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Progressively trained convolutional neural
networks for deformable image registration
Koen A.J. Eppenhof, Maxime W. Lafarge, Mitko Veta, Josien P.W. Pluim, Fellow, IEEE

Abstract—Deep learning-based methods for deformable image
registration are attractive alternatives to conventional registration
methods because of their short registration times. However,
these methods often fail to estimate larger displacements in
complex deformation fields, for which a multi-resolution strategy
is required. In this paper, we propose to train neural networks
progressively to address this problem. Instead of training a large
convolutional neural network on the registration task all at
once, we initially train smaller versions of the network on lower
resolution versions of the images and deformation fields. During
training, we progressively expand the network with additional
layers that are trained on higher resolution data. We show
that this way of training allows a network to learn larger
displacements without sacrificing registration accuracy and that
the resulting network is less sensitive to large misregistrations
compared to training the full network all at once. We generate a
large number of ground truth example data by applying random
synthetic transformations to a training set of images, and test the
network on the problem of intrapatient lung CT registration. We
analyze the learned representations in the progressively growing
network to assess how the progressive learning strategy influences
training. Finally, we show that a progressive training procedure
leads to improved registration accuracy when learning large and
complex deformations.
Index Terms—deformable image registration, progressive
training, convolutional neural networks, machine learning, lung
registration

I. Introduction
HE fast runtimes of convolutional neural networks
(CNNs) have made them an attractive new approach
to deformable image registration. Whereas conventional deformable registration methods are based on computationally
intensive iterative optimization, convolutional neural networks
can estimate full-size deformation fields in one forward pass
through the network. By leveraging the parallel computing
capabilities of modern graphics processing units (GPUs), this
can be done in seconds instead of the many minutes conventional methods take for complex deformable image registration
problems.
Deep learning-based registration methods estimate the deformation between two input images directly using a CNN.
The output can be a small number of registration parameters,
or a full deformation field. These methods can be broadly
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divided into three groups based on how the network is trained
to obtain the registration parameters.
Unsupervised methods are most similar to conventional
registration methods: they train the network based on a similarity metric. During training, the learned deformation field is
applied to the moving image by a spatial transformer network
(STN, [1]) to compute the similarity with the fixed image.
A loss function based on this similarity is back-propagated
through the STN. Advantages of these methods are that there
is no ground truth required, but this comes at the cost of using
image similarity as a surrogate for registration error. Image
similarity metrics can have multiple strong local optima, that
do not necessarily coincide with a correct registration [2].
Examples of unsupervised registration include [3], [4], [5],
[6], [7], [8], [9].
Weakly supervised methods are a variation on unsupervised
methods used for multi-modal image registration. The networks are trained to optimize an auxiliary task that does not
suffer from the difference in modalities, for example alignment of segmentations or corresponding landmarks. The most
notable examples are [10] and [11], in which the training of a
network is supervised by maximizing the overlap of manually
annotated tissue segmentations. The network estimates a deformation field from two input images, that is used to deform
the segmentation of the moving image and backpropagates the
Dice coefficient between it and the segmentation of the fixed
image. Disadvantages include that segmentations are required,
and that the deformation fields inside the segmented areas are
not guaranteed to be realistic.
Supervised methods are trained on examples of transformed
images and the associated transformation. Instead of optimizing image similarity, these methods minimize the registration error explicitly. That means that no similarity metric
is required. However, the disadvantage of these methods is
that a ground truth of images and transformations needs
to be constructed. One way is by generating deformation
fields using existing registration algorithms. However, this can
be negatively impacted by registration errors made by the
registration algorithms. An alternative is to generate synthetic
ground truths. Because limited ground truth data for registration is available, these methods often use elaborate data
augmentation techniques to generate large amounts of training
data. Examples of supervised methods include [12], [13], [14],
[15], [16], [17], [18].
Recent papers have applied deep learning to a broad spectrum of deformable registration applications, including brain
MRIs [4], [6], [13], [17], [19], cardiac MRIs [5], [14], prostate
MRIs and ultrasound images [10], and chest CTs [3], [5], [7],
[8], [15], [18], [11].
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A. Multi-resolution registration problems
Virtually all proposed deep learning-based algorithms for
deformable registration struggle with deformation fields that
consist of a combination of large global and smaller local
displacements. A large class of registration problems feature
this combination. For example, in lung registration a global
transformation is required to compensate for the large breathing motion, while smaller local transformations are required
to match individual pulmonary blood vessels.
Deep learning methods cope with these problems in two
ways: 1. by pre-aligning the images using a translational, rigid,
or affine transformation before estimating the deformable part
of the transformation using a CNN [4], [6], [8], [13], [14],
[15], [17], [18], [19]; 2. using multiple networks to estimate
partial transformations that need to be concatenated in order
to obtain the full transformation [3], [5], [15].
Both approaches have considerable disadvantages. First,
using conventional methods for pre-alignment defeats the
purpose of using deep learning, as even a simple affine preregistration can take tens of seconds or even minutes to
complete, which is much longer than the sub-second evaluation times of CNNs that estimate the deformable part of
the transformation. Secondly, combining multiple networks
to estimate parts of the transformation means that multiple
interpolation steps are required: the transformation estimated
by the first network needs to be applied to the moving image
before it can serve as an input for the second network. Using
multiple networks in sequence will result in an accumulation
of interpolation artifacts, which is likely to affect the quality
of the deformation field.
Conventional registration methods solve the problem of having combinations of large global and small local displacements
by using multi-resolution methods. These methods first optimize a simpler, more global deformation from lower resolution
images. This deformation is then used as initialization in the
next step, when higher resolution images are used to learn a
more localized transformation. A number of these resolutions
steps are then used to obtain the deformation field from coarse
to fine scales [20].

