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a b s t r a c t 

This paper introduces an unsupervised adversarial similarity network for image registration. Unlike exist- 

ing deep learning registration methods, our approach can train a deformable registration network without 

the need of ground-truth deformations and specific similarity metrics. We connect a registration network 

and a discrimination network with a deformable transformation layer. The registration network is trained 

with the feedback from the discrimination network, which is designed to judge whether a pair of reg- 

istered images are sufficiently similar. Using adversarial training, the registration network is trained to 

predict deformations that are accurate enough to fool the discrimination network. The proposed method 

is thus a general registration framework, which can be applied for both mono-modal and multi-modal 

image registration. Experiments on four brain MRI datasets and a multi-modal pelvic image dataset indi- 

cate that our method yields promising registration performance in accuracy, efficiency and generalizabil- 

ity compared with state-of-the-art registration methods, including those based on deep learning. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Deformable registration establishes anatomical correspondences 

etween a pair of images. Traditional registration methods seek to

stimate smooth deformation fields by optimizing the cost func-

ions in association with similarity metrics ( i.e. , volumetric-based,

andmark-based, etc. ). However, these methods typically involve

igh-dimensional numerical optimization and are often computa-

ionally expensive. 

Deep learning methods have been shown recently to be ca-

able of addressing the limitations of conventional registration

ethods. Other than using convolutional neural networks (CNN)

 LeCun et al., 2015 ) to predict rigid transformation parameters

 Miao et al., 2016; Salehi et al., 2018 ) or central displacement

 Cao et al., 2017 ) from a local patch, more of the current works

ocus on predicting the voxel-to-voxel mapping ( i.e. , dense defor-

ation fields) from images by using U-net ( Ronneberger et al.,

015 ) like fully convolutional neural networks (FCNN) ( Long et al.,

015 ). By performing end-to-end learning, the registration network

an be trained with ground-truth deformations, which cannot be

anually delineated and are usually obtained by a traditional reg-

stration algorithm under the help of tissue segmentation maps
∗ Corresponding authors. 

E-mail addresses: ptyap@med.unc.edu (P.-T. Yap), dgshen@med.unc.edu (D. 

hen). 
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 Cao et al., 2017; Yang et al., 2017; Rohé et al., 2017 ). While ef-

ective, these methods are however limited by the availability of

he ground-truth deformations. In contrast, unsupervised learning

ethods ( de Vos et al., 2017; Balakrishnan et al., 2018; Li and

an, 2018 ) aim to learn the deformable transformations without

round-truth deformations by maximizing the similarity between a

air of images instead, such as the sum of squared difference (SSD)

nd cross-correlation (CC). However, it is often difficult to deter-

ine the most effective similarity metrics for different registration

urposes. When dealing with multi-modal registration, this issue

ay become even more challenging, since most current similarity

etrics cannot work well for deformable multi-modal registration.

In this paper, we propose an adversarial similarity network to

utomatically judge the image similarity through a network rather

han using any arbitrary similarity metrics. The network is unsu-

ervised. It is inspired by generative adversarial network (GAN)

 Goodfellow et al., 2014 ). More specifically, we implement the

ramework by connecting a U-net based generator with a CNN

ased discriminator. The generator is a registration network that

akes two input image volumes and outputs the same size pre-

icted deformations. The discriminator is a discrimination network

hat judges whether images are well aligned and feeds misalign-

ent information to the registration network during the train-

ng. The registration and discrimination networks are learned via

dversarial training, i.e. , and the registration network is trained

y the guidance provided by the discrimination network. The

https://doi.org/10.1016/j.media.2019.101545
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.101545&domain=pdf
mailto:ptyap@med.unc.edu
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discrimination network is trained by using the output of the regis-

tration network. The main contributions of this work are summa-

rized as follows: 

• Compared with the traditional registration methods, a ro-

bust and fast end-to-end registration network is developed

for predicting the deformation in one-pass. 
• Compared with supervised learning methods for registration,

the proposed network does not need ground-truth deforma-

tions in training. The network is trained in an adversarial

and unsupervised manner. 
• The proposed adversarial similarity network learns a mean-

ingful metric for effective training of the registration net-

work, without any prior assumption on the image pairs. 
• The proposed method can be generalized for both mono-

modal and multi-modal registration problem. 

This paper extends a preliminary version of the work presented

at the 2018 International Conference on Medical Image Computing

and Computer-Assisted Intervention ( Fan et al., 2018 ). This paper

extends the design of the discrimination network for multi-modal

images. We implement both whole-image-based and patch-based

networks for the registration model. 

