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Abstract. Longitudinal Magnetic Resonance Imaging (MRI) coupled
with image registration approaches is a well-established approach for
estimating spatio-temporal brain development. We present a study of
diffeomorphic registration paradigms abilities for modelling fetal brain
deformations during cortical gyrification. We investigate how the use of
longitudinal MRI sequences can improve the accuracy of deformation es-
timates. First, we introduce an approach that integrates multiple time
points into a stationary velocity field (SVF)-based longitudinal regis-
tration framework, enabling to model continuous spatio-temporal defor-
mations from the full MRI sequence. Second, we assess this approach
alongside existing diffeomorphic registration methods on two fetal brain
atlases, evaluating their ability to capture the dynamic processes of fe-
tal cortical maturation. Our results show that even though all evalu-
ated methods systematically underestimate cortical deformations during
gyrification, registration approaches leveraging the full MRI sequence
estimate spatiotemporal deformations more aligned with the fetal brain
developmental trajectory.
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1 Introduction

The human brain exhibits significant anatomical changes throughout life, with
particularly pronounced global expansion during fetal development. Alongside
volume growth, late gestation is characterised by the sudden, rapid folding of the
cortical surface, known as gyrification [1]. Highly correlated with developmental
age, cortical folding begins in the central regions and progressively extends to-
ward the cortical lobes [8,9], serving as a strong biomarker for the detection of
atypical development [18].

High-resolution spatial information provided by Magnetic Resonance Imaging
(MRI) combined with temporal analysis, offers clinicians valuable information
for estimating morphological changes and thus the trajectory of typical brain de-
velopment. Deformation estimation between images is typically achieved through
registration approaches that compute either single or time-continuous transfor-
mations that maximise the correspondence between a deformed source image
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and a reference image [3,15,6] or between the source image and a longitudinal
MR sequence [12, 5, 10]. Pairwise methods iteratively optimise a similarity-based
objective to obtain the optimal deformation for one image pair at a time. Recent
deep-learning approaches [6, 12, 5] extend this paradigm by training neural net-
works on large datasets, reducing inference time while maintaining accuracy and
enabling foundation models elaboration [15]. To ensure anatomical plausibility,
optimal deformation aim to satisfy diffeomorphic properties through regulari-
sation constraints [3,15,12] or a direct formalism [6,5]. Such methods model
deformation as a continuous-time trajectory between source and target images,
driven by a velocity field that governs the transformation dynamics [2]. Station-
ary velocity fields (SVFs) have been used to reduce computational complexity [6,
11]. However, the capacity of these diffeomorphic approaches to accurately char-
acterise neurodevelopmental dynamics during cortical gyrification has not yet
been investigated.

This article addresses two questions related to modelling brain development:
(1) How effective are diffeomorphic registration algorithms in capturing the com-
plex anatomical deformations caused by gyrification? (2) How can multiple MRI
scans, acquired over time, be temporally integrated to estimate these deforma-
tions accurately? We address these questions by comparing standard diffeomor-
phic pairwise and longitudinal registration and by investigating an alternative
longitudinal SVF-based method.

Section 2 presents a diffeomorphic longitudinal approach derived from a pair-
wise registration SVF-based framework that integrates the entire MRI sequence
to capture the non-linear brain deformations. Section 3 describes the experi-
ments, including the datasets, the compared methods, the evaluation protocol,
and presents / discusses the results. Section 4 provides concluding remarks.

2 Method

This Section presents a longitudinal registration method derived from a pairwise
registration SVF-based framework. Section 2.1 introduces the pairwise registra-
tion SVF-based framework while Section 2.2 describes its longitudinal extension.
Section 2.3 presents a method to account for non-linear brain development.

