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Abstract— Deformable registration plays an important role in both
longitudinal and population-based medical image analysis.
Accurately registering infant brain MRI scans is difficult because the
brain undergoes rapid structural growth and contrast variations
during early development. This challenge affects both longitudinal
scans of the same infant and cross-sectional scans across different
infants. To address this issue, this paper presents a reusable
recurrent deep learning framework for infant brain MRI
registration. The proposed approach has several important features.
First, instead of relying directly on image intensity values, the
method utilizes segmented brain tissue maps for registration, which
helps reduce problems caused by rapid intensity and contrast
changes during infancy.
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The proposed approach is designed to handle the rapid
developmental changes in infant brain tissues that occur during the
first year of life. A single deep registration network is trained using
a one-time learning strategy and is repeatedly utilized during the
inference stage to gradually estimate complex deformation fields in
a step- by-step manner. In addition, the framework introduces an
adaptive smoothing mechanism along with a tissue- sensitive anti-
folding constraint to maintain biologically realistic deformations
while preserving high registration performance. Experimental
comparisons with existing state-of-the-art registration techniques
demonstrate that the proposed model provides superior registration
accuracy and generates smoother deformation fields. The
implementation details and source code of the network are publicly
accessible through GitHub Repository for ACTA- Reg-Net.

Index Terms— Deformable registration, infant brain MR image,
recurrent network, tissue-aware regularization.

I. INTRODUCTION
NFANT brain image registration [1], [2] is crucial for

longitudinal and population-based analysis. It can help
study early brain development during infancy, often with
dynamic volumetric and morphometric changes. For instance,
During the first year of life, the infant brain grows rapidly and
reaches nearly 65% of the size of an adult brain.Brain volume
in the first year of life [3]. During this time span, the gray
matter (GM) grows by 108% — 149%, while the white
matter (WM) grows by around 11%. Cortical morphol-ogy
also alters rapidly, with significant increases in cortical
thickness and surface area. Thus, there is a long-standing
strong focus on understanding and modeling the
developmental progression of the early brain over time
development and characterizing brain maturation at population
level. However, while deformable image registration serves as
a valuable method for measuring these developmental
variations, although the fast growth of the infant brain makes
the process challenging development during infancy makes
the task challenging.

The traditional image registration methods (e.g., SyN [4],
diffeomorphic Demons [5], NiftyReg [6], etc.) usually max-
imize the similarity between the moving image and the
fixed image, while constraining the deformation field to be
physically smooth. Most existing brain image registration
methods [4]-[6] are developed for general applications, which
are not fully capable of handling the infant brain images.
A major reason points to the lack of special considera-
tion of dynamic appearance and structural changes of infant
brain MR images. Particularly during the isointense phase

(i.e., ~6— 8 months in age) [7], the GM and WM tissues show
nearly identical intensify values, which leads to low image
contrast
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and thus difficulty in aligning tissue boundaries during the
registration process.

According to our knowledge, there are only a few registra-
tion methods that have been developed specifically for infant
brain images. For example, Wu et al. [8] used the longitudinal
trajectory and key points to complete the registration task.
Hu et al. [9] applied random forest to predict the initial defor-
mation field and also performed appearance transformation
to facilitate the conventional registration methods (e.g., SyN,
diffeomorphic Demons, HAMMER [10]). However, both these
these methods require multiple processing stages and
numerous hyperparameters, making them difficult to apply
effectively to infant MRI scans because of their high
variability intensity contrasts.

More recently, deep learning has drawn much attention in
image registration, as the well-trained network can efficiently
generate the deformation field during the inference stage and
achieve comparable accuracy with respect to the traditional
optimization-based methods [11]. However, like the traditional
methods, the deep-learning-based methods also come with a
trade-off between registration accuracy and deformation field
smoothness. For example, Balakrishnan et al. [12] proposed
to train the network with the loss function comprising of
both the image similarity and the L2-norm of the deformation
field. The weight of each term in the loss function should
be tuned in advance. The smoothness of the deformation
field is typically guaranteed by sacrificing the similarity
(i.e., tissue overlap) between the moving and the fixed images.
Dalca et al. [13] mitigated this issue by using the scaling and
squaring integration to output the velocity field. The number
of the steps of scaling and squaring integration varies in the
inference stage, even though it is fixed in the training stage.
However, the image similarity is also sacrificed with more
scaling and squaring steps. Hu et al. [14] used a discriminator
network to measure deformation field smoothness, instead of
directly constraining the smoothness of deformation field in
a non-adjustable and global manner. However, this method
involves training an extra network with manual supervision,
thus limiting its applicability in practice.