The rest of the paper is organized as follows. Section 2 reviews

related work. Section 3 details our adversarial training strategy for

medical image registration. Section 4 presents experimental results

on both brain MRI data and CT-MR pelvic data. We discuss insights

of the results and conclude in Section 6 . 

2. Related work 

Image registration is a crucial and fundamental procedure in

medical image analysis ( Maintz and Viergever, 1998; Holden, 2008;

Sotiras et al., 2013; Viergever et al., 2016; Zhou et al., 2019; 2018;

Tang et al., 2019; 2018; Xue et al., 2006a; Xue et al., 2006b ). The

aim of registration algorithm is to obtain a spatial transformation

that can align a subject (moving or source) image to a template

(fixed or target) image. The spatial transformation includes linear

transformation ( Fan et al., 2016a; 2016b; 2017 ) such as transla-

tion, rotation, scaling, and shearing; and non-linear transformation

determining voxel-to-voxel correspondences. Image registration in-

volves determining the transformation φ∗ that minimizes the im-

age dissimilarity and keeps deformation smooth: 

φ∗ = arg min 

φ
dissim ( I M 

◦ φ, I F ) + λreg ( φ) , (1)

where I M 

∈ R 

3 and I F ∈ R 

3 denote the moving image and the fixed

image, respectively. I M 

◦ φ is the warped moving image using de-

formation φ. Image dissimilarity dissim ( I M 

◦ φ, I F ) can be defined

as the intensity sum of squared distance (SSD) ( Rueckert et al.,

1999 ), (normalized) cross-correlation (CC/NCC) ( Wu et al., 2012;

Wang et al., 2016 ), (normalized) mutual information (MI/NMI)

( Studholme et al., 1999; Viola and Wells III, 1997 ), etc . reg ( φ) is

a regularization term for ensuring smoothness of the estimated

deformation field φ. λ is a regularization parameter that balances

the similarity and smoothness. Regularity of the deformation field

can be achieved by Gaussian smoothing ( Viola and Wells III, 1997;

Woods et al., 1998 ), utilizing a spline ( Wu et al., 2012; Hellier et al.,

2002 ) or diffeomorphic ( Vercauteren et al., 2009; Avants et al.,

2008 ) deformation model. 

Numerous algorithms are proposed for medical image reg-

istration by optimizing (1) . Demons ( Thirion, 1998 ), HAMMER

( Shen and Davatzikos, 2002 ), and Elastix ( Klein et al., 2010 )

are standard methods for image registration. There are meth-

ods that strive to keep the deformation field smooth, topology-

preserving, and diffeomorphic, such as diffeomorphic demons

( Vercauteren et al., 2009 ), log-demons ( Vercauteren et al., 2008 ),
CC-demons ( Lorenzi et al., 2013 ), large deformation diffeomorphic

etric mapping (LDDMM) ( Cao et al., 2005 ), symmetric normal-

zation (SyN) ( Avants et al., 2008 ), and DARTEL ( Ashburner, 2007 ).

owever, these methods often involve computationally expensive

igh-dimensional optimization. 

Recently, deep learning methods have been shown to be

romising in addressing the limitations of conventional registra-

ion methods. Deep learning methods can learn 1) transformation

arameters and 2) deformation field as detailed below. 

.1. Learning transformation parameters 

Image registration is traditionally a high dimensional optimiza-

ion task as the deformation field consists of dense and smooth

isplacement vectors. To simplify the complicated optimization

rocedure, some studies focus on learning preliminary transfor-

ation parameters, such as rigid transformation parameters ( Miao

t al., 2016; Salehi et al., 2018 ), displacements of key points ( Cao

t al., 2017; 2018b ) and registration momentum ( Yang et al., 2017 ),

y using patch-based CNN architecture. 

In order to assess the pose and location of an implanted object

uring surgery, Miao et al. ( Miao et al., 2016 ) used a CNN regres-

ion approach to achieve real-time 2D/3D registration. The trans-

ormation parameter space was partitioned into different zones

nd the CNN model was trained in each zone separately. Then,

he transformation parameters were decomposed in a hierarchi-

al manner. Salehi et al. (2018) also proposed a deep CNN regres-

ion model for 3D rigid registration. They estimated rigid trans-

ormation based on sectional 3D volumetric, and the bi-invariant

eodesic distance was used as the loss function. These CNN models

ere trained using simulated data generated by manually adapting

he transformation parameters. 

