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a b s t r a c t 

Navigated 2D multi-slice dynamic Magnetic Resonance (MR) imaging enables high contrast 4D MR imag- 

ing during free breathing and provides in-vivo observations for treatment planning and guidance. Naviga- 

tor slices are vital for retrospective stacking of 2D data slices in this method. However, they also prolong 

the acquisition sessions. Temporal interpolation of navigator slices can be used to reduce the number of 

navigator acquisitions without degrading specificity in stacking. In this work, we propose a convolutional 

neural network (CNN) based method for temporal interpolation, with motion field prediction as an inter- 

mediate step. The proposed formulation incorporates the prior knowledge that a motion field underlies 

changes in the image intensities over time. Previous approaches that interpolate directly in the intensity 

space are prone to produce blurry images or even remove structures in the images. Our method avoids 

such problems and faithfully preserves the information in the image. Further, an important advantage of 

our formulation is that it provides an unsupervised estimation of bi-directional motion fields. These mo- 

tion fields can potentially be used to halve the number of registrations required during 4D reconstruction, 

thus substantially reducing the reconstruction time. These advantages are achieved while preserving 4D 

reconstruction quality as compared to that with the true navigators. 

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

Involuntary motion of anatomical structures due to factors such

as breathing, peristalsis and heart beat is an important concern in

image-guided therapy applications, such as planning and guiding

radiotherapy ( Bert and Durante, 2011 ) and high intensity focused

ultrasound therapy ( Arnold et al., 2011 ). For instance, if such mo-

tion is not taken into account in radiotherapy, it may lead to dose

distribution degradation ( Lambert et al., 2005 ), reducing the effi-

cacy of the treatment and irradiating healthy tissue. Visualizing

and quantifying these motion patterns is thus an essential com-

ponent in these applications and is enabled by recent advances in

dynamic volumetric (4D) imaging ( Li et al., 2008 ). 

4D imaging can be done with either CT ( Low et al., 2003; Keall

et al., 2004 ) or MRI ( Cai et al., 2011; Von Siebenthal et al., 2007 ).

The benefits of the latter over the former include better soft-

tissue contrast, flexibility in choosing plane orientations as well

as not exposing patients to ionizing radiation, which allows ac-

quiring long sequences to capture motion irregularities. However,

due to inherent trade-offs in MR imaging between image resolu-
∗ Corresponding author. 

E-mail address: nkarani@vision.ee.ethz.ch (N. Karani). 
1 Both authors have contributed equally to this manuscript. 

n  

s  

a  

t  

https://doi.org/10.1016/j.media.2019.02.008 

1361-8415/© 2019 Elsevier B.V. All rights reserved. 
ion, acquisition time and signal-to-noise ratio, 4D MRIs cannot

e acquired by imaging entire volumes of interest at each instant

n time. Consequently, several techniques have been proposed to

vercome these trade-offs. Among these techniques, the ones that

llow for free-breathing imaging typically use the following strat-

gy: acquire 2D image slices from the volume of interest across

everal breathing cycles and retrospectively create the 4D image

y stacking together 2D slices acquired at the same phase in differ-

nt breathing cycles. Such slice-stacking techniques ( Von Siebenthal

t al., 2007; Tryggestad et al., 2013; Baumgartner et al., 2013 ) differ

rom one another in the metric they employ to identify temporally

orresponding slices from different breathing cycles. In this article,

e focus on navigated 2D multi-slice imaging ( Von Siebenthal et al.,

007 ), a particular variant among slice-stacking techniques for 4D

RI. 

In navigated 2D multi-slice imaging ( Von Siebenthal et al., 2007 ),

o-called navigator slices or navigators are acquired, interleaved

ith the 2D data slice acquisitions. The navigators are dedicated

cquisitions, whose purpose is to tag their temporally adjacent

ata slices to phases of the breathing cycle. The scheme acquires

avigator slices N t (at the same anatomical location) and data

lices D 

p 
t (at different locations p to cover the volume of interest)

lternately over several breathing cycles, as shown in the illustra-

ion in Fig. 1 (a). Here, t denotes the temporal index of the N or

https://doi.org/10.1016/j.media.2019.02.008
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.02.008&domain=pdf
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Fig. 1. Acquisition schemes of navigated 2D multi-slice imaging showing (a) conventional approach ( Von Siebenthal et al., 2007 ) interleaving 1 navigator slice N and 1 data 

slice D p , (b-c) modified approaches interleaving 1 N and 3 D p , which can be used (b) to reduce acquisition time with the same image resolution as before or (c) to improve 

image resolution by acquiring more data slices to cover the same volume of interest. The black circles denote the navigator acquisitions, whereas the different shades of gray 

and geometric shapes refer to different data slices. The horizontal lines in (a) depict the 3D volume reconstruction procedure for the first shown data slice. The enlarged 

data slices at other depths are the ones that are selected to form the 3D volume, by comparing the corresponding navigator positions. 
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 acquisition in the sequence. After the acquisition is complete,

ach navigator is registered to a selected end-exhalation naviga-

or, which we call as the reference navigator. The mean 2D motion

f the resultant motion field over the region of interest is com-

uted as an approximate descriptor of the breathing phase. Sub-

equently, for each navigator, data slices enclosed by other naviga-

ors acquired at the most similar phase of the breathing cycle are

tacked together to form a 3D image at that phase. Combining vol-

mes corresponding to each acquired navigator provides the final

D reconstruction over several breathing cycles. Note that there are

wo main assumptions in this 4D MRI technique. Firstly, as the data

lice sorting is based on the motion in the selected region of the

avigators, consistent reconstruction for moving organs will only

e achieved if their motion is correlated with the motion in the se-

ected region. Secondly, out-of-plane motion in the navigator slices

s assumed to be minimal, so that the registration, which measures

nly in-plane motion, provides an accurate descriptor of the posi-

ion in the breathing cycle. These assumptions are, however, easily

et in practice due to the orientation selection flexibility in MRI

nd by choosing a navigator location through the organ of interest,

hich shows stable structures during free-breathing. 