methods that start learning on smaller simpler problems before
moving on to more difficult ones [22], [23].
We have reported on how to use this methodology for
image registration previously, and showed that this method
leads to more accurate registration compared to training the
network all at once [24]. In this paper, we improve the method
substantially, and give a more detailed evaluation and analysis
of the network itself.

C. Lung registration
We demonstrate the concept of progressive training on a
network for lung registration. Public availability of expertannotated landmarks for the lung registration problem in CT
images (e.g. [25], [26], [27], [28]) allowed us to objectively
compare methods.
The registration of lung images is difficult. The sliding motion of the lungs relative to the ribs significantly complicates
the registration. Furthermore, when registering intrapatient
inhale to exhale images (or vice versa), the displacements that
need to be modeled are relatively large, while also requiring
a very fine-grained deformation field to register individual
pulmonary blood vessels. It is this combination of large and
small deformations, as well as global and local deformations,
that make this problem difficult. Although relatively accurate
deep learning based algorithms have been proposed for this
problem, most often they require a cascade of networks that
operate at separate scales or a pre-alignment step (translational,
rigid, or affine) that relies on conventional registration methods
[3], [5], [8], [15], [18]. In this paper, we aim to train one
network that can both estimate global and local deformations
in one forward pass through the network, by training the
network progressively. This is an extension to our previous
work in which we used affine pre-registration to solve the
lung registration problem [18]. The contributions of this paper
are three-fold:
•

•

B. Progressive multi-resolution learning
In this paper, we apply the same rationale to supervised
image registration. We start the training process with low
resolution images as input to the network to learn lower
resolution, and thus more global, deformation fields. Once
the network has been optimized for this sub-problem, it is
extended. More layers are added to learn higher resolution
deformation fields from higher resolution images. Throughout
this paper, we call this ‘progressive training’. The methodology is based on Karras et al. who first used this technique
to train generative adversarial networks (GANs) to generate
high-resolution images of non-existing celebrities [21]. They
found that it was difficult for GANs to generate high-resolution
images and showed that by building the network layer-bylayer during training it was possible to learn realistic faces.
This methodology is in line with so-called curriculum learning

•

We propose a progressive learning scheme to enable
training on large and small transformations within the
same convolutional neural network.
We show that it is possible to perform lung registration
using a convolutional neural network without any preregistration, resulting in very fast registration times.
We show that a neural network can be trained in a supervised way on synthetically transformed images with large
deformations, and that this neural network subsequently
is able to generalize to a real registration problem.

II. Method
We formally define the registration problem as the estimation of a vector field u : ΩF → Rd that aligns a moving image
I M with a fixed image IF , i.e. for a point x in the domain ΩF
of the fixed image IF , the associated voxel in image I M can be
found at position T(x) = x + u(x). The networks we propose
estimate the displacement field u for every voxel in the fixed
domain ΩF .
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Fig. 1. The progressive learning architecture. The gray blocks indicate feature maps that are learned during training but ignored at test time. Compared to
a normal U-net architecture we add input layers on the left side for every resolution level, each followed by an extra convolutional layer that matches the
number of feature maps in that level, a summation node that sums the output of these convolutional layers and the output of the pooling layer in the level
above it, and output maps at every level, which are summed up weighted by α to obtain the final deformation field.