Predicting the registration parameters for deformable

egistration is more challenging than rigid registration.

ao et al. (2017) used an equalized active-points sampling

trategy to build a similarity-steered CNN model for predicting

he displacements associated with the active points, and then

he dense deformation field can be obtained by interpolation.

his strategy significantly enhanced the accuracy when estimating

he deformation field and did not require further refinement

y traditional registration methods. Based on this framework, a

ue-aware deep regression network was further proposed to more

ffectively train a registration network ( Cao et al., 2018b ). In these

wo methods, the ground-truth displacements were obtained with

he help of tissue segmentations by using existing registration

ools. In another study, Yang et al. (2017) predicted the momenta

f the deformation in LDDMM setting ( Cao et al., 2005 ). LDDMM

odel takes an initial momentum value for each voxel (which is

ften computationally expensive) as input to calculate the final

eformation field. The authors circumvented this by training a

-Net-like architecture to predict the dense momentum map

rom the input images. They trained the prediction network using

raining images and the ground-truth initial momentum obtained

y numerical optimization of LDDMM. 

.2. Learning deformation field 

The deformation field can be learned directly using deep

earning. Recently, FCNN ( Long et al., 2015 ) and U-Net

 Ronneberger et al., 2015 ) have shown effective for end-to-

nd learning of voxel-to-voxel prediction. Considering the success

f these deep networks in image segmentation tasks, researchers

ow show keen interest in using these networks for predicting the

ense deformation field in the image registration task. 

Training of the registration network can be supervised with

round-truth deformation fields. Uzunova et al. (2017) focused
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t  
n synthesizing a huge amount of realistic ground-truth train-

ng data for deep learning based medical image registration.

asically, they learned a statistical appearance model from the

vailable training images and applied this model to synthesize an

rbitrary number of new images with varying object shapes and

ppearance. Rohé et al. (2017) proposed a U-Net-like architecture,

amely SVF-Net, to perform image registration. In order to obtain

n accurate ground-truth mapping between the image pair, they

uilt reference deformations for training by registering the seg-

ented regions-of-interest (ROIs) instead of registering the inten-

ity images. Sokooti et al. (2017) proposed RegNet to estimate the

isplacement field from a pair of chest CT images. The training

rocess was conducted on a variety of simulated deformations act-

ng as the ground truth, while the testing stage used the trained

odel for aligning the baseline and follow-up CT images of a same

atient. 

Additional guidance, such as image similarity metric

nd segmented labels, can be employed to refine training.

an et al. (2019) proposed a hierarchical dual-supervised U-Net-

ike network. The deformation field achieved by a conventional

egistration method was used as the coarse guidance to pre-train

he network, then the similarity between the reference image and

he warped floating image was used as fine guidance to further

efine training. Hu et al. (2018b,c) used labeled corresponding

tructures for training but without labeling for registration during

esting. These approaches improve the accuracy of deformation

earning when the ground-truth deformations are not accurate. 

Unsupervised learning allows the deformation fields to be

earned directly from the to-be-registered image pair ( Balakrishnan

t al., 2018; Li and Fan, 2018; de Vos et al., 2017; Yan et al., 2018 ).

nsupervised learning models estimate voxel-to-voxel deformable

ransformation by maximizing image similarity. Some standard

imilarity metrics, which are differentiable, such as SSD and NCC,
Fig. 1. The proposed adversarial similarity network for deformable ima
an be employed to define the loss function for training registra-

ion networks. In addition, regularization loss ( Vishnevskiy et al.,

016 ) can also be used to constrain the smoothness of the pre-

icted deformation field. Unsupervised learning makes it possi-

le to train the registration network using large-scale unlabeled

mages. 

. Method 

.1. Registartion network 

In this paper, we propose a general adversarial learning frame-

ork for 3D image registration of mono- or multi-modality images.

n the rest of the paper, the mono-modal images are exemplified

y brain MR images and the multi-modal images are exemplified

y pelvic MR images and CT images. 

We suppose all the moving images { I M 

∈ R 

3 } and fixed images

 I F ∈ R 

3 } are linearly aligned. The adversarial learning framework

ims to predict the dense voxel-to-voxel correspondences, in the

orm of a deformation field, from the moving image to the fixed

mage. We design a registration network R , to learn the deforma-

ion field φ: R : ( I M 

, I F ) → φ. The registration network R is trained

o maximize image similarity and does not require ground-truth

eformation fields. Instead of a similarity metric, image similar-

ty is determined based on a discrimination network D , which can

e trained adversarially to judge whether the two images are well

ligned with probability p ∈ [0, 1]. The registration network R is

rained to register the images as accurate to fool the discrimination

etwork D so that the registered images do not differ. The registra-

ion network R is employed to ensure smooth deformation. 

As illustrated in Fig. 1 , in the training stage, the registration net-

ork R and the discrimination network D are connected by a spa-

ial transformation layer, which connects the output of the R ( i.e. ,
ge registration. The input image pair is already linearly aligned. 
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the deformation field φ) to the input of D (the warped moving im-

age). In the application stage, the deformation field is predicted by

R . 