Other slice-stacking techniques without navigators has been

roposed by using external breathing signal ( Tryggestad et al.,

013 ) or consistency between adjacent data slices ( Baumgartner

t al., 2013 ). However, navigators enable continuous organ motion

uantification, which might not be externally measurable (e.g. drift

f the liver ( Von Siebenthal et al., 2007 )) or hard to accurately es-

imate from the data slices, and hence potentially provide superior

econstructions. An additional benefit of this technique is that it is

specially useful for capturing irregular breathing patterns as it can

rovide long and uninterrupted observations during free-breathing.

While navigators are essential for the specificity in slice stack-

ng in navigated multi-slice imaging, they also prolong the ac-

uisition time. If it were possible to retain the benefits of dedi-
ated navigators with relatively infrequent navigator acquisitions,

he saved time could be utilized to either reduce the overall ac-

uisition time or to improve through-plane resolution, using the

ame time to acquire more data slices. These two scenarios are de-

icted in the modified acquisition schemes shown in Fig. 1 (b) and

c) respectively. This motivates the idea of acquiring fewer navi-

ators and temporally interpolating these to predict the missing

nes. 

With this motivation, ( Karani et al., 2017 ) proposed a convo-

utional neural network (CNN) based approach for temporal inter-

olation of navigators. Their CNN takes as inputs a fixed number

f acquired images and learns to predict the missing images di-

ectly in the intensity space. This approach, which we call the Sim-

le Convolutional Interpolation Network (SCIN), is a ’black-box’ for-

ulation that does not incorporate any prior information about

he interpolation process. Image prediction is guided only by the

ost function used to optimize the network parameters. The issue

ith this is that it is unclear whether the image similarity mea-

ures that are generally used as cost functions suffice to ensure

delity of the generated images to the original images. Indeed,

ig. 2 b shows a case where an image interpolated using SCIN is

uite blurry and misses several liver and lung structures present

n the original image. 

In this article, we propose an interpolation method that in-

orporates the prior knowledge that a motion field underlies the

ifference between images acquired at different times. We note

hat in scenarios where an image sequence captures anatomical

tructures in motion (without induced contrast changes), the

ontent of the images remains largely unchanged over time and

ssues such as occlusion are not pertinent. Further, if the principal

irection of motion is in the plane of the 2D images, the chances

f structures going out of the image or new structures coming into

he image due to off-plane motion may be minimal. Under these

ssumptions, each image can be viewed as a spatially transformed
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Fig. 2. (a) Ground truth and (b,c) interpolated images from (b) baseline (SCIN) and (c) proposed method (MFIN). The image interpolated via SCIN is heavily blurred and 

misses several lung and liver structures, while the proposed method is able to preserve the details in the ground truth image. 
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version of its temporal neighbours. Indeed, the retrospective sort-

ing based on navigator slices in the 4D reconstruction procedure

of ( Von Siebenthal et al., 2007 ) itself relies on the same assump-

tions. This observation leads us to incorporate motion field predic-

tion as an intermediate step for the interpolation problem, which

removes the ability of the CNN to directly change image intensities

and enables the regularization of the predicted motion fields. We

hypothesize that this formulation makes changes in image struc-

ture unlikely, leading to more plausible predicted images. We train

a CNN to take as input several acquired navigators and predict the

motion fields between the image to be interpolated and its known

two neighbours. Any of these two motion fields can then be used

to wrap the corresponding known neighbouring image to obtain

the missing image. We call this network the Motion Field Interpola-

tion Network (MFIN). MFIN is trained end-to-end using only naviga-

tor images, without ground truth motion fields. Indeed, an impor-

tant advantage of our interpolation formulation is that it provides

an unsupervised estimation of the motion fields. In the particular

setting of navigated multi-slice imaging like ( Von Siebenthal et al.,

2007 ), each navigator has to be registered to a reference image

during the retrospective 4D reconstruction procedure. The motion

fields obtained by our interpolation framework can be potentially

used to halve the number of these registrations, substantially

reducing the computational effort of 4D reconstruction. 

A preliminary version of this study has been presented at a

conference ( Zhang et al., 2018 ). In that paper, we introduced the

idea of temporal interpolation via motion field prediction and a

novel cyclic consistency training loss to regularize the predicted

motion fields. The proposed methods were extensively evaluated

with respect to several intensity-based and registration-based met-

rics. In this work, we extend ( Zhang et al., 2018 ) in the follow-

ing ways. As previously noted, we believe that it is an important

benefit of our method that it is trained end-to-end without re-

quiring ground truth motion fields. Here, we also consider a sce-

nario where our interpolation network is trained in a supervised

manner, by providing ’ground-truth’ motion fields obtained from a

gold-standard registration algorithm. The aim of this experiment is

to examine if the unsupervised case can already achieve the per-

formance obtained from the supervised training. Further, we carry

out an ablation study to investigate the benefit of estimating bi-

directional motion fields, as the motion field in either one of the

two directions is sufficient for interpolation. Finally, we evaluate

the effect of the proposed interpolation method on the 4D recon-

structions obtained from the interpolated navigators. Our results

indicate that the quality of the 4D reconstructions is well pre-

served even with the interpolated navigators. 

2. Related work 

Temporal image interpolation in the medical imaging context

has been mainly suggested for ultrasound imaging ( Lee et al.,
0 03; Nam et al., 20 06; Zhang et al., 2011 ). These methods ex-

licitly track pixel-wise correspondences between neighbouring

mages via optical flow estimation or non-linear registration. An

dvantage of such methods is that they typically estimate the

nderlying motion fields as part of the interpolation. Yet, they

ften make simplistic assumptions regarding the shape and dy-

amics of the motion trajectory such as linear, constant velocity.

ith the recent surge of methods based on neural networks,

nd-to-end learning -based solutions directly predict in-between

mages given surrounding ones, skipping the motion field estima-

ion. In this line, Karani et al. (2017) proposed the aforementioned

CIN for interpolating navigators for 4D-MRI reconstruction. In

omputer vision, variants of CNNs have been suggested for inter-

olation ( Long et al., 2016 ) and video frame prediction ( Srivastava

t al., 2015; Goroshin et al., 2015; Mathieu et al., 2015 ). A common

eature of these methods is that the image predictions are made

irectly in the intensity space. 