2.1 Pairwise SVF-based registration

Deep-learning diffeomorphic pairwise methods based on stationary velocity fields
(SVFs) estimate a velocity field whose flow defines a time-continuous deforma-
tion aligning a source image onto a reference image using a weakly supervised
approach. The deformation is modelled as the solution of an ordinary differen-
tial equation (ODE) restricted to a one-parameter subgroup of diffeomorphisms
based on the SVF estimated by a network hy [11]. The SVF, denoted by v, gov-
erns the flow equation yielding a time-continuous trajectory ¢(x,t) (also noted
¢1(x)) with ¢ € [0, 1] that represents all intermediate deformations from source
to target, where ¢(x,0) = x for any x and ¢(x,1) is the final deformation that
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Fig. 1. Overview of our longitudinal method.

warps the source image to the target. The transformation is expressed via the
Lie-group exponential:

o(x,t) = exp(v(x) x ). (1)

This formulation allows an efficient computation of the continuous deformation
as the exponential of the time-scaled SVF can be rapidly computed using a
scaling-and-squaring algorithm. In the context of brain growth modelling, it
provides an efficient description of the temporal evolution of brain deformation
by interpolating between the source and the target.

2.2 Longitudinal SVF-based registration

The SVF-based deformation model allows the integration of additional time
points to enforce spatio-temporal consistency with neurodevelopmental dynam-
ics. We leverage the time-continuous diffeomorphic deformation modelling to
integrate longitudinal MRI sequences Z = {I, I1, ..., I,} or segmentation maps
S = {50, 51,...,5,} as temporal alignment checkpoints as illustrated in Fig-
ure 1. The estimated SVF is linearly modulated at the relative developmental
ages (time steps) of the intermediate MRIs of the sequence to define the defor-
mation that warps the initial image to the desired target images as formulated
in Eq. (1). This yields a set of deformed images obtained by warping the initial
image to the corresponding time points of the sequence. To maximise spatio-
temporal consistency between the MRI sequence and the estimated deformations
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at all checkpoints, we formulate a longitudinal optimisation problem to estimate
the optimal network parameters 8* of the U-Net-like model [7], as follows:

0* = arggmin Y Laim(Io © ¢1,, It) + Moreg(¢r,) (2)
k=1

where Lg;,, measures the similarity between each reference image I, or segmen-
tation Sy (k € [1,n]) and the source Iy/Sp warped by the deformation field
¢1, . Here, t) denotes the relative developmental age of Iy /S, normalised be-
tween the first and last time points. The similarity terms across all time steps
are summed to encourage global spatio-temporal coherence and prevent over-
fitting to any single pairwise registration, while a regularisation term weighted
by A penalises non-diffeomorphic deformations. For regularisation, we adopt the
cycle-consistency constraint introduced in SGDIR [12].

2.3 Non-linear temporal SVF-based modeling

To better accommodate the substantial temporal changes associated with non-
linear fetal brain growth, we propose a non-linear modulation of SVF. This
formulation relaxes the assumption of linear temporal evolution and enables
more flexible modelling of developmental deformations over time. We introduce
a network g, thats learns a non-linear monotonic function of time, enabling it
to modulate the temporal contribution of the SVF for the computation of defor-
mations at each time interval. By construction, the network enforces temporal
growth with respect to the boundary conditions g, (0) = 0 and g, (1) = 1, corre-
sponding to the identity mapping and the final deformation along the geodesic
path. The function g, is implemented as a parametric multi-layer perceptron
(MLP) with a softplus activation output layer to guarantee positivity. Growth
is obtained by integrating the positive slope [14]. Finally, a normalisation by
9y (t)/gy(1) constrains the temporal factor to a fixed range between 0 and 1.

3 Experiments

3.1 Evaluation dataset

The experiments were conducted on two human fetal temporal atlases.

dHCP atlas [16] provides 16 longitudinal MRI templates spanning 21 to 36
gestational weeks, with isotropic resolution of 0.5 mm. Alongside the MRI tem-
plates, the dataset includes segmentation maps of 20 brain regions and deforma-
tion fields that model the morphological changes and local tissue transformations
between consecutive time points. We employ these deformation fields as comple-
mentary information in our evaluation, and refer to them as “dHCP-def”.
CRL atlas [4] contains 18 MRI templates with an isotropic spacing of 0.8 mm,
covering up to 38 weeks. Segmentation masks of 19 brain structures are pro-
vided. However, the labelled regions are not consistent throughout the sequence,
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as several structures visible in the earlier scans (weeks 21 to 37) are absent from
the 38-week segmentation. This prevents the use of segmentation-based criteria
during optimisation and of segmentation-based metrics during evaluation. We
therefore excluded the last scan and limited our evaluation to weeks 21-37, so
that all regions labelled at week 21 remain observable throughout the sequence
and the anatomical correspondence between source and target images is pre-
served.