To further improve the registration accuracy, several
cascaded deep learning methods are proposed. Following
the coarse-to-fine strategy, Vos et al. [15] cascaded sev-
eral networks to uncover the multi-resolution B-splines.
Shen et al. [16] applied three cascaded networks after affine
transformation to improve the inter- and intra-subject regis-
tration accuracy for osteoarthritis MR study. Zhao et al. [17]
successfully improved registration performance over several
datasets by cascading 10 networks. The above methods are
superior in registration accuracy. However, they consume large
CPU/GPU memory and training time, which severely degrades
their usage in clinical applications.

For tackling the above issues, in this paper we propose a
dedicated recurrent tissue-aware network (RTA-Net) for infant
brain MR image registration. We specifically train a single
deformable registration network (TA-Net) with tissue-aware
smoothness regularization. Although the TA-Net is trained
in one-shot manner, we recurrently use it to incrementally
update the estimated deformation fields in the inference
stage. Although each incremental deformation field has small
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magnitude, the final deformation field can be obtained by com-
posing all the intermediate deformation fields. In contrast to
those cascading multiple registration networks in the literature,
our RTA-Net is convenient to use since only a single network
needs to be trained for recurrent inference.

To summarize, there are three major highlights of our work :

1) Our RTA-Net uses tissue segmentation, instead of inten-
sities, for registration, to better handle the drastic appear-
ance changes and poor intensity contrast in infant brain
images.
The single registration network can recurrently infer the
(incremental) deformation fields. Thus, it alleviates the
training burden, in contrast to the existing methods that
need to train multiple registration networks.
We propose an adaptive smoothing layer and a tissue-
aware anti-folding constraint in the registration net-
work, thus ensuring more smoothness of the generated
deformation field than the state-of-the-art deep-learning-
based registration methods, without sacrificing registra-
tion accuracy.

2)

3)

Il. RELATED WORK

A. Conventional Non-Deep Learning Based Registration
Methods

Commonly used methods for brain magnetic reso-
nance (MR) image registration include SyN [4], diffeomorphic
Demons [5], NiftyReg [6], efc. Although comprehensive com-
parisons of these methods are reported in [18], [19], it is still
difficult to assert the best algorithm for a general application
especially when dealing with infant brain datasets. In addition,
the iterative optimization method is typically used in the con-
ventional registration methods, which consumes much time.
By contrast, deep learning based methods are widely used to
speed up the registration, resulting in comparable performance
at the same time.

B. Deep One-Shot Registration Network

Deep neural network (DNN) for image registration is often
trained to map an input pair of fixed/moving images to a
deformation field. Many methods train a single network to
complete registration in the one-shot manner. Generally, the
one-shot network can be trained in three different ways :

1) Supervised Training — The similarity loss is defined over
the deformation field, which requires ground-truth defor-
mation field in the training stage. Several works either
use the conventional methods to generate the deformation
fields [20] or generate the fixed/moving image pairs using
the pre-defined deformation fields [21].

2) Unsupervised Training — The loss function consisting
of image similarity and regularization of the deformation
field [12], [13] is incorporated to predict the deformation
or the velocity. Furthermore, the discriminator network
is invoked to measure the image similarity [22] and the
smoothness of the predicted deformation field [14].

3) Weakly Supervised Training — The manual annotation is
considered in the loss function [13], [23] to improve the
alignment precision over the target regions. The accurate
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annotation is required only in training, but not needed in
inference.

Although many deep registration networks claim diffeomor-
phism theoretically, it is non-trivial to well preserve anatomical
topology while deforming real MR images. As discussed
in [13], the ratio of deformation folding for the adult brain MR
images can decrease with more discretized steps in integrating
velocity fields for the final deformation. The optimal number
of the integration steps may vary for different datasets though.
In SyN [4], when the integration steps go beyond four, many
negative Jacobian determinants (associating with folding) are
reported. To this end, we will use adaptive smoothing to
regularize the deformation field based on the uncertainty of its
magnitude. Moreover, we will also propose the tissue-aware
Jacobian determinant regularizer to suppress folding-induced
artifacts.

C. Cascaded Registration Networks

The cascaded deep registration networks improve registra-
tion accuracy, and several methods have been proposed based
on the cascading approach. For instance, Vos et al. [15],
Shen et al. [16], and Zhao er al. [17] cascaded different
registration networks and trained them either separately (while
keeping the weights of preceding networks fixed) or simultane-
ously to gradually improve the registration accuracy. A major
limitation of these methods, however, is the extremely high
CPU/GPU memory consumption, as each cascaded network
has its own parameters to train. On the contrary, in this
work, we propose RTA-Net by training only a single network.
In the inference stage, the network is invoked recurrently.
The scheme of one-shot training and recurrent inference can
significantly reduce the amount of network parameters, making
our network easier to train and deploy.

