 
(labeled)

Unlabeled 
image 2

Densely sample spaces and styles 
during transformation process

c) Style-level sampling
for diverse style feature

...

Registration 
network

Unlabeled image Uk
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ϕk2i

a) Image-level 
sampling

Unlabeled set U

Atlas set (labeled) A

 

Atlas image Ai (label yi)

Unlabeled image Uj

Style displacement 
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b) Space-level sampling
for diverse space feature
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Registration 
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Y. He, et al., "Learning Better Registration to Learn Better Few-Shot Medical Image Segmentation: Authenticity, Diversity, and Robustness," in IEEE TNNLS

II: Learning registration to learn segmentation (Mix misalignment regularization)

Existing method fits inaccurate labels

Limitation: Lack of robustness to learn with inaccurate data

Learn inaccurate 
representation

Inaccurate labels in misaligned regions

Inaccurate pseudo-
labeled data

Accurate label

Inaccurate label
Directly fit 

inaccurate labels

Our MMR reduces fitting degree of inaccurate labels

Robust to 
inaccurate labels

Fit accurate labels

Inaccurate pseudo-
labeled data

Accurate label

Inaccurate label Reduce the fitting degree 
of inaccurate labels

Advantage: More robust to learn with inaccurate data

Function of segmentation 
network on misaligned regions

XA XBXAB

yAB
yAB

Improve linearity to reduce the fitting of 
misaligned regions

yA

yB

Improve 
linearity

 (γXA+(1-γ)XB) γ (XA)+(1-γ) (XB)



IS22: Segmentation and Registration - Yuting He, Southeast University2023/11/21 Tuesday 23

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

II: Learning registration to learn segmentation (BRBS)
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Function of segmentation 
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https://github.com/YutingHe-list/BRBS



II: Learning registration to learn segmentation (BRBS)
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Compared with LRLS method:

➢ For large heart structures, BRBS

performs better in the accuracy of

boundary segmentation.

➢ For small brain tissues, BRBS shows

better segmentation performance of

fine structures.

II: Learning registration to learn segmentation (BRBS)
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Each module plays a certain role in improving performance. When all modules are 
added to the model, the performance of BRBS reaches the best.

II: Learning registration to learn segmentation (BRBS)
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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

also have high similarity, so the

trained segmentation network will

learn the representation ability that

matches the real data and obtain

good generalization ability.

II: Learning registration to learn segmentation (BRBS)
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a) Without S3P, the generated image only 

has sparse feature distribution and poor 

diversity.

b) S3P constructs a distribution with 

continuous space and style, and samples 

densely on this distribution, so a large 

number of images with different space 

and style characteristics are generated.

II: Learning registration to learn segmentation (BRBS)
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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.

II: Learning registration to learn segmentation (BRBS)
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Questions?

Homepage

Yuting He

ytytyt_hhh@seu.edu.cn
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