A. Baseline network architecture
We use a variant of the standard 3D U-net first introduced
by Cicek et al. [29]. We make four changes to this architecture:
we change the number of channels in the input image to
two such that it can contain the fixed and moving image;
we change the number of output channels to three, such
that the output of the network can represent the x, y, and
z components of the vectors in the displacement field; we
halve the number of channels in each convolutional layer
to reduce the memory footprint of the network; and use the
Leaky ReLU activation function with leakiness 10−2 instead of
standard ReLU to prevent vanishing gradients during training
[30]. Due to GPU memory limitations, we use a batch size of
one, and use the accumulation of moving averages of the batch
normalization parameters instead of computing them from one
batch [31]. Throughout the remainder of the paper we refer to
this architecture as the ‘baseline architecture’.

Training the network in this way requires input and output
layers at each level. Therefore, we add a convolutional layer
at the right side of each level that outputs the three maps
for the deformation field. Similarly, to match the number of
feature maps at the left side of the level, we require an extra
convolutional layer that maps the two input images to the
matching number of feature maps. The output of that layer
is added to the output of the pooling layer of the resolution
level above it. The resulting architecture is shown in Figure 1.
Once a level has been trained, and the training has moved to
the next level, the two extra convolutional layers on either side
of the resolution level are redundant. Once the full network
has been trained, this holds for all eight convolutional layers
that have been added with respect to the baseline architecture,
and the architecture is effectively equal to the baseline.

C. Smooth transition schedules
B. Progressive network architecture
From the baseline architecture, we create the ‘progressive
architecture’ by adding a number of additional layers. It is
important to note that these extra layers are only required for
training, and while the weights in these layers are optimized,
they are ultimately not used at test time.
The baseline U-net architecture consists of five resolution
levels: parts of the network in which the input and output
feature maps have a certain resolution. In our network, the
top resolution level outputs maps of 128 × 128 × 128 voxels.
The level below outputs 64 × 64 × 64 voxel maps, and so on,
each level halving the resolution along each axis. The bottom
level thus uses 8 × 8 × 8 voxel maps. The progressive training
scheme builds up the network level-by-level, starting with the
8 × 8 × 8 level. This level is trained on images and deformation
fields that have been downsized to the same resolution. Once
a level has converged, the next higher level is introduced in
the training process.

Like in the work by Karras et al., the introduction of new
layers into the architecture is gradual, by slowly increasing the
weights of the output of the new layer, and slowly decreasing
the output of the layer below it [21]. Without such a transition,
the introduction of a new level will be so disruptive that
the gradient of the loss function will explode. Each level i
is assigned a weight αi ∈ [0, 1] that determines how much
the output contributes to the deformation field. The output
deformation fields ui (x) of each level are scaled to the initial
128×128×128 dimensions, and summed, weighted by weights
α = [α0 , α1 , α2 , α3 , α4 ], such that the total deformation field
is given by
u(x) =

4
X

αi ui (x), x ∈ ΩF

(1)

i=0

Throughout training, the weights αi sum to one, and at any
time one or two weights are non-zero. The weights change
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βi =

i
X

αj

and

γi = 1 − βi .

(3)