D. Infant Brain MR Image Segmentation

The segmentation of infant brain MR image into GM, WM,
and cerebrospinal fluid (CSF) has progressed significantly in
recent years, which enables us to establish the registration
based on tissue segmentation maps. In the isointense phase, the
segmentation is quite challenging. Early methods are mostly
based on multi-atlas fusion [24]-[26]. Currently, efforts are
dedicated to develop learning-based segmentation methods.
For instance, Zhang et al. [27] proposed to use DNN with
multi-modal MR images as input to improve the segmentation
results. Wang et al. [7] further considered appearance features
and estimated tissue probability maps to iteratively refine the
tissue segmentation. As reported in the iSeg-2017 [28] and
iSeg-2019 [29] challenges, current methods are able to gain
around 93.6% Dice similarity coefficient (DSC) over GM,
93.9% over WM, and 95.9% over CSF.

lll. METHOD

The proposed RTA-Net, as illustrated in Fig. 1 (a), aims
to register the moving segmentation image [, to a fixed
segmentation image / , by progressively refining the defor-
mation field (c.f., Section III-A). The RTA-Net consists of
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Fig. 1. (a) Overview of RTA-Net. The proposed RTA-Net consists of basic TA-
Net (in orange box) and spatial transformer. With n-loops for recurrent inference,
the final deformation field is composed from all incremental
deformations (¢;, i = 1, - -, n). (b) Detailed architectures of TA-Net in the
training and inference stages, respectively. The moving and fixed images {Im,
Iy} are input into training layers to derive uv, Xv. Velocity v is sampled from
v, 2v) in the training stage, and equals to uv directly in the inference stage.
Deformation field ¢ can be obtained by

the integration of v.

a single tissue-aware TA-Net and a spatial transformer. The
TA-Net (c.f., Section III-B) outputs a smooth (incremental)
deformation field, given the input pair of the fixed image
I ; and the moving image [, . The spatial transformer is
then used to resample the moving image (i.e., the tissue
segmentation map) using the tentatively estimated deformation
field. After n-loop callbacks to TA-Net and spatial transformer,
the RTA-Net outputs the final deformation field, as well as the
deformed moving image.

A. One-Shot Training and Recurrent Inference

In the training stage, only a single TA-Net is modeled,
which makes our method very different from current regis-
tration techniques [15]-[17]. We particularly propose to use
tissue-adaptive smoothing and tissue-aware Jacobian determi-
nant regularization to help TA-Net output smooth and accurate
deformation field. More details about TA-Net are shown in
Section III-B.

In the inference stage, the TA-Net and spatial transformer
are applied recurrently. At every iteration, a tentative incre-
mental deformation field is output from TA-Net. Then, the
moving image is updated by the spatial transformer according
to the latest deformation field. The recurrent inference in

general consists of the following three steps :

(i) The moving and fixed images {/,,, I} are input to the
pre-trained TA-Net to obtain the deformation field ¢ and
the deformed moving image .(¢1);

(it) The new pair {l.(¢1), I} is fed into the same TA-Net
to get the new incremental deformation field ¢h,. The
moving image is then warped as L.(¢h2 ° @1);
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(iii) The TA-Net and spatial transformer are invoked for n
times to obtain the final warped moving image I.(¢)

with the composed deformation field p=gh, o.. .ogh2 1.
Note that, to avoid error accumulation of repeated resampling,

we compose the incremental deformation fields before warping
the moving image at each iteration.

B. TA-Net for Tissue-Aware Deformable Registration

The TA-Net takes as the input a pair of moving and
fixed images, and outputs the deformation field. We show the
architecture of TA-Net in Fig. 1 (b), consisting of trainable
layers, sampling layer, smoothing layer, and integrating layer.
A single TA-Net is trained for all inference loops.

The trainable layers are similar to those in 3D U-Net, which
particularly output the velocity field v to further generate
deformation field ¢ following ¢= Id + ! ov dt. Here Id

indicates the identity transformation, and gv dt derives the

displ t vector field from th:
ISR ac%e e\I/lel\éec?tgr figlg vOliI; ﬁ?‘s\{e(?l(l:tllg}l/lt by the trainable

layers, it is numerically integrated in finite discretized steps
(i.e., seven steps implemented in the integrating layer) to
obtain the deformation field ¢b. The integration here is done by
the scaling and squaring operations [13], [30] in the integrating
layer as illustrated by Fig. 1 (b). We have found that, while
the magnitude of v is typically smaller than ¢ numerically, the
trainable layers can predict v more accurately than predicting
¢ directly.

The loss function for the entire TA-Net consists of image
similarity between the moving image warped by ¢ and the
fixed image, and the regularization terms for both velocity
field and deformation field:

L= -=Sim(Iu(), I )+ Reg(v) + Reg(h), ¢

5 1

=1d+ v (1)

Sim(-,-) is implemented here as the localized normalized cross-
correlation between the two images. Reg(v) and Reg(¢) will
be elaborated in the following.