Prediction of image intensities from scratch may be difficult,

eading to blurry results, or even distortion of image structures. To

ackle this, some works have suggested using the content of the

nown images. Yeh et al. (2016) propose to use a variational auto-

ncoder (VAE) ( Kingma and Welling, 2013 ) to learn bidirectional

otion fields between two known images. Then, without explicit

raining for interpolation, motion fields from the known images

o an in-between image are predicted by linear interpolation

n the latent space of the VAE. This approach produces sharp

nterpolated facial expression images, but it is unclear whether it

ould be able to faithfully interpolate breathing motion patterns

n abdominal navigators, which also requires the prediction of

he linear interpolation coefficient. In ( Jiang et al., 2017 ), a CNN

irectly predicts bi-directional motion fields between the known

mages, which are further refined using another CNN to account

or occlusions and then combined to produce the interpolated

mage. In ( Niklaus et al., 2017 ), interpolation is formulated as

 local convolution over the known images and a CNN predicts

 convolutional kernel for each pixel of the interpolated image.

lthough these methods incorporate prior information about the

mage content into the interpolation framework, they do not

eadily provide the motion fields from the known images to the

nal predicted image. Note that in both ( Yeh et al., 2016; Jiang

t al., 2017 ), bi-directional motion fields are combined to obtain

he interpolated image, as the emphasis is on dealing with inter-

olation scenarios including occlusions. Such combination renders

he methods unable to provide the final motion field between the

redicted and the known images. 

The underlying motion estimation problem has been sepa-

ately studied, either requiring ground truth flow fields for train-

ng ( Fischer et al., 2015; Ilg et al., 2017; Ranjan and Black, 2017 ) or

n an unsupervised fashion by relying on reconstruction of warped

mages using predicted flow fields ( Patraucean et al., 2015; Jason

t al., 2016 ). The relationship between the problems of interpola-
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Fig. 3. Architectures of the Simple Convolutional Interpolation Network 

(SCIN) ( Karani et al., 2017 ), the proposed Motion Field Interpolation Network 

(MFIN), its reduction to a single field prediction (MFIN-s) and its extension for 

incorporating cyclic consistency (MFIN-c). For the convolutional layers, f i , n i and 

n i +1 indicate the filter size and number of input and output channels respectively 

in the i th layer. 
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ion and motion field estimation has been exploited in ( Long et al.,

016 ) to find dense correspondences between input images via

aliency maps ( Simonyan et al., 2013 ) of an interpolation CNN. In-

tead of this indirect approach of using interpolation to find mo-

ion fields, MFIN takes the direct route and interpolates by first

stimating the underlying motion. 

Another related problem is that of image registration. CNNs

ave been proposed for learning image registration using known

round truth motion ( Dosovitskiy et al., 2015 ) or gold-standard

egistration results ( Yang et al., 2017 ), or in an unsupervised man-

er within an optimization framework ( de Vos et al., 2017 ). While

he registration problem is one of motion field estimation between

wo known images, the interpolation problem is to predict missing

mages and here, we are additionally interested in estimating the

nderlying motion. 

. Methods 

As described in Section 1 , the overall acquisition scheme in nav-

gated multi-slice imaging is { N 1 , D 

1 
1 
, N 2 , D 

2 
2 
, N 3 , D 

3 
3 
, N 4 , . . . }, where

he subscript for the navigator or the data slices represents their

emporal index in the acquisition sequence, while the superscript

or the data slices refers to their anatomical location. For the rest

f the article, unless mentioned otherwise, we consider only the

avigator sequence (i.e. { N t }, where t = 1 , 2 , 3 , 4 , . . . ) as we are in-

erested in interpolation therein. We consider a scenario where the

emporal resolution of the acquired navigator sequence is sought

o be doubled. That is, missing navigators { N 4 , N 6 , N 8 , . . . } are to be

nterpolated using the acquired navigators { N 1 , N 3 , N 5 , N 7 , . . . }. Fol-

owing ( Karani et al., 2017 ), where temporal context beyond imme-

iate neighbours has been shown to be important for interpolating

midst non-linear motion, we provide two images each from the

ast and the future as inputs to MFIN. Thus, in order to interpolate

 t , the inputs to the network are N t−3 , N t−1 , N t+1 and N t+3 . 

The general architecture of MFIN is shown in Fig. 3 . The input

mages pass through shared convolutional layers before diverging

nto two sub-networks. Each sub-network predicts the motion field

rom the image to be interpolated, N t , to one of its neighbours

 N t−1 or N t+1 ). The motion field predicted by each sub-network

 F t → t −1 or F t → t +1 ) is used to warp the corresponding neighbour-

ng image using bilinear interpolation to predict N t independently.

he warping layer is described in detail in Section 3.2 . The loss

unction used to optimize the network parameters (discussed in

ection 3.1 ) is defined to measure the dissimilarity of the inter-

olated and the ground truth images, thus not requiring ground

ruth motion fields. While either one of the two sub-networks is

ufficient for interpolation, we still predict the displacement fields

n both directions in view of potential inductive bias promoted

y multi-task learning ( Caruana, 1998 ). To investigate if the bi-

irectional field prediction is indeed beneficial or not, we train an

blated network MFIN-s(ingle) (see Fig. 3 ), where the motion field

s predicted only in one direction. Additionally, in an extension to

ur base model called MFIN-c(ycle) described in Section 3.3 , we

tilize the bidirectional motion fields to enforce a cyclic consis-

ency constraint. 

.1. Loss functions 

The loss function for MFIN, shown in Eq. (1) , consists of a

econstruction loss term ( L recon ) and a regularization term ( L reg ).

 recon ( Eq. (2) ) is the sum of the reconstruction errors from the

wo sub-networks, where N 

′ 
t,s denotes the prediction for image N t 

y warping the image N s according to the estimated motion field

 t → s , i.e. defined by displacement vectors originating at pixel lo-

ations in N t pointing to N s . The form of the reconstruction loss

ust capture the desired notion of image dissimilarity between
he predicted and the ground truth image. The mean-squared-error

n intensity space, which is generally used as the reconstruction

oss, might not be robust to intensity scaling. Such scaling might

e relevant due to saturation effects in the employed interleaved

R acquisition, where the navigator image is saturated when the

receding data slice is at a similar location. Since the MFIN formu-

ation simply moves the pixel-intensities from one of the known

mages to obtain the missing image, it cannot account for such ef-

ects. Importantly, such intensity differences are not crucial for the

pplication of 4D reconstruction as long as the estimated motion

elds are accurate. With this motivation, we investigate the use of

he structural similarity (SSIM) index ( Wang et al., 2004 ) as a sim-

larity measure in addition to the generally used L 2 intensity loss.