3.2. Adversarial training 

Networks R and D are trained alternatively in an adversarial

fashion. The training involves 1) feeding to D a reference image

(an image similar to the fixed image, defined in Section 3.5 ) with

the fixed image to learn how a pair of well-registered images look

like; 2) feeding to D the moving image warped using the defor-

mation field estimated by the registration network and the fixed

image to learn how a misaligned pair of images look like; and 3)

feeding to R the moving image and the fixed image to learn a de-

formation field with high score given by D . These steps are iterated

to train the D ( Section 3.3 ) and R ( Section 3.4 ). 

3.3. Training the discrimination network 

The discrimination network D determines whether the input

image pair is similar (i.e., being well-registered). Two cases are

fed into the network alternatively: 1) well-registered image pairs,

called positive case ( P + ) and 2) the misaligned image pairs, called

negative case ( P −). The loss function of D is defined as 

L D ( p ) = 

{
−log ( p ) , c ∈ P + 

−log ( 1 − p ) , c ∈ P −
, (2)

where, p is the output of the D indicating the probability of simi-

larity, and c indicates the input case. During training, each positive

case is expected to give a value close to 1 and each negative case

a value close to 0. The discrimination network D can be optimized

by minimizing the loss function (2) . 

3.4. Training the registration network 

The registration network R aims to make the registered images

as similar as possible, giving a high p -value from D . The similarity

loss function is defined as 

L R ( p ) = −log ( p ) , c ∈ P −. (3)

The smoothness of deformation field φ is enforced with loss 

L reg ( φ) = 

∑ 

v ∈ R 3 ∇φ2 ( v ) , (4)

where v represents the voxel location. In addition, the anti-folding

penalization ( Zhang, 2018 ) is utilized to enhance the regularization
Fig. 2. The definitions of the positive and negative cases for the discrimination netwo
erm, by penalizing large foldings ( i.e., ∇φ( v ) + 1 < 0 ). By jointly

onsidering (3) and (4) , the total loss function for R is 

 = L R ( p ) + λ · L reg ( φ) , (5)

here λ balances the two losses and is set to 10 0 0. More discus-

ion about this parameter is provided in Section 5 . 

Training is carried out iteratively by alternatively optimizing R

nd D . Convergence occurs when D cannot distinguish between

ositive and negative cases. 

.5. Definition of a positive case 

Each positive case is a well-registered image pair consisting of

 reference image and the fixed image. The reference image is de-

ned differently for mono-modal registration and multi-modal reg-

stration. For mono-modal registration, the ideal positive case is

hen the image pair is exactly identical. However, this is an over-

trict requirement and is not practical since anatomical structures

ary across subjects. To avoid this, we generate the reference im-

ge based on the original moving image I M 

and fixed image I F (see

ig. 2 ) using 

 R = α · I M 

+ ( 1 − α) · I F , 0 < α < 1 , (6)

here we set α = 0 . 2 in the initial training stage ( i.e. , the first 5

pochs) to weaken the similarity requirement and α = 0 . 1 in later

tage for greater accuracy. 

For multi-modal registration, the reference image and the mov-

ng image are from the same modality but the fixed image is from

 different modality. We use a small number of paired MR and CT

mages ( Cao et al., 2018a ) from the same subjects as reference. The

iscrimination network is trained using unpaired MR and CT im-

ges. 

.6. Network details 

.6.1. Registration network 

A number of registration networks ( Yang et al., 2017; Fan

t al., 2019; Cao et al., 2018b; Balakrishnan et al., 2018 ) can be

sed in the proposed adversarial framework. We chose U-Net

 Ronneberger et al., 2015 ) for its capability in localized pixel-wise

earning, owing to its contracting encoder and expansive decoder

aths (see Fig. 3 ). In the encoder path, the multi-channel inputs

rst go through a convolutional layer with 3 × 3 × 3 kernels, fol-

owed by rectified linear unit (ReLU) activation ( He et al., 2015 ). A
rk. (a) definition in mono-modal images, (b) definition in multi-modal images. 
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Fig. 3. Architecture of registration network. 

Fig. 4. Architecture of discrimination network. 
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t

 × 2 × 2 max pooling layer is then used to downsample the fea-

ure maps. These layers are included twice to capture information

rom multiple resolutions. 

Symmetric to the encoder path, the decoder path increases the

esolution level twice by using 2 × 2 × 2 deconvolutional layers. A

onvolutional layer with ReLU activation is performed in each res-

lution level. A concatenation operator is included to fuse the up-

ampled feature maps with the corresponding feature maps from

he encoder path. The final deformation field is obtained by a

 × 1 × 1 fully convolutional layer without any activation function.

he weights of the network can be learned using the constraint

rom the discrimination network. 