1) Variational Regularization of the Velocity Field: We
model the velocity field as a multivariate Gaussian field
N, 2v ) [13], where each voxel has the mean velocity
estimate and the variance. In the training stage, the trainable
layers estimate uv and 2\ for every voxel, and then instantiate
the velocity field v by drawing from N(u, , 2v ) via the
sampling layer. The instance of the velocity field is further

PARMREAR o e LR AT R iR

instance of v by neglecting 2, . Note that the uncertainty of the
velocity field encoded in 2, will assist adaptive smoothing as
described in Section I1I-B.2.

For obtaining smooth velocity field v, we define Reg(v) as

Reg(v) = |[Vpm|* +[12]F" @

However, such conventional regularization is often insufficient
in avoiding folding artifacts in infant MR image registra-
tion. Therefore, we further propose the uncertainty based

| https: //ijsrem.com
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Fig. 2. (a) Uncertainty of the displacement magnitude is overlaid with the moving
image. The value in color bar represents the uncertainty value.
(b) The voxels are classified into three groups (blue, green, red). Each

voxel will be smoothed by its group’s smoothing kernel Kq;, i = 1,2,3.

adaptive smoothing and the tissue-aware Jacobian determinant
regularization.

2) Uncertainty Based Adaptive Smoothing: The deformation
should exhibit local smoothness, such that the displacement
vectors in a small neighborhood are spatially consistent. Con-
ventional registration methods often use a Gaussian filter

with fixed kernel size for this purpose. The
filter is define.d as
— [2 r r

K,=e 2"p-where p and p are voxel positions, and p

is the neighbour of p. The Gaussian kernel then applies to the
displacement field. While bigger o will better suppress folding
artifacts, it may result in over-smoothing of the displacement

field and thus reduce registration accuracy. Adaptive smooth-
ing [31] has been invested to avoid homogeneous and isotropic
regularization to avoid over smoothing.

To tackle this issue, we implement adaptive Gaussian ker-
nels in the smoothing layer of our network. We first calculate
the uncertainty, 2jg, of the displacement magnitude |d|.
Then, different Gaussian filters are used according to 2.
Principally, the region with higher 2y is smoothed by the
filter with a bigger 0. On the contrary, if 2j; is small, then a
small o is applied to help preserve the accurately estimated
velocity.

a) Computation of Xjq: The uncertainty of displacement
magnitude 2j; per voxe,l clan\/be computed by:

2= . 3 3. g gy (3)

where 27 = max(2,,, 2, 2, indicates the max-
imum velocity uncertainty component, and the integration
is performed using scaling and squaring operations in the
integrating layer. The detailed derivation of Eq. 3 is provided
in Supplementary Materials.

b) Adaptive smoothing based on Xjq: Voxels are then clas-
sified into three equally-sized groups based on 2. For
each group, a corresponding kernel is used. Particularly,
we detmﬁi Qﬁzq}ﬁﬁﬁ ﬁollowmg kerpels grdﬁg% 1s&agl to large
oy = )
max(2| 4 ). We show an example of the uncertamty map
overlaid on the moving image in Fig. 2. If a voxel p belongs
to the blue group in the figure, v( p) is smoothed by K1 with
small kernel size.

3) Tissue-Aware Jacobian Determinant Regularizer: In addi-
tion to the regularization and smoothing operation over the
velocity field v, we further propose the Jacobian determinant
regularizer to obtain physiologically plausible deformation
field J(¢h). The proposed tissue-aware regularizer adaptively
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constrains the three tissue types of GM, WM, and CSF, which

is defined as:
exp(imin(J(@)) — 1)) — 1;if GM or WM

Reg(g)= exp(jmean(J(¢h)) — 1)) — 1; otherwise.

Q)

For GM and WM, the minimum of the Jacobian determinant
should be positive to avoid folding. For the background and
CSF, the Jacobian determinant should be close to one, as the
displacement over these regions should be around zero. Note
that we use the exponential operation to penalize the regions
with very large or negative Jacobian determinants.

C. Implementation

We have implemented the TA-Net by Keras and Tensorflow,
and trained on a single 12GB NVIDIA Titan X GPU. Adam
optimizer is used with a learning rate of le-4. Only a pair of
segmentation maps is input in a batch. The TA-Net is trained
by 1.5¢3 epochs (100 iterations in each epoch).

IV. EXPERIMENTS AND RESULTS

A. Dataset

With increasing interest in studying the early brain devel-
opment, many longitudinal infant brain MR images have
been collected in the past years. Our dataset consists of
longitudinal Tlw and T2w images (acquired at 2 weeks, 3,
6 and 12 months after birth) of 47 healthy infant subjects,
who are enrolled as part of the Multi-visit Advanced Pediatric
Brain Imaging (MAP) study.