SIM between two image patches p t and p s ( P SSIM 

) is defined in

q. (5 ), where μt , μs are patch means, σ 2 
t , σ

2 
s are patch variances,

ts is the covariance of the two patches and c 1 , c 2 are constants.

SIM between entire images is based on the mean of SSIM be-

ween corresponding patches, and turned into a dissimilarity (i.e.

oss L SSIM 

) by taking the negative value, see Eq. (4) . SSIM takes

nto account local correlation between image patches and there-

ore, may be more robust to the aforementioned intensity scalings.

t has also been shown to preserve low-level structure ( Snell et al.,

017 ). Finally, it is differentiable and can thus be readily integrated

nto gradient based optimization. For L reg , we employ total vari-

tion regularization ( Eq. (3) ) to promote smoothness in the pre-

icted motion fields, while allowing for sharp gradients to cope

ith sliding interfaces. 

L total , MFIN = L recon , MFIN + λ1 L reg , MFIN (1) 

L recon , MFIN = L 
(
N t , N 

′ 
t ,t −1 

)
+ L 

(
N t , N 

′ 
t ,t +1 

)
with L ∈ { L 2 , L SSIM 

} (2) 
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L reg , MFIN = ||∇ F t → t −1 || 1 + ||∇ F t → t +1 || 1 (3)

L SSIM 

(N t , N s ) = − 1 

n P 

n P ∑ 

p t ∈ N t ,p s ∈ N s 
P SSIM 

(p t , p s ) (4)

P SSIM 

(p t , p s ) = 

(2 μt μs + c 1 )(2 σts + c 2 ) 

(μ2 
t + μ2 

s + c 1 )(σ 2 
t + σ 2 

s + c 2 ) 
(5)

3.2. Differentiable warping 

Differentiable warping / sampling for target image genera-

tion by applying a flow field to a source image was introduced

in ( Jaderberg et al., 2015 ) and subsequently employed in several

image synthesis works ( Zhou et al., 2016; Liu et al., 2017; Jiang

et al., 2017 ). It works as follows. Motion field F t → s predicted by

the network contains, for each pixel location i in the target image

N t , the relative sampling location in the source image N s . Starting

with the image pixel position grid G of N t and N s , and using mo-

tion field F t → s , we obtain the warped image grid G t,s = G + F t→ s ,

where each element G t,s (i ) = (x (i ) , y (i )) is the absolute 2D coor-

dinate location in the source image N s to be used for construct-

ing the warped image N 

′ 
t,s . As these locations may not necessarily

coincide with pixel centers G in N s , we employ bilinear interpola-

tion of the 4 closest neighbours in G (denoted as neighbourhood

N 4 (G t,s (i )) ) to obtain the prediction (see Eq. (6) ). 

N 

′ 
t,s (i ) = 

∑ 

j∈N 4 ( G t,s (i ) ) 

N s ( j) 
(

1 − | x (i ) − x ( j) | 
) (

1 − | y (i ) − y ( j) | 
)

(6)

3.3. Cycle consistency 

Cycle consistency has been shown to be an effective regular-

izer in registration problems ( Christensen and Johnson, 2001; Gass

et al., 2015 ) as well as in other contexts such as image generation

in deep neural networks ( Zhu et al., 2017 ). The MFIN architecture

can be readily extended to include such cyclic consistency between

estimated motion fields. For this, we add another sub-network to

the MFIN for estimating the motion field between the two, always

known, neighbours of the image to be interpolated, i.e. F t +1 → t −1 .

We denote the extended network by MFIN-c(ycle) and optimize for

the registration and two interpolation tasks jointly by minimizing

the cost function in Eq. (7) . The reconstruction ( Eq. (8) ) and reg-

ularization ( Eq. (9) ) terms in the loss function are extended to in-

clude the extra sub-network. Finally, Eq. (10) shows the cycle con-

sistency loss term, where � denotes the pixel-wise composition of

the transformations, i.e. F t +1 → t −1 (F t → t +1 ) , achieved via bilinear in-

terpolation of F t +1 → t −1 . We hypothesize that the registration sub-

network has an easier task as it has to estimate the motion field

between two known images, while the interpolation sub-networks

have to predict the missing image in addition to estimating the

corresponding motion fields. Thus, F t +1 → t −1 may be more accurate

than F t → t −1 , F t → t +1 and enforcing cycle consistency may help to

correct errors in the latter two. 

L total , MFIN −c = L recon , MFIN −c + λ1 L reg , MFIN −c + λ2 L cycle , MFIN −c (7)

L recon , MFIN −c = L 
(
N t , N 

′ 
t ,t −1 

)
+ L 

(
N t , N 

′ 
t ,t +1 

)
+ L 

(
N t−1 , N 

′ 
t −1 ,t +1 

)
(8)

L reg , MFIN −c = ||∇ F t → t −1 || 1 + ||∇ F t → t +1 || 1 + ||∇ F t +1 → t −1 || 1 (9)

L cycle , MFIN −c = || F t → t −1 − (F t +1 → t −1 � F t → t +1 ) || 2 (10)
.4. Supervised training with ground truth motion fields 

So far, we have described so-called end-to-end training meth-

ds for the interpolation networks. That is, the training loss func-

ion was defined on the interpolated image obtained by warping a

eighbouring image with the predicted motion field, with only reg-

larization losses applied directly on the motion fields. As ground

ruth motion fields are not required in this formulation and the

rue navigators that drive the loss function are obtained for free

rom the fully-acquired navigator sequences, we term these train-

ng methods as unsupervised interpolation methods. To investigate

he effect of supervised training on the interpolation accuracy, we

rain a network, denoted as MFIN-sup , by applying the reconstruc-

ion loss function on the predicted motion fields with respect to

round-truth motion fields obtained from the gold-standard regis-

ration algorithm ( Vishnevskiy et al., 2016 ) ( Eq. (11) ). Note that no

dditional regularization is applied here as the ground truth mo-

ion fields are already regularized. Such supervised training has

een previously applied for optical flow estimation, like in ( Fischer

t al., 2015; Ilg et al., 2017; Ranjan and Black, 2017 ). 