.6.2. Discrimination network 

The architecture of discrimination network is shown in Fig. 4 .

asically, the input is an image pair and the output is the simi-

arity probability with 1 indicating similarity and 0 indicating dis-

imilarity. Each convolution layer is zero-padded and is followed

y ReLU activations. After applying max pooling for two times, the

ully connected (FC) layer with sigmoid activation function is used

o gather information from the entire image to give a single value.

he images in the different channels, which can come from dif-

erent modalities, are passed through a convolution layer indepen-

ently before concatenation. 

.6.3. Spatial transformation layer 

A spatial transformation layer ( Jaderberg et al., 2015 ) is used to

arp the moving image using the deformation field φ. Each voxel

 in the warped subject image is calculated by tri-linear interpo-
ation in the corresponding location, as given by the displacement

ector, in the subject image: 

 W 

( x ) = I M 

( x + φ( x ) ) (7) 

≈ �y ∈N ( x + φ( x ) ) I M 

( y ) ·
∏ 

d∈{ 0 , 1 , 2 } 
( 1 − | x d + φd ( x ) − y d | ) , (8) 

here I W 

is warped version of I M 

based on deformation φ, x is a

oxel location in I W 

, y ∈ N ( x + φ( x ) ) is an 8-voxel cubic neighbor-

ood of location x + φ( x ) , and d is the dimension index in the 3D

mage space. There are no trainable parameters in this layer. The

radients of this layer are back propagated from the discrimination

etwork D to train the registration network R . 

.6.4. Implementation details 

In this paper, we have implemented both patch-based

 Fan et al., 2019 ) and full-image-based ( Balakrishnan et al., 2018 )

egistration networks. The detailed architectures are described in

able 1 . 

The patch-based implementation takes as input overlapping

8 × 68 × 68 images patches extracted from the moving and fixed

mages and produce as output a 28 × 28 × 28 patch of displace-

ent vectors. The patch size is reduced because zero-padding is

ot performed during convolution. We deliberately predict only

entral deformations of the patches, because the deformable pre-

iction is highly related to the local information of the images,

nd the boundary regions of the patches may lose their real corre-

pondences. That means the maximum offset of displacement vec-

or in each direction is 20, which is sufficient for measuring the

ocal deformations. When dealing with larger scale deformed im-

ges, the range of receptive field needs to be enlarged by adding

ore convolutional and pooling layers. When training or deploy-

ng the patch-based network for the full images, we extract over-

apping patches by the step size of 28, i.e. , the output patch size.

hus, all the non-overlapping output patches can form the entire

eformation field. The more detailed discussion about patch-based

egistration network can be found in our previous work ( Fan et al.,

019 ). 

The full-image-based implementation is more straightforward

ith the same input and output sizes without zero-padding during

onvolution. But limited by GPU memory, the number of feature

hannels of the full-image-based implementation is much smaller

han the patch-based implementation. 
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Table 1 

The implementation details of the network architecture. (Findicates the size of full image). 

Network Layer Patch-based implementation Full-image-based implementation 

Input 

size 

Output 

size 

Number of 

channels 

Repeat 

times 

0-padding Input 

size 

Output 

size 

Number of 

channels 

Repeat 

times 

0-padding 

Conv1 68 3 64 3 64 2 No 1 • F 1 • F 16 1 Yes 

Pool1 64 3 32 3 64 1 - 1 • F 1/2 • F 16 1 - 

Conv2 32 3 28 3 128 2 No 1/2 • F 1/2 • F 32 1 Yes 

Pool2 28 3 14 3 128 1 - 1/2 • F 1/4 • F 32 1 - 

Conv3 14 3 10 3 256 2 No 1/4 • F 1/4 • F 32 1 Yes 

Registration 

Network Deconv1 

10 3 20 3 128 1 - 1/4 • F 1/2 • F 32 1 - 

Conv4 20 3 16 3 128 2 No 1/2 • F 1/2 • F 32 1 Yes 

Deconv2 

16 3 32 3 64 1 - 1/2 • F 1 • F 32 1 - 

Conv5 32 3 28 3 64 2 No 1 • F 1 • F 8 2 Yes 

FullyConv 

28 3 28 3 3 1 - 1 • F 1 • F 3 1 - 

Conv1 28 3 28 3 8 1 Yes 1 • F 1 • F 8 1 Yes 

Conv2 28 3 28 3 8 1 Yes 1 • F 1 • F 8 1 Yes 

Pool1 28 3 14 3 8 1 - 1/2 • F 1/2 • F 8 1 - 

Conv3 14 3 14 3 16 1 Yes 1/2 • F 1/2 • F 16 1 Yes 

Pool2 7 3 7 3 16 1 - 1/4 • F 1/4 • F 16 1 - 

Conv4 7 3 7 3 32 1 Yes 1/4 • F 1/4 • F 32 1 Yes 

FC 7 3 1 1 1 - 1/4 • F 1 1 1 - 
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The same network architecture is used for mono-modal and