The imaging parameters for Tlw MR images were:
TR = 1900 ms, TE = 4.38 ms, flip angle = 7°, 144 sagittal
slices, and 1 mm isotropic voxel resolution. The imaging
parameters for T2w MR images were TR = 7380 ms,
TE = 119 ms, flip angle = 150°, 64 sagittal slices, and
1.25 x1.25 x1.95 mm? voxels resolution.

The number of 3D images for each subject varies in acqui-

sition due to missed imaging session. Particularly, the training
dataset comprises 56 scans of 27 subjects, and 57 scans of the
remaining 20 subjects are used for inference and validation.
For efficiently using the available data, we have simulated
deformation fields to warp the available tissue segmentation
maps for data augmentation. The data augmentation discussion
can be checked from Supplementary Materials.

B. Pre-Processing

The dataset is pre-processed by the UNC infant pre-
processing pipeline [32] for the subsequent image registration.
The steps involve: (i) N3 intensity inhomogeneity correc-
tion [33]; (ii) learning-based skull stripping [34]; (iii) remov-
ing cerebellum and brain stem via registration [10]; (iv) rigid
alignment of all the longitudinal images of the same subject,
and rigid alignment of T2w image with its corresponding
Tlw image; (v) tissue segmentation (CSF, GM and WM)
using a learning-based multi-source integration framework [7];
(vi) rigid alignment of all the tissue segmentation maps with

| https: //ijsrem.com
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the fixed tissue segmentation map using FLIRT [35]; (vii)
resampling of all the tissue segmentation maps and intensity
images were then resampled to have a size of 256x 256x 256
with 1x1 x1 mm?® voxels resolution; (viii) masking and filling of
sub-cortical structures, and left/right hemisphere separation

of brain [36]; (ix) construction of topologically correct and
geometrically accurate white matter (WM/GM interface) and
pial (GM/CSF interface) cortical surfaces. (x) delineation
of 34 cortical ROIs (see Supplementary Materials) by first par-
cellating the constructed cortical surfaces, and then performing
the surface-to-volume mapping of the labels. The mapping was
carried out by assigning the label from the closest vertex to
each voxel.

C. Evaluation Metrics

We employ the following three measures to assess the
performance of our registration method, namely Dice sim-
ilarity coefficient (DSC), max average Hausdorff distance
(MAHD) [37], and ratio of the folding points (RFP). In gen-
eral, higher DSC, smaller MAHD, and smaller RFP repre-
sent better performance of the registration method. Detailed
definitions of the measures can be found in Supplementary
Materials.

D. Comparative Analysis

We have evaluated our proposed method to perform inter-
subject, intra-subject, and spatiotemporal registration. The
proposed method is compared with state-of-the-art registration
methods including ANTs [4], diffeomorphic Demons [5],
NiftyReg [38] and VoxelMorph [13]. In terms of the cas-
caded networks, we are unfortunately unable to reproduce
their methods over the infant dataset in this paper. For
Vos et al. [15], there is no public code. For Shen et al. [16]
and Zhao et al. [17], we are unable to train all the networks
due to large GPU memory requirements. Note that, before
performing deformable registration, all the images are aligned
using FLIRT for affine registration. We trained VoxelMorph
using its default parameters. The parameter details of the
traditional optimization-based registration methods are given
in Supplementary Materials. All the methods are used to
register tissue segmentation maps instead of intensity images
for fair comparison.

1) Inter-Subject Registration: We first evaluate inter- subject
registration. To train the network for inter-subject registration,
the moving and fixed time-points are randomly selected from
different subjects in the training dataset. In this way, we have
a total of 1,161 inter-subject pairs for training. For inference,
the 12-month-old scan of a randomly selected inference
subject is chosen as the fixed image. All other subjects at 2-
week-old, 3-month-old, and 6-month-old in the inference
dataset are registered to the selected fixed scan, resulting in a
total of 54 inter-subject pairs for evaluation.

We report DSC over GM and WM, MAHD for inner/outer
cortical surfaces to evaluate the registration accuracy, and
RFP of the deformation fields to evaluate the smoothness of
deformation field. As shown in Table I, our RTA-Net obtains
significant improvement (p <0.05 in paired #-tests) over all the
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TABLE 1

INTER-SUBJECT REGISTRATION RESULTS OF DIFFERENT METHODS, INCLUDING MEAN
MAHD (MM) FOR INNER AND OUTER CORTICAL SURFACES, AND MEAN RFP (%) FOR THE DEFORMATION FIELD
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comparing methods for DSC and MAHD at all three settings
of time-points (i.e., registering from 2-week-old to 12-month-
old fixed image, from 3-month-old to 12-month-old, and from
6-month-old to 12-month-old). The results clearly indicate
higher registration accuracy of our method over other methods
under comparison.

In terms of RFP, RTA-Net also delivers more smooth defor-
mation fields than ANTs and VoxelMorph. Although Demons
and NiftyReg obtain smaller RFP, they actually sacrifice DSC
and MAHD —- we attribute this phenomenon as that the two
registration methods are inclined to under-estimate or over-
smooth the deformation fields. The registration results and
the deformation fields can be visually inspected in Fig. 3,
confirming that RTA-Net obtains accurate alignment with
smooth deformation fields.