L recon , MFIN −sup = L 
(
F gt 

t → t −1 
, F t → t −1 

)
+ L 

(
F gt 

t → t +1 
, F t → t +1 

)
(11)

.5. 4D Reconstruction 

In this section, we describe the 4D reconstruction procedure

f Von Siebenthal et al. (2007) . As stated before, the original ac-

uisition scheme proceeds by acquiring alternately navigators and

D data slices, with the navigators tagging their neighbouring data

lices to the phase of the breathing cycle. Retrospectively, a MRI

olume is reconstructed for each acquired data slice D 

p 
t , enclosed

y navigators (N t , N t+1 ) . This requires finding all slices in the data

olume, each acquired at the same breathing phase as D 

p 
t . To this

nd, the data slice at location q ( � = p ) is computed as the aver-

ge of five data slices D 

q 
s whose navigators (N s , N s +1 ) are most

imilar in mean liver position to (N t , N t+1 ) . The mean liver po-

itions are computed by registering each acquired navigator to a

re-determined reference navigator using ( Hartkens et al., 2002 ),

he same registration method as in Von Siebenthal et al. (2007) .

he 4D MRIs, thus reconstructed either using all true navigators or

ith alternate navigators obtained via interpolation, are compared

or evaluating the interpolation methods. 

. Experiments and results 

.1. Dataset 

We carry out our experiments on 2D navigator images from

n abdominal 4D MRI dataset consisting of 14 subjects. The

nterleaved acquisition of navigator and data slices ( Von Sieben-

hal et al., 2007 ) was done on a 1.5T Philips Achieva scanner using

 4-channel cardiac array coil, a balanced steady-state free pre-

ession sequence, SENSE factor 1.7, 70 o flip angle, 3.1 ms TR, and

.5 ms TE. The images have a spatial resolution of 1.33 × 1.33 mm 

2 ,

lice thickness of 5mm and temporal resolution of 2.4–3.1 Hz. For

ach subject, there are between 40 0 0 and 60 0 0 navigators, con-

inuously acquired in several blocks of 7 to 9 min and with 5 min

esting periods in between. Expert-annotated landmarks for two

iver vessels per image were available for 10% randomly selected

mages for 7 out of the 14 subjects. We train on the remaining

 subjects and use the 7 subjects with expert annotations as test

ubjects, so that the accuracy of the predicted motion fields could

e evaluated as described in Section 4.3 . The hyper-parameters for

he experiments were either chosen as in Karani et al. (2017) or

ere determined empirically using a smaller experimental setup

ith training data as 4 blocks of one training subject and the test
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ata as another block of the same subject. Thus, the test data was

ot involved at all during the training phase. 

.2. Implementation details 

We implement MFIN-s, MFIN and MFIN-c ( Fig. 3 ) as networks

ith an encoder-decoder like structure. All networks consist of an

nitial block of shared layers, followed by 1, 2 and 3 separate sub-

etworks for MFIN-s, MFIN and MFIN-c respectively. The shared

ayers include the entire encoder / contracting path as well as two

pscaling layers from the decoder. Each sub-network consists of

wo convolutional layers, followed by a bilinear upsampling and

hen a final convolutional layer to obtain a motion field. There is

o activation function at the end of the last convolutional layer to

llow for both positive and negative flow values. All other convo-

utional layers are following by a ReLU activation function. Finally,

 warping layer transforms the known image via the correspond-

ng predicted motion field to provide the interpolated image. The

tructure of MFIN-sup is the same as that of MFIN, except that the

oss function is applied on the motion fields predicted before the

arping layer. 

The filter sizes and number of feature maps are empirically

et to (f 1 , f 2 , . . . , f 8 ) = (7,5,3,3,3,3,3,3) and (n 2 , n 2 , . . . , n 8 ) =
16,32,6 4,6 4,32,32,16). For interpolating a navigator at any time

oint, two known navigators from the past and the future are pro-

ided as inputs, i.e. n 1 = 4. The output of each sub-network before

he warping layer is a 2D flow vector for each pixel, i.e. n 9 = 2. Fol-

owing ( Karani et al., 2017 ), we set the batch size to 64 and use the

dam optimizer ( Kingma and Ba, 2014 ) with a learning rate of 1e-

. The only pre-processing step is block-wise linear normalization

f the images to their 2 to 98%tile range. Following ( Wang et al.,

004 ), the hyperparameters of the SSIM loss are set to c 1 = 0 . 0 0 01 ,

 2 = 0 . 0 0 09 and patch size to 11 × 11. The weights for the reg-

larizers in the loss functions are empirically set as { λ1 = 0 . 001 ,

2 = 0 . 0 0 05 } and { λ1 = 0 . 1 , λ2 = 0 . 05 } when using the L 2 loss and

he L SSIM 

loss respectively for the reconstruction loss. 

.3. Evaluation metrics 

The choice of appropriate evaluation metrics is crucial to cor-

ectly compare competing solutions. Here, we list several metrics

nd discuss their suitability for evaluating interpolation in the set-

ing of navigator slices for 4D MR reconstruction. 

M1 Root-mean-squared-error (RMSE) : RMSE and mean-

absolute-error are generally used for evaluation in regres-

sion problems. Despite their wide-spread use, they also

have some drawbacks for measuring image fidelity. Firstly,

they are measured pixel-wise and hence, do not encode

structural information. Secondly, these metrics are not

invariant to intensity scaling. In the case of interpolation

of navigators, we are only interested in the correct location

of the structures in the image. Thus, a shift in the average

intensity should not be punished. This might be relevant

in cases when the navigator is affected by saturation, as

in acquisitions with interleaved navigator and data slices.

Finally, these metrics are sensitive to noise and noise is

inherently present in MR images. The L 2 distance between

a given ground truth image and a smoothened (denoised)

interpolated image would be smaller than the case where

the interpolated image had different noise values that the

ground truth image. 

M2 Structural Similarity (SSIM) Index : SSIM encodes local cor-

relations between image patches along with their intensity

similarity. Thus, it may be expected to be invariant to inten-

sity scaling and more robust to image distortions than RMSE.
On the other hand, it is not robust to noise ( Ndajah et al.,

2010 ) and also does not directly assess important clinically

relevant aspects like correct organ position or accurate mo-

tion estimation. 