j=0

When only the 8 × 8 × 8 level is active (i.e. α = [1, 0, 0, 0, 0]),
only the output of the extra convolutional layer at that level
is active (β0 = 1), and the output of the pooling layer at the
16×16×16 level is ignored (γ0 = 0). When the second level is
active, the reverse is true. A further overview of the transitions
between levels is shown in Figure 2.
D. Training set
The network is trained on the 1,010 images of the LIDCIDRI data set of lung CT images [32], [33]. These images have
between 65 and 764 slices, and 512×512 slice dimensions. The
slice thickness is between 0.60 and 5.00 mm, and the pixel
size is between 0.46 and 0.98 mm. The scans were acquired
on CT scanners from four different manufacturers.
E. Augmentation and preprocessing
Like in [18], we create random deformations of the training
set images. For each iteration of training we randomly select
one of the images I and create two random transformations, T1
and T2 The purpose of the first transformation is to augment
the data set. By using small deformable transformations for
augmentation, we can create realistic variations of the images,
in which the orientation and size of the lungs is maintained.
The resulting image I1 = I(T1 ) is the equivalent of the moving
image I M in a registration problem. In registration, the fixed
image IF is similar to the moving image I M , except for an
extra transformation, which we simulate with T2 . This requires
a concatenation of both transformations, such that we obtain
a second image I2 = I(T1 ◦ T2 ). Note that the transformations
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where t is the training iteration, τi is the start of training for
a particular level i, ∆ is the length of the time period in which
the level is trained, and δ is the duration of the transition at
the start and end of this period. For this paper, δ was set to
2000 iterations, ∆ to 6000 iterations, and τi = − 21 ∆ + (∆ − δ)i.
The schedules are shown in Figure 5A. For the final resolution
level, the weight stays equal to 1 for t > τi + δ. Therefore, at
the start of training the weights are α = [1, 0, 0, 0, 0]. At the
end of training, the weights are α = [0, 0, 0, 0, 1], which also
describes the baseline network.
In addition to the weights αi , we introduce weights on the
summations on the left side of each resolution level. These
weights βi and γi aid the smooth transition by weighting the
output of the additional convolutional layer and the output of
the pooling layer, slowly increasing the weight on the pooling
layer, and decreasing the weight on the convolutional layer.
These weights are dependent on αi and defined as
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according to a schedule that determines which levels are active.
We chose trapezoidal functions for these schedules, defined by
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Fig. 2. Progressive learning with two levels. At the top the status of the
network at the start of training is shown, where only the 8 × 8 × 8 level is
trained. In the middle the 50% transition between the first two levels, when
both contribute equally to the final result, is shown. At the bottom the state
after the transition is shown, when only the second level is contributing and the
architecture is effectively a two-level U-net. The learning schedule is shown
for each of the three states, with the dashed line indicating the depicted time
point.

are defined as displacements of voxel coordinates, and that
therefore T2 is applied to those coordinates first. The second
image is the equivalent of the fixed image. Given these two
images, the registration task is to find T2 .
The transformations T1 and T2 are created as random
third-order B-spline transformations by sampling control point
displacements from a uniform distribution. The grid sizes
and ranges of the displacements are summarized in Table I.
These ranges are constrained in such a way that the resulting
transformations are smooth and do not fold. In fact, because of
these constraints the transformations are diffeomorphic, which
means that a concatenation of the transformations is diffeomorphic as well [34]. We interpolate the images using linear
interpolation such that the resulting image is 128 × 128 × 128
voxels. The gradient magnitude of the images I1 and I2 is
used as input to the network. Using gradient images for image
registration is common [35]. In lung registration it is especially
valuable to focus the registration on image edges, because
intensities in the lungs will not be constant at corresponding
points inside the lungs due to differences in density during
breathing [36], [8]. We found that using gradient information
gives substantially better registration results compared to training on I1 and I2 directly. We used Gaussian derivatives with
σ = 0.5 voxels to compute the gradient magnitude. The full
training set creation pipeline is summarized in Figure 3. The
distributions of vectors in the learned deformation fields are
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TABLE I
B-spline parameters for the individual transformations T1 = t1 and
T2 = t2,1 ◦ t2,2 . The ranges of the multivariate uniform distributions are
given for each direction.
Displacement ranges (voxels)
Transformation

Grid

t1
t2,1
t2,2

2×2×2
4×4×4
8×8×8

x

y

z

[−6.4, 6.4]
[−3.2, 3.2]
[−3.2, 3.2]

[−6.4, 6.4]
[−6.4, 6.4]
[−3.2, 3.2]

[−6.4, 6.4]
[−12.8, 12.8]
[−3.2, 3.2]

T1
“Moving image”

I(T1(x))

LIDC-IDRI
image

Gaussian gradient
magnitude

T1 ∘ T2

I(x)

The reason we opt for the L2 norm here instead of the L1 norm as we have used in prior work ([18]), is the significantly
larger displacements in the training set, which are better
minimized by a quadratic loss function. The loss function is
minimized using stochastic gradient descent with a constant
learning rate of 10−2 and a momentum of 0.5.
G. Independent test data set

“Fixed image”

I(T1 ∘ T2(x))

ux

all images. In the LIDC-IDRI images, the CT scanner bore
results in a very strong circular edge in the gradient magnitude
images. Because this edge should not be deformed in the
training set, we remove it from the images by applying a
circular mask with a radius of 250 pixels centered at the center
pixel of each 512×512 slice. This mask is transformed using
T1 to force the network to only learn the deformation for nonzero pixels. The loss function then becomes
P
2
x∈ΩF M(T1 (x))ku(x) − ût (x)k2
P
.
(4)
L(t) =
x∈ΩF M(T1 (x))

uy

Gaussian gradient
magnitude

uz

Fig. 3. The training set is constructed by applying augmentation transformation T1 and learned transformation T2 to images from the LIDC-IDRI data
set. The learned displacement field u(x) is equal to T2 (x) − x. The use of
Gaussian gradient magnitude is problem specific, and not part of the core
methodology.