In addition to the segmented tissues, we also evaluate DSC
over 34 ROIs using all the inference moving/fixed pairs (as
shown in Fig. 4). The overall performance over small ROIs
is improved by the proposed RTA-Net, i.e., 54.43+ 13.06 by
ANTs, 54.13+11.69 by diffeomorphic Demons, 51.37 +11.69
by NiftyReg, 47.36 +£13.32 by VoxelMorph, and 55.38 +
12.96 by RTA-Net. The proposed RTA-Net shows significant
improvement over 19 ROIs ( p <0.05, paired #-tests) compared
with each of the four alternative methods, as indicated by “*”
in Fig. 4.

2) Intra-Subject Registration: Intra-subject registration is key
to measure temporal changes of infant cortical structures.
To further evaluate RTA-Net for intra-subject registration, we
have validated on all intra-subject pairs over the inference
dataset. The network for intra-subject registration is refined
from the previous inter-subject registration network. Specif-
ically, in addition to the aforementioned 1,161 inter-subject
training pairs, we have used 64 intra-subject pairs to refine the
network, as the moving and fixed images in an intra-subject
pair should come from the same subject. Then, for each
inference subject, we choose the 12-month-old time-point as
the fixed, and register all other time-points of the subject to
the fixed one-by-one. Thus, there are 57 intra-subject pairs for
inference evaluation in total.

The quantitative results for the intra-subject registration
are presented in Table II. RTA-Net has achieved signifi-
cantly higher DSC (p <0.05, paired #-tests) than VoxelMorph

| https: //ijsrem.com
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for both GM and WM. Regarding the non-deep-learning
methods, RTA-Net obtains comparable or improved DSC,
except for WM in registering from 3-month-old to 12-month-
old and from 6-month-old to 12-month-old. The MAHD
results are generally consistent with the DSC results. Par-
ticularly, RTA-Net has significantly improved over the deep-
learning-based VoxelMorph ( p <0.05, paired t-test). It has
also shown better alignment for outer surfaces compared to
the non-deep-learning methods (i.e., ANTs and NiftyReg,
p <0.05, paired r-tests). However, for the inner cortical
surface, RTA-Net yields larger MAHD, compared to the
conventional methods.

Meanwhile, RTA-Net obtains very few folding points
(RFP<l1e-4%), which is comparable with the conventional
methods. Compared to VoxelMorph with quite implausible
deformation field (RFP>0.2%), RTA-Net is reliable in intra-
subject registration with remarkable RFP.

Based on the DSC, MAHD and RFP results, it can be
concluded that RTA-Net performs better in registering both
GM and outer cortical surface than the comparing methods,
and can also obtain comparable results over WM and inner
surface with the conventional methods. Note that there is
always a significant improvement of RTA-Net than the state-
of-the-art deep-learning-based VoxelMorph.

3) Spatiotemporal Registration: We further combine the
aforementioned inter- and intra-subject registration, and apply
to the setting of spatiotemporal registration of all subjects
in the inference set. For each inference subject, the spa-
tiotemporal registration consists of two steps: (1) all time-
points of a subject are first registered with the 12-month-old
time-point of the subject, by using the intra-subject RTA-Net;
(2) all subjects estimate the deformation fields toward the fixed
subject, by using their 12-month-old time-points and the inter-
subject registration network. Here the fixed subject is the same
as described in Section IV-D.1, and the two networks are
the same as described in Section IV-D.1 and Section IV-D.2,
respectively. Note, for avoiding the interpolation error, defor-
mation field composition is conducted, such that each time-
point of a subject will be warped for a single time to reach
the fixed image space. The above spatiotemporal registration
scheme is widely used in the literature [39] for handling
population of sequences.
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Fig. 3. Inter-subject registration results obtained with the comparing methods. For each time-point setting, the three rows illustrate the T1w images, the tissue
segmentation maps, and the deformation fields. Examples of improved regions are indicated by red arrows.

We also compare with ANTs, Demons, NiftyReg, and
VoxelMorph. Each of the comparing registration methods is
applied in both of intra- and inter-subject registration steps
following the spatiotemporal registration scheme above and
using the same configurations as in Section IV-D.l and
Section IV-D.2, respectively.

The DSC comparison over GM and WM of different meth-
ods is reported in Table III. It can be seen that RTA-Net still
obtains better DSC than all other methods. In terms of RFP,
RTA-Net performs better than ANTs, NiftyReg and Voxel-
Morph. Although Demons obtains better RFP than RTA-Net,

| https: //ijsrem.com
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it actually sacrifices the DSC results by a large margin
(4.7%-6.7% decrease in DSC compared to RTA-Net), which is
similar to the case in the previous inter-subject validation. The
results indicate that our proposed RTA-Net obtains superior
registration accuracy without sacrificing the smoothness of
deformation field in the spatiotemporal registration task.