M3 Residual motion (ResMot) : We register the interpolated im-

age to the ground truth image via a gold standard (gs) image

registration algorithm (linearly interpolated grid of control

points, optimized for local correlation coefficient and total

variation regularization) ( Vishnevskiy et al., 2016 ), and com-

pute an error motion field F 
gs 

t→ ̂

 t 
. The mean magnitude of this

motion field could be relevant for 4D reconstruction as it

measures the mismatch in organ positions. 

M4 Error in motion to a reference image (RefMotErrIm) : For

4D reconstruction, each navigator image is registered to a

reference image to estimate the position of the structure of

interest in the navigator. To measure the error introduced

in this step due to interpolation, we compute the differ-

ence of motion fields obtained via GS registration between

the reference image and either (i) an interpolated navigator

or (ii) the corresponding true navigator, thus obtaining flow

fields F 
gs 

t→ ref 
or F 

gs 

ˆ t → ref 
respectively. From these flow fields,

we compute two evaluation measures: the mean difference

in their magnitudes over the entire image (RefMotErrIm) or

only over the structure of interest, the liver in this applica-

tion (RefMotErrImLiver). Note that the latter is the more rel-

evant measure for reconstructing 4D MRIs to capture liver

motion and can be determined as motion fields are defined

with respect to the reference image, which has an associated

liver segmentation. 

M5 Error in 4D reconstruction and extracted 3D Motion : The

final and the most application relevant evaluation crite-

rion for the interpolation methods is the quality of the

reconstructed 4D MRIs. As the reconstruction procedure

( Section 3.5 ) is computationally very expensive, this is done

only for the best-performing among the interpolation pro-

posed methods (according to the other evaluation met-

rics) and compared to baselines of black-box interpolation

(SCIN) and reconstruction using all true navigators. Fur-

ther, we also compare the 3D liver motion extracted from

the reconstructed 4D MRIs from the different methods. As

in Von Siebenthal et al. (2007) ; Tanner et al. (2016a,b) , the

motion is extracted by an intensity-based image registration

method based on maximizing normalized cross correlation

within the reference liver region and a B-spline transforma-

tion model ( Hartkens et al., 2002 ). The error of this regis-

tration method is reported as below one voxel ( Von Sieben-

thal et al., 2007 ), based on visual inspection. The motion is

sampled at corresponding locations from all test subjects us-

ing either a landmark-based approach (right liver lobe) or a

shape-based approach (whole liver) ( Tanner et al., 2016a ). 

The interpolation formulation in MFIN provides an unsuper-

vised estimation of the motion fields between the interpo-

lated image and its neighbours. We use the following mea-

sures for evaluating the accuracy for these motion fields. 

M6 Using the estimated motion fields for determining posi-

tions of interpolated images (RefMotErrFl) : As mentioned

before, the crucial step in 4D reconstruction is to estimate

the position of the structure of interest in each navigator.

This is usually done by registering each navigator to a ref-

erence image and is the most time consuming step in the

reconstruction based on ( Von Siebenthal et al., 2007 ). Since

the interpolation of a navigator N t provides the motion field

F t → t +1 , we can use it to reduce the number of navigator

registrations by almost half. This can be achieved by invert-

ing the predicted motion field F t → t +1 to get F t+1 → t and then
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Table 1 

Quantitative results. SCIN: baseline ( Karani et al., 2017 ), MFIN: Interpolation via bi-directional motion field predic- 

tion, MFIN-c: MFIN with cycle consistency constraint, MFIN-s: MFIN with only single direction motion field predic- 

tion (from t to t − 1 ), MFIN-sup: MFIN trained in a supervised manner, with ground truth motion fields obtained 

using ( Vishnevskiy et al., 2016 ). %ile refers to 5 percentile values for SSIM and 95 percentile otherwise. Bold font 

marks most important evaluation metrics for 4D reconstruction and results within 5% (for SSIM, 2.5%) of best values, 

which are underlined . Asterisk ( ∗) denotes that the landmark error for MFIN-s has been computed from two separate 

single-directional MFIN-s networks. 

SCIN- MFIN-s- MFIN- MFIN-c- MFIN- 

L 2 L 2 L 2 L 2 sup-L 2 

Evaluation Metric mean %ile mean %ile mean %ile mean %ile mean %ile 

RMSE 8.78 11.83 10.38 13.99 10.35 13.90 10.23 13.74 11.07 15.21 

SSIM [%] 82.08 77.15 79.45 74.26 79.55 74.35 79.61 74.53 78.78 72.87 

ResMot [mm] 0.30 0.55 0.37 0.70 0.37 0.67 0.36 0.67 0.48 0.90 

RefMotErrIm 0.53 0.98 0.58 1.06 0.58 1.05 0.57 1.04 0.69 1.23 

RefMotErrImLiver 0.70 1.43 0.72 1.47 0.72 1.44 0.70 1.42 0.86 1.73 

MotErrFl [mm] – – 0.66 1.24 0.65 1.24 0.66 1.23 0.59 1.06 

RefMotErrFl [mm] – – 0.83 1.65 0.83 1.64 0.84 1.64 0.80 1.52 

RefMotErrFlLiver – – 0.83 1.66 0.83 1.63 0.83 1.66 0.92 1.80 

LandmarkErr [mm] – – ∗0.96 ∗1.98 0.98 1.88 0.93 1.97 1.13 2.41 

SCIN- MFIN-s- MFIN- MFIN-c- 

L SSIM L SSIM L SSIM L SSIM 

Evaluation Metric mean %ile mean %ile mean %ile mean %ile 

RMSE 9.05 12.03 10.33 14.32 10.30 14.09 10.28 14.06 

SSIM [%] 82.72 78.01 79.65 74.30 79.81 74.67 79.87 74.78 

ResMot [mm] 0.30 0.58 0.34 0.68 0.37 0.68 0.37 0.67 

RefMotErrIm 0.54 1.00 0.59 1.08 0.59 1.08 0.58 1.05 

RefMotErrImLiver 0.66 1.37 0.73 1.43 0.70 1.39 0.68 1.35 

MotErrFl [mm] – – 0.68 1.27 0.66 1.25 0.64 1.23 

RefMotErrFl [mm] – – 0.85 1.67 0.84 1.66 0.82 1.63 

RefMotErrFlLiver – – 0.84 1.62 0.80 1.57 0.78 1.53 

LandmarkErr [mm] – – ∗0.94 ∗1.79 0.93 1.85 0.92 1.81 
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composing it with F 
gs 

ref → t+1 
(obtained by registering N t+1 to

the reference image) to estimate F 
gs 

ref → t 
. The error in the es-

timation ( || F gs 

ref → t 
- F t+1 → t � F 

gs 

ref → t+1 
|| 2 ) serves as a mea-

sure of the accuracy of the predicted motion field F t → t +1 . As

with measure M4, M6 can also be computed either over the

entire image (RefMotErrFl) or only over the structure on in-

terest (RefMotErrFlLiver). 