shown in Figure 4. The implementation of the augmentation
and learned transformations is publicly available1 .
F. Training
The network is trained by minimizing the sum of squared
errors of the estimated deformation field ût at iteration t with
respect to the generated ground truth deformation field u. We
only calculate this loss for voxels inside a mask M. We use
a single circular mask to mask out the CT scanner bore in
1 https://www.github.com/tueimage/gryds

To validate the registration accuracy we use lung CT data
from the public DIR-Lab data set [25], [26], CREATIS study
[28], and POPI model [27]. These sets contain pairs of
inhale/exhale images of the lungs, each accompanied with sets
of expert-annotated corresponding landmarks that are located
on anatomically distinctive points within the lung field [25],
[26]. The DIR-Lab set contains ten pairs of images with
300 corresponding landmarks each; the CREATIS data set is
comprised of five pairs of images with 100 corresponding landmarks each; and the POPI model consists of one image with
41 corresponding landmarks. The images were cropped around
the lung field and resized to 128×128×128 voxel dimensions,
with voxel spacing ranging between 1.61 × 1.16 × 1.52 mm3
and 2.40 × 1.84 × 2.46 mm3 .
III. Experiments and results
We train both the progressive and baseline network (without
progressive learning) on the same data to make a fair comparison of both training strategies. The training occurs in parallel,
such that the randomly generated training set (Section II-E)
are used to train both networks. We also apply the exact same
weight initialization (Glorot normally distributed initialization
[37]) at the start of training for both networks, such that a bias
in either network as a result of the initialization of the weights
is impossible.
In this section, we perform experiments regarding the optimization of the networks, the registration accuracy during
training, the deformation fields generated by each resolution
level, and quantitative registration results. The networks are
evaluated on the DIR-Lab, CREATIS, and POPI data sets
described in Section II-G.
A. Registration performance throughout training

ux (mm)

uy (mm)

uz (mm)

Fig. 4. Probability distributions of the displacements u2 (x) = T2 (x) − x
generated in the training set.

Every fifty iterations of training, we save a snapshot of the
network weights. This allows us to evaluate the registration
performance throughout training on the test set (Figure 5B).
We can inspect the average registration error evaluated on the
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Learning schedule

C. Quantitative results
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Fig. 5. A. The learning schedule for the progressive network. B. The
registration error as function of the iteration.
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We evaluate both versions of the network on the DIR-Lab,
CREATIS, and POPI data sets, by measuring the target registration error (TRE) on the landmarks. For two corresponding
landmarks x ∈ ΩF and y ∈ Ω M , the TRE for the estimated
transformation T̂ is defined as TRE(x, y) = kT̂(x) − yk. The
results are shown in Table II. On average, the error made by the
progressive network is 1.0 millimeter smaller compared to the
baseline network. This result is also reflected by the correlation
plots in Figure 9, that show the estimated displacement of
each landmark in these data sets by the network against the
true displacements. The significance of the difference between
the TREs obtained by the progressive and baseline network
was tested with a one-sided Wilcoxon signed-rank test. The
progressive network TREs were found to be significantly
smaller (W = 153, p = 0.0003). We also tested the amount
of folding in the estimated deformation fields by measuring
the percentage of voxels with negative Jacobian determinant
within the field of view (i.e. everything within the CT scanner’s
bore). For the progressive network the amount of folding was
on average 0.39±0.21%. For the baseline network it amounted
to 0.18 ± 0.11%. The percentages per image pair are displayed
in Table II.

D. Comparison to existing methods for lung registration
5

0
0

5
10
TRE baseline network (mm)

Fig. 6. Registration error (TRE) of progressive network plotted against the
registration error of the baseline network throughout training, plotted for each
snapshot of the networks’ weights. The kernel density estimation of the points
is indicated as a gray heat map, and shows that for the majority of the
snapshots the progressively trained network results in better TREs compared
to the baseline method.