When comparing the results in Table III with the inter-
subject registration results in Table I, it can also be found
that, for Demons and NiftyReg, the spatiotemporal registration
can steadily improve the DSC results than direct inter-subject
registration (i.e. each time-point of a subject is independently
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TABLE II
INTRA-SUBJECT REGISTRATION RESULTS OF DIFFERENT METHODS, INCLUDING MEAN  4+STD DSC (%) OVER GM AND WM, MEAN +STD
MAHD (MM) FOR INNER AND OUTER CORTICAL SURFACES, AND MEAN RFP (%) FOR THE DEFORMATION FIELD
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SPATIOTEMPORAL REGISTRATION RESULTS OF DIFFERENT METHODS, INCLUDING MEAN +STD DSC (%) OVER GM AND WM, MEAN +STD
MAHD (MM) FOR INNER AND OUTER CORTICAL SURFACES, AND MEAN RFP (%) FOR THE DEFORMATION FIELD
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Fig. 4. DSC (%) over 34 cortical ROIs achieved by the comparing methods
for inter-subject registration.

registered to the fixed image space). ANTs gets comparable
spatiotemporal and inter-subject registration results. For Vox-
elMorph, the DSC results can be improved by spatiotemporal
registration, except for registering 6-month to 12-month, which
is slightly improved (<1.5% improvement) than inter-subject
registration in Table I. For RTA-Net, the spatiotemporal results
decreased compared to the direct inter-subject registration,
though our method still performs much better than all other
methods in the spatiotemporal setting.

The above comparison suggests that RTA-Net gains more in
performance of inter-subject registration than of intra-subject
registration. Note that, in the inter-subject registration scheme,
each inference time-point is independently registered with
the fixed destination. On the contrary, in the spatiotemporal
scheme, each time-point will use the 12-month-old time-point

| https: //ijsrem.com
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2-week-old to 12-month-old). However, RTA-Net’s advantage
shrinks, when coping with subtel deformation (3-month-old
or 6-month-old to 12-month-old in intra-subject registration).
This inidcates that the inter-subject registration stage in
spatitemporal registration helps the performance improvement,
while the proposed RTA-Net can better handle difficult regis-
tration cases.

Finally, based on the above experiment results, it can be con-
cluded that (1) Demons and NiftyReg may under-estimate the
deformation fields by direct inter-subject registration, which
can be mitigated by the spatiotemporal registration; (2) ANTs
obtains comparable accuracy for inter-subject registration and
spatiotemporal registration, while the folding of the deforma-
tion fields can be severe; (3) RTA-Net still outperforms all
of the comparing methods, even though the spatiotemporal
registration yields a relatively worse outcome than the direct
inter-subject registration.

E. Ablation Study

We further perform the ablation studies to verify the indi-
vidual contributions of the four key components, i.e., recurrent
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TABLE IV
MEAN+STD DSC (%) AND MEAN RFP (%) OVER GM AND WM RESULTS OF RTA-NET IN THE ABLATION STUDIES
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Fig. 5. The mean DSC of GM and WM over the inference dataset (top), and
RFP of the deformation field (bottom) with different number of iterations in the
recurrent framework of RTA-Net.

inference, Reg(v), Reg(¢), and smoothing layer, in RTA-Net.
The different combinations of these components used in our
ablation studies are presented in Table IV.

We compare DSC over GM and WM, and the RFP of
deformation fields for inter- and intra-subject registration. For
each combination, we use the same inter- and intra-subject
training dataset in Section IV-D. Then, we train the net-
works using the same configuration, except for the component
involved in comparison. It can be seen from Table IV that,
without the recurrent inference, DSC is degraded by a large
margin in both inter- and intra-subject registration. Without
Reg(v), RTA-Net obtains a decreased DSC and worse RFP
(i.e., 5 times higher). Without Reg(¢), RTA-Net obtains a
decreased DSC and much worse RFP, especially for the intra-
subject registration. Without the smoothing layer, RTA-Net
achieves comparable DSC in both inter- and intra-subject
registration, yet with a cost of much worse RFP (i.e., 10 times
higher).

In this way, it can be concluded that the recurrent inference
boosts the registration alignment accuracy (i.e., DSC). Reg(¢))
mainly helps generate topology-preserved deformation field.
Reg(v) and the smoothing layer further adds smoothness con-
straint to the deformation field, without sacrificing registration
accuracy. The above results validate the effectiveness of the
proposed four components in RTA-Net.

V. DISCUSSION
A. Recurrent Inference Analysis

The steps of recurrent inference directly relates to the overall
performance of the RTA-Net. We compare DSC over GM

| https: //ijsrem.com
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we have decided to use five iterations for recurrent inference
in our implementation.