M7 Error in predicted motion field (MotErrFl) : The evaluation

measures from M6 include not only the error because of

the wrong prediction of F t+1 → t but also errors due to in-

consistencies of the involved GS registrations i.e. if || F gs 

ref → t 

- F 
gs 
t+1 → t 

� F 
gs 

ref → t+1 
|| 2 > 0 . To discern these two effects, we

directly calculated the error of the predicted flow field by

comparing F 
gs 
t+1 → t 

and F t+1 → t . 

M8 Landmark error (LandmarkErr) : Another method to evalu-

ate the accuracy of the motion fields is to compute the land-

mark errors for the cases where we have expert annotations

on consecutive navigators. 

4.4. Experiments 

An overview of our experiments is as follows. Section 4.4.1 de-

scribes the comparison between the performance of interpolation

via motion field prediction against the black-box interpolation net-

work ( Karani et al., 2017 ). Next, in Section 4.4.2 , we discuss the ef-

fect of the cycle consistency constraint. The analysis as to whether

the bi-directional field prediction indeed provides a benefit over

predicting the motion field only in a single direction is presented

in Section 4.4.3 . Section 4.4.4 describes the evaluation of the super-

vised training with ground truth motion fields. Finally, the effect of

the interpolated navigators on the slice sorting leading to the 4D

MRI reconstruction is analyzed in Section 4.4.5 . 
The interpolation networks SCIN, MFIN, MFIN-c and MFIN-s

ere each trained separately with two different functions forthe

econstruction loss: L 2 and L SSIM 

. We denote these networks

s SCIN-L 2 , MFIN-c-L SSIM 

, etc. For MFIN-sup, we employ the

 2 loss between the predicted and ground truth motion fields.

able 1 summarizes quantitative results of the navigator interpo-

ations in terms of the evaluation metrics discussed in Section 4.3 .

.4.1. Interpolation via motion field prediction 

We first compare the performance of the MFIN network with

he baseline black-box interpolation network, SCIN. The following

bservations can be made about the quantitative results about this

omparison: 

• In terms of the intensity-based metrics (RMSE and SSIM) as

well as the registration-based metrics (ResMot and RefMotEr-

rImLiver), SCIN performs better than MFIN, for both train-

ing loss functions. However, as discussed in Section 4.3 , the

intensity-based metrics might not be appropriate for measur-

ing interpolation performance. As well, ResMot might be artifi-

cially reduced for SCIN, as its blurring and denoising property is

likely to reduce gradients of the image similarity measure op-

timized during registration. RefMotErrImLiver is the most rel-

evant evaluation measure for the application of reconstruction

of 4D MRIs. Even with respect to this measure, SCIN performs

better than MFIN. Thus, even though the images interpolated

by MFIN appear sharper, the quantitative results indicate that

the accuracy of the predicted motion fields needs to be further

improved. 
• For both SCIN and MFIN, training with L SSIM 

leads to lower er-

rors with respect to RefMotErrImLiver than training with the L 2 
loss. 

• The flow-based error metrics, MotErrFl, RefMorErrFl and the er-

ror on manually annotated landmarks cannot be computed for
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Fig. 4. Columns: (a) ground truth images, (b) SCIN-L SSIM results, (c) difference (b-a), (d) MFIN-c-L SSIM results, (e) difference (d-a). Rows: (1) low motion case, (2)-(4) high 

motion cases, where MFIN-c produces visually (2) much better, (3) slightly better and (4) worse structure alignment than SCIN. RMSE, SSIM, RefMotErrIm, RefMotErrImLiver 

values are stated over the respective image pairs. 

Fig. 5. (a-c) Motion field F t → t +1 overlaid on N t+1 − N t from (a) MFIN-c-L SSIM , (b) 

MFIN-sup, and (c) gold standard registration ( F gs 
t → t +1 

). (d-f) Motion magnitude im- 

ages corresponding to top row. MotErrFl, RefMotErrFl, RefMotErrFlLiver values [in 

mm] are stated over the respective images. 
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SCIN as it does not provide an estimation of the motion field

between the interpolated image and its neighbours. 

.4.2. Effect of cycle consistency constraint 

After incorporating the cycle consistency constraint, the differ-

nce in mean performance between SCIN-L SSIM 

and MFIN-c-L SSIM 

ith regard to RefMotErrImLiver is 0.02mm. To test whether this
ifference in performance affects the reconstruction, we computed

he error incurred in the data slice sorting that follows the navi-

ator position determination step in 4D reconstruction. In the case

here all ground truth navigators are used, the discrepancy be-

ween a given navigator and the closest navigator corresponding

o another data slice is, on average, 1.48mm. This is much larger

han the difference in RefMotErrImLiver between SCIN and MFIN-c

r even MFIN. We thus infer that the increase in RefMotErrImLiver

or MFIN-c or even for MFIN as compared to SCIN may not affect

he reconstruction. Note that RefMotErrImLiver is higher than Ref-

otErrIm because the average motion magnitude to the reference

s higher in the liver (mean 5.13, 95% 11.81 mm) than for the aver-

ge for the whole image (mean 3.40, 95% 8.21 mm). 

.4.3. Effect of Bi-directional motion field prediction 

It has been suggested in the literature that multi-task learning

otentially creates inductive biases that may be beneficial for the

ndividual tasks ( Caruana, 1998 ). To investigate whether this hy-

othesis holds in our application as well, we trained an ablated

ersion of MFIN with only one sub-network to predict the mo-

ion field in only the backward direction (from t to t − 1 ). All error

etrics for MFIN-s in Table 1 , except M8, were computed with re-

pect to this network. In order to compute M8 (landmark error)

ith respect to all consecutive slices with manual annotations, we

dditionally trained another network with single-directional mo-

ion field prediction in the forward direction (from t to t + 1 ). We

bserved no substantial difference between single-direction and

i-directional motion field predictions. Nonetheless, bi-directional
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Table 2 

Effect of interpolated navigators by registration, SCIN-L 2 or MFIN-c-L SSIM (all T = 2) 

on 4D MRI reconstruction (RMSE) and 3D motion extraction. Results within 5% to 

underlined lowest error are marked in bold font. 