multi-model registration. The network is implemented using 3D

Keras ( Chollet et al., 2015; Abadi et al., 2016 ) and trained on a sin-

gle Nvidia TitanX GPU. We use the Adam optimizer ( Kingma and

Ba, 2014 ) with an initial learning rate of 1e-4 and 0.5 wt decay af-

ter every 50K iterations. Training a patch-based network typically

takes 10 epochs and a full-image-based network takes 20 epochs. 

4. Experimental results 

In this section we evaluate the performance of the proposed

method in both mono-modal and multi-modal image registration. 

4.1. Competing methods 

We compared the proposed method with two state-of-the-art

registration methods, i.e., LCC-demons ( Lorenzi et al., 2013 ) and

SyN ( Avants et al., 2008 ). Comparison was also performed with

respect to deep learning registration methods that use different

forms of guidance, including ground-truth deformations and inten-

sity SSD and CC. 

(1) LCC-demons ( Lorenzi et al., 2013 ): A fast and robust regis-

tration framework based on the log-Demons diffeomorphic

registration algorithm. The transformation is parameterized

by stationary velocity fields. The similarity metric is the

symmetric local correlation coefficient (LCC). 

(2) SyN ( Avants et al., 2008 ): A symmetric image normalization

method (SyN) for maximizing the cross-correlation within

the space of diffeomorphic maps. 

(3) DL_GT ( Fan et al., 2019 ): Supervised deep learning registra-

tion using ground-truth deformations produced by SyN. 

(4) DL_SSD ( de Vos et al., 2017 ): Unsupervised deep learning

registration using SSD similarity metric. 

(5) DL_CC ( Balakrishnan et al., 2018 ): Unsupervised deep learn-

ing registration using CC similarity metric. 

(6) DL_ASN (Proposed): Unsupervised deep learning registration

with adversarial similarity network. 

Unless otherwise specified, all the deep learning methods are

based on patch-based implementation. Comparison results of the

patch-based and full-image-based implementations are provided in

Section 4.2.4 
.2. Mono-Modal registration 

.2.1. Datasets and settings 

For evaluation, we utilize four public datasets ( Klein et al.,

009 ): LPBA40, IBSR18, CUMC12, and MGH10. In preprocessing, all

he subjects are linear registered to the same space by using FLIRT

 Jenkinson and Smith, 2001 ). After affine registration, all the im-

ges are resampled to the same size (224 × 224 × 160) and resolu-

ion (1 × 1 × 1 mm 

3 ). The training images are derived from LPBA40.

mong 40 subjects, 30 subjects are selected for training. 30 × 29

mage pairs can be drawn. Specifically, 300 patch pairs were ex-

racted from each training image pair by a 28-voxel sliding step,

ielding a total of 26,0 0 0 training samples. The remaining 10 im-

ges (10 × 9 image pairs) are used for validation. IBSR18, CUMC12,

nd MGH10 are used for testing. 

.2.2. Evaluation on LPBA40 

For the 10 testing subjects in the LPBA40 dataset, we per-

orm deformable registration on each image pair. The Dice Simi-

arity Coefficient (DSC) of 54 brain ROIs (with names defined in

lein et al. (2009) ) is shown in Fig. 5 . The proposed algorithm

chieves the best performance for 42 out of the 54 ROIs. The per-

ormance for the remaining 12 ROIs is comparable with other deep

earning registration algorithms. The improvements for 35 ROIs are

tatistically significantly ( p − v alue < 0 . 05 ). The average DSC value

n Table 2 also shows the best accuracy of the proposed method,

hich indicates that the proposed adversarial similarity guidance

s effective to train an accurate registration network in an unsu-

ervised manner. 

.2.3. Evaluation on IBSR18, CUMC12, MGH10 

To evaluate the generalizability of the proposed method, we ap-

ly the network trained on only 30 images of LPBA40 to three

ifferent datasets (i.e., IBSR18, CUMC12, and MGH10). We regis-

er each image pair in the same dataset. Fig. 6 shows a typical set

f results from MGH10, demonstrating that the proposed method

ields better structural alignment. The results for LCC-demons and

yN are obtained after careful parameter tuning. Fig. 7 shows

he corresponding cortical surfaces. We observe that our proposed

ethod achieves the most accurate aligned sulci and gyri, indi-

ated by yellow curves. 
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Fig. 5. Boxplots of DSC values (%) of 54 ROIs for the 10 testing subjects from the LPBA40 dataset, for registration using 1) supervised learning, 2) similarity metrics SSD 

and CC, and 3) the proposed adversarial similarity network. “+” marks statistically significant improvements ( p − v alue < 0 . 05 ) given by the proposed method over the other 

three methods. 