The progressive network results in an average TRE of
2.37 ± 1.77 mm for the full validation set, and 2.43 ± 1.81
mm for the DIR-Lab set only. The DIR-Lab set has been
used extensively to validate other registration methods in
literature. This allows us to compare the performance to other
existing methods (Table III). Conventional methods can reach
registration errors of 1.3 mm on this task. An existing deep
learning method that has been tested on DIR-Lab reached
2.64±4.32 mm [5]. It is important to note that the deep learning
methods are considerably faster, as the speed indications in
Table III show.

E. Effects of learning schedule and initialization
landmarks by plotting the registration error of the progressive
network against the registration error of the baseline network
throughout the training process (Figure 6). This shows that the
progressively trained network converges to a lower registration
error than the conventionally trained baseline network.

B. Qualitative results
In Figure 7 we show the predicted deformation fields
for each of the resolution levels of the progressive network
throughout training, evaluated on a random example created
using the procedure explained in Section II-E. This visualization shows how the network learns resolution-by-resolution.
In Figure 8, examples of registered images for both network
architectures are shown, as well as the initial situation before
registration.

To test the effect of the choice of learning schedule, we
have additionally tested different parameterizations of δ and ∆
in the schedule in Equation (2). We show the average TRE for
the DIR-Lab, POPI, and CREATIS datasets for each of these
settings. All other settings, such as weight initialization and
training set, are identical.
To test the effect of different weight initializations, we
trained four additional baseline and progressive networks (with
the standard δ = 2000, ∆ = 6000 setting) starting from
different random Glorot initializations [37]. The average TREs
for the baseline networks were 4.20 ± 3.93 mm, 3.25 ± 3.51
mm, 3.44 ± 3.87 mm, and 3.98 ± 4.15 mm. For the progressive
networks they were 2.61 ± 1.90, 2.27 ± 1.53 mm, 2.50 ± 1.78
mm, and 2.58 ± 1.84 mm. This indicates only small changes
between initializations and a systematic improvement for the
progressive network over the baseline network.
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Fig. 7. Example of output maps for û x at each resolution level throughout training for a synthetic deformation field. The resultant deformation field from the
progressively trained network and the deformation field estimated by the baseline network are shown below. Note that when lower resolution levels are not
supervised anymore, they can still be further optimized through back-propagation. The noisy output in the fields that have not been optimized yet are a result
of a propagation of outputs from the lower resolution levels.

IV. Discussion
A. Experimental results
From the comparison between both tested networks we
can conclude that progressive learning significantly improves
the registration error with respect to regular training by 1.0
millimeter, and that the progressive training leads to better
correlation with the true landmark displacements of the tested
pulmonary CT image pairs. From the TRE as measured during
training as shown in Figure 5A, we can conclude that the progressively trained network is more stable with regards to the
TRE, and from Figure 5B we see that the progressively trained
network converges to a lower registration error. Figure 8 shows
that the progressively trained architecture performs better
than the baseline architecture for larger initial misregistration,
which is especially apparent for DIR-Lab case 8, for which
the pre-registration error is the highest of any of the images.
For this image, the baseline architecture fails to register the
top part of the lungs, which the progressive network is able
to register correctly. The figure also shows that most of the
residual misregistration occurs in homogeneous areas with

few anatomical features, which suggests that the network
requires these features to estimate the local deformation. The
networks are able to estimate deformation vector fields with
very limited folding without strong constraints on the predicted
deformation fields. Because the transformations in the training
set are diffeomorphic by construction and therefore display
no folding, we hypothesize that the network only learns to
generate transformations with little folding at test time as well.
The amount of folding caused by the progressive network
is larger than that of the baseline network, which is likely
caused by the fact that the transformations predicted by the
progressive network are more complex, which means they are
more accurate but also create more opportunity for folding.
Figure 7 gives insight into how the network learns to estimate a particular deformation field. Because the progressively
trained network has to learn the deformation field using the
8×8×8 resolution level initially, the network can learn a coarse
version of the deformation field quickly, and then improve on
it using the higher resolution levels. From these maps we can
see that the deformation fields at the lower resolution levels

8

Before
registration

Baseline
network

Progressive
network

Baseline
network

Progressive
network

DIR-Lab 08

DIR-Lab 07

DIR-Lab 02

Fixed image

Fig. 8. Examples of registration in DIR-Lab images 2 (lowest initial misregistration), 7, and 8 (highest initial misregistration). The fixed images are shown
in orange, while the (transformed) moving images are shown in blue. The rightmost two columns show zoomed-in versions of the center two columns.