In contrast to the experiment in [17], which amplifies
the folding points with recurrent inference, our method has
achieved robust improvement in both the registration accu-
racy and well-constrained deformation field smoothness. The
reason points to the carefully designed network used for the
recurrent inference. Our network involves the tissue-aware
Jacobian regularization and adaptive smoothing layer, which
could help suppress the points of folded deformation without
sacrificing the registration accuracy (i.e., DSC over WM and
WM). In addition to the registration performance improve-
ment, our proposed RTA-Net is lightweight, which can be
trained and used for inference without the need for huge GPU
memory.

B. Registration Over Intensity Images

Someone may have concern about using the intensity images
directly for infant brain MR image registration. Here, we have
validated the traditional registration methods like Demons
and ANTs, and deep-learning-based VoxelMorph to register
intensity images directly. For ANTs, we have used two differ-
ent similarity metrics, i.e., cross-correlation (CC) and mutual
information (MI). For VoxelMorph, we have used the intensity
images of the same training dataset in Section IV-A to train
the VoxelMorph model with the reported network parameters
in [13]. We have also reproduced the weakly supervised
version of VoxelMorph (VoxelMorph-w), which uses not only
the intensity images but also the GM and WM segmentation
maps at the training stage. Generally, the performance of
the direction registration of the intensity images is quite low
(around 60% DSC over GM or WM). We have shown an exam-
ple from the testing dataset in Fig. 6. Specifically, VoxelMorph
fails to output a reasonable warped image. With the help of the
segmentation maps in the training, VoxelMorph-w can predict
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Fig. 6. The inter-subject registration results and the DSC values for GM and
WM by different registration methods (i.e., Demons, ANTs CC, ATNs MI,
VoxelMorph, and weakly supervised VoxelMorph) based on intensity images
directly. The DSC results of GM and WM are listed in the bottom table.
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Fig. 7. The results for the inter-subject registration pair in the testing dataset
with various weights, including DSC for GM and WM, and RFP of
deformation fields.

reasonable output, yet the DSCs over GM and WM are still
low.

C. Parameter Analysis

For clarifying the contribution of each term in Eq. 1,
we have used different weights to train the network. For each
comparison experiment, we set two weights to be equal to 1,
and vary the left one between 0.1 and 10. Fig. 7 shows the
DSC and RFP results over the inter-subject testing dataset. It
can be found that the DSC would gradually decrease when
increasing the weights for Reg(v) and Reg(¢h) or decreasing
the weight for -Sim(.,.). By contrast, RFP would be improved
with bigger weights for Reg(v) and Reg(¢h) or smaller weight
for -Sim(,").

D. Limitations and Future Trends

One of main novelties is the recurrent inference strategy,
which is potential to improve accuracy of the deep learning
registration methods when coping with the large deformation
image registration. We found that it is typically hard for
deep learning methods to finish the registration by a single

© 2026, IJSREM | https://ijsrem.com
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inference step. With the help of curated network structure, the
registration performance can be much improved by recurrent
inference. In our experiments, we focus on the infant brain
MR image and evaluated the proposed RTA-Net can improve
the registration performance over the segmentation images.
In our experiments, we focus on the infant brain MR image
and evaluate the proposed RTA-Net that can improve the
registration performance based on the segmentation images.
Our proposed method has high potential to better register
other datasets. For example, as the adult brain MR images
have relatively consistent intensity distribution for GM and
WM, as well as clear contrast along the tissue boundaries, our
proposed RTA-Net should be well generalized to register the
original intensity images directly.

In terms of the similarity metric, except for the cross-
correlation, mean square error (MSE), mutual information,
soft Dice ratio and other widely used metrics can also be
used for registering segmentation maps. In our experiment,
our proposed RTA-Net has improved the registration perfor-
mance compared to the baseline methods (i.e., ANTs, Demons,
NiftyReg, and VoxelMorph). Yet, we do not analyze the
influence of various metrics for the final performance. While
those compared methods use different metrics in optimizing
the deformation fields as their recommended configurations,
we find no significant difference between MSE and cross-
correlation, both of which are considered in our experiment.

VI. CONCLUSION

In this paper, we have presented a deformation registration
network (RTA-Net) for infant brain MR images. RTA-Net is
recurrently used in inference stage to improve the registration
performance. We have also incorporated adaptive smoothing
layer and imposed the tissue-aware regularization to obtain
smooth deformation field without sacrificing registration accu-
racy. We have extensively evaluated our method against the
state-of-the-art registration methods using inter- and intra-
subject, spatiotemporal registration. The experimental results
have validated that our proposed method can achieve good
registration accuracy, with higher overlap accuracy for the
GM/WM tissues and majority cortical ROIs, and also mini-
mized the folding in the deformation field.
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