Table 2 

Quantitative results for LPBA40, IBSR18, CUMC12, and MGH10 datasets. 

Dataset Affine LCC-demons SyN DL_GT DL_SSD DL_CC Proposed 

LPBA40 60.4 ± 2.6 70.7 ± 2.2 71.3 ± 1.8 70.7 ± 2.3 70.4 ± 2.2 71.2 ± 2.8 71.8 ± 2.3 

DSC (%) IBSR18 39.8 ± 3.2 56.8 ± 2.0 57.4 ± 2.4 52.4 ± 3.1 53.1 ± 1.8 54.2 ± 3.4 57.8 ± 2.7 

CUMC12 40.2 ± 3.3 53.9 ± 2.7 54.1 ± 2.8 52.7 ± 3.1 51.6 ± 2.3 51.8 ± 4.1 54.4 ± 2.9 

MGH10 46.3 ± 3.8 61.4 ± 2.3 62.4 ± 2.4 59.7 ± 2.5 58.2 ± 1.6 59.6 ± 2.9 61.7 ± 2.1 

LPBA40 1.17 ± 0.14 0.53 ± 0.04 0.49 ± 0.03 0.59 ± 0.06 0.62 ± 0.05 0.54 ± 0.04 0.47 ± 0.03 

ASD (mm) IBSR18 1.43 ± 0.20 0.71 ± 0.04 0.70 ± 0.04 0.78 ± 0.07 0.82 ± 0.08 0.75 ± 0.05 0.68 ± 0.05 

CUMC12 1.53 ± 0.23 0.77 ± 0.05 0.72 ± 0.04 0.82 ± 0.06 0.85 ± 0.06 0.79 ± 0.04 0.70 ± 0.04 

MGH10 1.24 ± 0.19 0.60 ± 0.04 0.57 ± 0.04 0.70 ± 0.06 0.71 ± 0.06 0.65 ± 0.04 0.58 ± 0.04 

Fig. 6. Typical registration results from MGH10. 
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Fig. 7. Visualized registration results. Yellow curves draw the alignment of sulcus 

and gyrus. 

Table 3 

Comparison of patch-based and full-image-based implementations in terms 

of training time per epoch for 30 × 29 image pairs in LPBA40 and testing time 

per image pair with size 224 × 224 × 160. 

Methods Training time (h) Testing time (s) DSC (%) 

Patch-based 45 18.8 71.8 ± 2.3 

Full-image-based 1.8 1.3 71.2 ± 2.7 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8. Registration results of multi-modal images. The red curves outline the ROIs 

on the CT images, and the green regions are the corresponding ROIs on the MR im- 

ages. (For interpretation of the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 

Table 4 

Quantitative results for pelvic dataset. 

Organ Affine SyN DL_GT Proposed 

Bladder 84.7 ± 5.4 86.2 ± 4.8 86.1 ± 5.8 89.1 ± 4.3 

DSC (%) Prostate 80.6 ± 5.2 83.9 ± 3.7 83.4 ± 4.0 86.8 ± 3.8 

Rectum 77.4 ± 4.5 81.6 ± 4.4 80.9 ± 4.5 84.7 ± 4.2 

Bladder 1.87 ± 0.63 1.59 ± 0.48 1.62 ± 0.55 1.33 ± 0.38 

ASD (mm) Prostate 2.06 ± 0.67 1.74 ± 0.54 1.78 ± 0.60 1.57 ± 0.44 

Rectum 2.34 ± 0.79 1.94 ± 0.62 1.96 ± 0.59 1.57 ± 0.41 
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Table 2 provides the Dice Similarity Coefficient (DSC) and Av-

erage Surface Distance (ASD) for all competing methods. The av-

erage DSC is calculated based on all the ROIs for each individual

dataset, and ASD is calculated based on the surfaces representing

the boundaries between white matter and gray matter. The LPBA40

results are obtained from the validation set, i.e. , the 10 images not

used for training. The proposed method achieves the best over-

all performance for most of the challenging registration tasks. The

deep learning methods are trained only using the LPBA40 dataset.

The other three datasets are unseen datasets to training. The re-

sults indicate that, all the deep learning methods work well on

LPBA40, but less so for unseen datasets except the proposed. 