are improved upon at later stages of training as well. The
reason the lower resolution layers improve in later stages is
that during the transition between levels, the network becomes
dependent on the lower level when training the newly added
level. This level can then improve upon the previous level’s
estimate of the deformation. After the addition of the final level
we train longer for convergence, but the gains in accuracy are
relatively marginal.
B. Learning schedule
In principle the choice of progressive learning schedule is
free. One limitation we put on the schedule is that the weights
αi sum up to one. This also allows other schedules, such as
more sigmoidal functions. We have experimented with these
but have found no advantages compared to the trapezoidal
functions. Of course, it is possible to use longer or shorter
schedules. With trapezoidal schedules we found that if each
level is allowed to train for a minimum of 1000 iterations
before transitioning to the next level, the progressive learning
improves the registration accuracy over the baseline network.
Importantly, when the transitions are omitted, i.e. when δ = 0,
the training loss explodes when the second level is introduced,
showing that the smooth transitions are a necessity. We found
that as long is δ is sufficiently large, the progressive network is
better than the baseline, and the difference between the results
of different settings is relatively small.
C. Application to lung CT images
The proposed network is specifically trained for pulmonary
CT registration, but multi-resolution strategies are common

in many image registration problems. For these problems,
deep learning-based alternatives could benefit from progressive
learning. In this paper, we use the Gaussian gradient magnitude
of the images as input to the network. It may seem surprising
that the edges of the images contain enough information in the
lower resolution versions that the progressive training starts
with for estimation of the deformation field. However, we can
observe from Figure 5 that this is the case, as the network is
able to reduce the registration error in the first iterations of
training from these images. In addition, in contrast with our
previous work ([18]), the current method does not require lung
masks for the fixed image: a mask of the CT scanner bore is
sufficient, which will be equal for every image made with a
particular scanner.
D. Limitations
The current implementation of the network has a 128×128×
128 input size. Although these dimensions are convenient for
the resolution levels in the U-net, it is possible to use different
input dimensions as long as they are divisible by 2N−1 where
N is the number of levels. This, and the fact that larger input
sizes that conform to this will have a large footprint on the
GPU memory, can be a limiting factor for other applications.
For the lung CT images, we found the current input size a
good compromise between simplicity, memory use, and image
resolution.
The test data from the DIR-Lab, POPI, and CREATIS data
sets comprise data from 17 patients. Pairs of medical images
with manually labeled corresponding landmarks is the standard
for validating deformable image registration, but unfortunately,
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Fig. 9. Correlation plots for both networks. Each point is the displacement of a landmark in the DIR-Lab, CREATIS, and POPI data sets. From left to right,
the x, y, and z components of the displacements are shown.

this kind of data is in short supply. Although the number of test
cases is therefore limited, the fact that there is a lot of variation
among them in terms of population, scanner, and hospital, and
the fact that we used a completely separate set of images for
training, suggests that the network can generalize to new data
very well.
Of course, in the current paper, specific choices were made
regarding the architecture and learning schedule that can be
changed to fit a new application. We have tested multiple
trapezoidal schedules with different values for the parameters
δ and ∆, which showed their setting only have a small effect.
The small differences in results suggest that it may prove
advantageous to find an optimal training schedule or even train
each level for a level-specific number of iterations. Within the
current application, it would be difficult to optimize so many
hyperparameters, given the limited amount of test data.
E. Advantages of the proposed method
Because the network architecture is no different after training than the network we proposed in previous work ([18]),
the network is equally fast, with registration speeds of 0.55
seconds for images of 128×128×128 dimensions. This is much
faster than conventional registration methods for pulmonary
CT registration, for which indications of runtime are shown

in Table III. The errors that are obtained on the DIR-Lab data
set are substantially better than previous end-to-end networks
we have used [42]. There is some room for improvement when
we compare to conventional methods, which can reach errors
of about one millimeter at considerably longer runtimes [18].
F. Further possibilities
From the proposed network, an obvious extension would
be to create a progressively trained network that combines the
estimated deformation fields at every level by concatenation,
i.e. if we have transformations T8 through T128 , we can train
the network to learn a net transformation Tnet = T8 ◦
T16 ◦ . . . ◦ T128 progressively. In that case, the training
procedure would be similar to the proposed method, but
instead of directly summing the deformation fields according
to a schedule, the concatenated transforms up to a certain
resolution level are summed. As an example, in the first
transition, the network would be trained to optimize
û(x) = α0 u0 (x) + α1 (x + u1 (x + u2 (x))) .