RMSE 3D Motion Error [mm] 

(image) (whole liver) (right liver lobe) 

Method mean 95% mean 95% mean 95% 

Registration 3.87 7.48 0.79 2.03 0.64 1.57 

SCIN-L 2 4.17 6.89 0.79 2.03 0.65 1.56 

MFIN-c-SSIM 3.75 7.19 0.78 2.00 0.64 1.54 
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motion field predictions are required when enforcing the cycle

consistency constraint. 

4.4.4. Benefit of supervised training with ground truth motion fields 

The network trained to predict the gold-standard motion fields,

MFIN-sup, provides the best performance when evaluating the

whole image flow fields (MotErrFl, RefMotErrFl) as it is explicitly

trained for this. However, this does not seem to be beneficial for

keeping errors within the liver low (RefMotErrFlLiver, landmark er-

ror) or for providing well interpolated navigators. This method may

be potentially affected by the errors in the gold standard motion

fields such as non-zero motion in the background (see Fig. 5 ). 

4.4.5. Effect of interpolated navigators on 4D reconstruction 

We reconstruct 4D MRIs for four scenarios: (i) using all the true

navigators, (ii-iv) using alternate true and interpolated navigators

obtained by (ii) a registration-based interpolation method, used as

a baseline in ( Karani et al., 2017 ), (iii) SCIN-L 2 and (iv) MFIN-c-

L SSIM 

. Table 2 lists the 4D reconstruction performance of the three

interpolation methods with respect to the 4D MRI generated us-

ing all true navigators. Most different 4D MRIs are reconstructed,

on average, by SCIN-L 2 . However, very similar 3D motion error val-

ues are achieved with all three methods. These results indicate that

the various evaluation metrics discussed before may be sensitive to

differences between interpolated images that do not highly influ-

ence the 4D reconstruction. 

As discussed in Section 4.3 [M6], the motion fields provided

by the interpolation network may be used to halve the number

of navigator registration required for the 4D reconstruction. This

can lead to substantial time savings as several hundred navigator

registrations are involved in the reconstruction and each 2D reg-

istration requires 2.08 seconds, while the transformation inversion

discussed in Section 4.3 [M6] needs only 0.65 seconds per image. 

4.4.6. Qualitative results 

We observed no large qualitative differences in the perfor-

mances of MFIN and MFIN-c for either of the two loss functions.

Since, MFIN-c-L SSIM 

provides the best quantitative results, we show

interpolated images from this method and compare them against

SCIN-L SSIM 

in Fig. 4 . Both methods perform well when the motion

between the neighbouring images is low. This is reflected in the

absence of any structures in the error images in Fig. 4 -(1). How-

ever, RMSE is lower for SCIN because it produces a denoised in-

terpolated image, while MFIN carries over the noise pattern from

the neighbouring known image. Whenever there exists high mo-

tion between the images being interpolated, SCIN produces blurry

images and often distorts image structures. This can be observed in

cases (2)-(4) in Fig. 4 . For all these cases, MFIN-c (and also MFIN)

produces sharp images and largely preserves structures in the im-

ages. Fig. 4 -(2) shows a case where MFIN-c additionally has a much

better performance with respect to image alignment. Fig. 4 -(3)

shows a representative case, with small improvement in image

alignment, yet worse RMSE and SSIM values for MFIN-c. Finally,

Fig. 4 -(4) shows a case, where MFIN-c produces worse alignment
f structures than SCIN near the gall-bladder (top-right), but better

lignment in order regions such as the blood vessels near the liver

dge. While it is hard to observe a clear relationship between the

egistration-based error metrics and the qualitative results, regis-

ration error over the liver (RefMotErrImLiver) seems to be reduced

or cases with lower organ misalignment (e.g. Fig. 4 -(2,3)). 

Fig. 5 shows a comparison of a representative motion field pre-

icted by MFIN-c-L SSIM 

and MFIN-sup with that computed via the

S registration algorithm. We can see that the motion field pro-

uced by MFIN-c is smooth and has sharper motion boundaries.

he reason for this might be that the used registration is more

egularized due to its parametric model, where motion is defined

y a grid of control points with 4x4 pixel spacing and linearly

nterpolated in between. This might also explain the higher er-

or in evaluation of the flow field predicted by the network over

he whole image (RefMotErrFl) than only over the liver (RefMotEr-

FlLiver). Fig. 5 also shows that MFIN-sup learns to provide a flow

eld which has a pattern more similar to the gold standard field,

ith motion in the background and less sharp boundaries. 

. Conclusion 

In this article, we proposed a framework for temporal image

nterpolation that incorporates the prior knowledge that changes

n the images over time are caused by the motion of the visible

tructures in the images. We showed that this approach preserves

tructures in the images and produces sharper interpolated images

han direct interpolation in the intensity space. Such behaviour

ould likely be advantageous for potential downstream tasks on

emporal data, for example, tracking of segmentation labels. We

lso showed the advantage of SSIM as a loss measure for optimiza-

ion as compared to the L 2 loss and introduced a cyclic consistency

onstraint between the bi-directional motion fields to further im-

rove interpolation performance. Finally, we evaluated the inter-

olation performance extensively and provided a detailed analysis

bout the suitability of several evaluation metrics. Our experiments

ighlight the importance of employing application-specific metrics

or proper evaluation. 

Another important benefit of the proposed method is that it

rovides a free estimation of the motion fields between the known

nd interpolated images. In the particular case of navigated 2D

ulti-slice imaging, these motion fields could be possibly utilized

o lower the number of registration required for the 4D reconstruc-

ion, potentially leading to large time savings. Such time savings

ould be further exaggerated if the interpolation method is ex-

ended to 3D interpolations. Also, although we presented results in

he setting of 4D MRI reconstruction, the method may be extended

o other scenarios where the content of temporal sequences does

ot change over time. 
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