4.2.4. Patch- vs . full-Image-Based implementations 

Table 3 presents the computational efficiency (using NVIDIA Ti-

tanX GPU) and DSC accuracy on LPBA40 validation set. The patch-

based implementation uses 300 patch pairs for training and the

full-image-based implementation uses the image pairs as sam-

ples. The training time per epoch of patch-based implementation

is much longer than that of full-image-based implementation, al-

though the training time of a single patch is faster than a full im-

age. The testing time of patch-based implementation is 10 times

more than that of full-image-based implementation. Both imple-

mentations are much faster than conventional registration meth-

ods, such as SyN (47 minutes) and LCC-demons (23 minutes) per

image pair on CPU. The GPU implementation of SyN ( Luo et al.,

2015 ) takes about 10 minutes. 

4.3. Multi-Modal registration 

The evaluation of multi-modal image registration is based on

pelvic MR and CT images (224 × 192 × 96, 1 × 1 × 1 mm 

3 ) of 22

prostate cancer patients. The prostate, bladder and rectum in both

MR and CT images are manually labeled by physicians. All the CT

(fixed) and MR (moving) images are linearly registered to a com-

mon space using FLIRT ( Jenkinson and Smith, 2001 ) with mutual

information (MI). 

In the training stage, we randomly choose 10 image pairs of the

same patients to prepare paired data , which is used to train the

discrimination network as the well registered images for positive
ase, by further registering the labels of prostate, bladder and rec-

um ( Cao et al., 2018a ). Then, we randomly select 15 × 15 image

airs from 15 CT images and 15 MR images to form the training

et, and the remaining 7 image pairs are used as the testing set.

he other training settings of the networks follow that of mono-

odal image registration. 

Since SSD and CC will not work for multi-modal registration,

nly MI based SyN and supervised deep learning trained using

round-truth deformations produced by SyN are used in compari-

on. Example qualitative ( Fig. 8 ) and quantitative ( Table 4 ) results

ndicate our method can effectively register multi-modal images. 

. Discussion 

The proposed unsupervised adversarial learning strategy avoids

he need for ground-truth deformations and predefined similarity

etric. Experimental results have demonstrated its accuracy, gen-

ralizability and speed. However, there are some limitations that

eed to be addressed. 

In GAN training ( Goodfellow et al., 2014 ), the discriminator typ-

cally converges much faster than the generator, causing the gener-

tor to be under-trained. Adjusting the training proportion of the

enerator and the discriminator can help balance the convergence

peed of these two networks. But this is still an open problem

nd should be further investigated and addressed with methods

uch as Pixel-GAN ( Isola et al., 2017 ), Cycle-GAN ( Zhu et al., 2017 )

nd WGAN-GP ( Gulrajani et al., 2017 ). Another way is to choose a

ore reasonable definition of reference data to train the discrimi-

ator. In this paper, in order to avoid pre-defined assumptions and

rior knowledge, the simplest reference selection method is used

o make the model learn autonomously. More attempts on refer-

nce image settings will help improve the performance of the ad-

ersarial training strategy in the registration problem. 

We have evaluated the deformation smoothness for different

alues of λ in Eq. (5) using the range [0,2500]. As can be seen from

ig. 9 , the DSC value increases with λ before 500 but decreases af-

er that point. Table 5 presents the average number of voxels with
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Table 5 

Average (std) number of voxels with negative Jacobian determinant values for different deep 

learning registration methods. 

Dataset DL_GT DL_SSD DL_CC Proposed 

Brain 28745.6 (5479.1) 31475.1 (6104.5) 26541.9 (4791.2) 15713.8 (2013.5) 

Pelvic 14712.8 (2514.6) - - 10145.2 (1204.3) 

Fig. 9. Effect of varying λ for balancing L R and L reg . 
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egative Jacobian determinant values for all the deep-learning-

ased registration methods. Our method yields the least number

f voxels with negative Jacobian determinant values among these

eep-learning-based registration methods. Since we do not use

iffeomorphic constraint for regularization, the number of voxels

ith negative Jacobian determinant values is still larger than SyN

nd LCC-demons (almost all positive). For well-behaving deforma-

ion fields, diffeomorphic deformation models ( Yang et al., 2017;

alca et al., 2018 ) can be used. Another alternative is to use ad-

ersarial training, with ideal deformations simulated using biome-

hanical models ( Hu et al., 2018a ), to enforce regularization by dis-

riminating predicted deformations from ideal ones. 

. Conclusion 

In this paper, we have introduced an unsupervised adversarial

earning strategy for mono- and multi-modal image registration.

ur network does not need ground-truth deformations or prede-

ned similarity metrics. Instead, the similarity metric is learned

utomatically based on a discrimination network. The experimen-

al results indicate that the proposed method yields registration

ccuracy comparable to state-of-the-art methods but with signif-

cantly better generalizability. 
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