(5)

We suggest that it is also possible to use progressive learning for unsupervised training of registration applications, by
adding an STN at the end of the network, and using a
conventional similarity metric to train the network.
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TABLE II
Average target registration errors (mm) evaluated on landmarks (mean ± standard deviation), and percentage of image domain that shows folding (Jacobian
determinant below zero) for each of the image pairs in the test set.
Before
TRE (mm)

Landmarks

DIR-Lab

1
2
3
4
5
6
7
8
9
10

300
300
300
300
300
300
300
300
300
300

3.89
4.34
6.94
9.83
7.48
10.89
11.03
14.99
7.92
7.30

±
±
±
±
±
±
±
±
±
±

2.78
3.90
4.05
4.85
5.50
6.96
7.42
9.00
3.97
6.34

2.16
1.65
1.91
2.70
2.42
4.15
4.53
10.26
3.57
2.17

±
±
±
±
±
±
±
±
±
±

2.12
0.89
1.05
1.80
1.71
2.30
3.46
6.51
2.11
1.59

0.33%
0.24%
0.27%
0.35%
0.02%
0.38%
0.16%
0.11%
0.16%
0.21%

1.65
1.52
1.77
2.20
2.28
3.17
2.82
4.10
2.70
2.06

±
±
±
±
±
±
±
±
±
±

0.79
0.85
0.97
1.18
1.57
1.82
1.72
3.18
1.46
1.62

0.83%
0.39%
0.75%
0.76%
0.23%
0.28%
0.23%
0.01%
0.30%
0.44%

CREATIS

1
2
3
4
5
6

100
100
100
100
107
113

5.75
13.98
7.69
7.34
7.13
6.67

±
±
±
±
±
±

2.60
7.18
5.05
4.89
5.08
3.68

2.34
4.72
1.74
2.55
2.31
2.14

±
±
±
±
±
±

1.34
2.88
0.86
1.82
1.13
1.29

0.16%
0.06%
0.09%
0.18%
0.08%
0.02%

1.83
3.25
1.62
1.96
2.10
1.83

±
±
±
±
±
±

0.84
2.34
0.75
1.16
1.52
1.45

0.43%
0.33%
0.19%
0.43%
0.47%
0.18%

POPI

1

41

6.29 ± 3.13

2.63 ± 1.98

0.18%

2.44 ± 1.57

0.31%

All

3,661

8.37 ± 6.40

3.39 ± 3.48

0.18 ± 0.11%

2.37 ± 1.77

0.39 ± 0.21%

Method

Mean
TRE (mm)

Algorithm
duration

Vandemeulebroucke et al. (2011) [28]
Schmidt-Richberg et al. (2013) [38]
Heinrich et al. (2013) [39]
Delmon et al. (2013) [40]
Berendsen et al. (2014) [41]
De Vos et al. (2019) [5]?
Proposed method ?

1.95 ± 1.47
2.13 ± 1.82
1.43 ± 1.3
1.66 ± 1.14
1.36 ± 1.01
2.64 ± 4.32
2.43 ± 1.81

N/A
N/A
7.97 min.
58 min.
N/A
1.08 ± 0.14 sec.
0.56 ± 0.08 sec.

TABLE IV
Average TRE (mean ± standard deviation) for the DIR-Lab, POPI, and
CREATIS datasets for different settings of δ and ∆ in Equation (2).

0
0
1000
2000
2000
4000

∆

Effect

Mean TRE (mm)

0
Baseline
4000
No transitions (square)
3000
Short trapezoidal phases
4000
Only transitions (triangular)
6000
Trapezoidal as proposed
12000
Long trapezoidal phases
?) This network crashes because of the lack of

3.39 ± 3.48
None?
2.63 ± 2.08
2.50 ± 1.94
2.37 ± 1.77
2.69 ± 1.83
transition.

V. Conclusion
We have proposed a progressively trained neural network for
deformable image registration that can deal with deformations
of multiple scales more accurately than conventionally trained
networks. The proposed method has been applied to lung CT
images, but can generally be applied to registration tasks in
which large global and smaller local deformations need to
be modeled, without sacrificing the fast registration times of
CNNs.

TRE (mm)

Folding

Progressive network

Image pair

TABLE III
Comparison with existing methods on the DIR-Lab data set. For each method
the TRE (mean ± standard deviation) and registration time is reported as an
indication. ? indicate methods based on deep learning.

δ

Baseline network

Data set

TRE (mm)

Folding
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