3.2 Compared methods

We compare the performances of widely used state-of-the-art registration ap-
proaches for capturing cortical gyrification, which we group into three families
according to the temporal information they exploit.

— Pairwise registration methods seek the optimal deformation between each
pair of images ([, I)), independently of the rest of the sequence: SyN [3]
from the ANTSs toolbox, the foundation model uniGradICON [15], and an
SVF-based baseline (SVF-PAIR) similar to VoxelMorph [6].

— Interpolation-based methods estimate a single deformation between the
time points (Io, I,,) and recover the intermediate ones by an interpolation
process: SGDIR [12] and a temporal modulation of the SVF estimated by
SVF-PAIR (SVF-INT).

— Longitudinal methods jointly exploit all images of the sequence to estimate
a single temporally coherent trajectory: HH [10], NODER [5], and our SVF-
based models, without the monotonic MLP (SVF-LIN, Section 2.2) and with
it (SVF-MLP, Section 2.3).

3.3 Experimental protocol

To assess how effectively diffeomorphic registration algorithms capture the com-
plex anatomical deformations induced by gyrification, we evaluate all methods
in an instance-optimised setting, on each dataset separately. This protocol re-
quires no train/test split, since our objective is to quantify how accurately the
deformations of a given sequence are captured rather than to evaluate the gen-
eralisation ability of the methods. Our evaluation covers three complementary
axes, namely alignment, folding and deformation regularity.

First, we evaluate anatomical alignment. The deformed images are compared
visually with the target image. The registration accuracy of brain structures is
then quantified from the segmentation maps, using the multi-class Dice score
across all labelled regions of each atlas and the clDice score [13] on the cortex.
Both evaluations compare the reference segmentations Sy (k € [1,n]) and the
source segmentation Sy warped by the estimated deformation field ¢, . We anal-
yse the average Dice and clDice score across the whole time series to examine
the temporal trends, as well as at the last time point, which corresponds to the
most challenging to estimate.

Second, we assess the degree of cortical folding using the 3D gyrification index
(GI) [19], i.e. the ratio of the area of the mesh cortical surface to the area of
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Table 1. Segmentation registration evaluation (Dice in white, clDice in grey). The
subscript 1:n refers to averaged scores for all intermediate images, while the subscript
n refers to the score for the last image. Best scores per method category in bold.

dHCP atlas [16] CRL atlas [4]

Braini., Brain, Cortexy., Cortex,| Braini., Brain, Cortexi., Cortex,
dHCP-def 92.14 £2.00 88.97 98.10 £1.90 94.53 - - - -
SyN [3] 97.81 £ 0.06 96.56 98.51 £1.91 94.06 [93.54 + 1.05 91.14 93.87 = 4.33 86.07
uniGradICON [15]| 87.44 + 4.83 78.01 84.83 & 14.66 53.34 |80.61 &+ 5.04 71.47 79.83 &+ 14.66 53.00
SVF-PAIR 95.55 £ 0.79 93.83 99.23 £1.09 95.80 |89.91 £0.77 88.20 96.23 + 1.61 92.32
SVEF-INT 86.23 + 3.97 93.83 77.78 £ 11.53 95.80 |80.43 £4.35 88.20 75.73 £7.16 92.32
SGDIR [12] 85.49 + 3.80 91.86 75.46 + 11.51 91.15 |80.76 + 4.23 88.36 75.80 + 6.88 91.30
HH [10] 85.43 £ 3.55 87.49 T71.71 £9.96 7293 |78.15 + 4.26 82.39 69.05 £ 7.58 74.03
NODER [5] 93.82 + 2.64 88.85 95.58 £ 4.47 85.34 [89.43 +1.23 86.91 81.53 & 3.43 75.78
SVF-LIN 89.70 £ 2.02 9243 88.58 + 5.41 92.07 |83.96 £2.99 89.16 82.93 £ 3.38 80.64
SVF-MLP 89.75 £ 2.17 92.93 8841 £+ 6.63 92.91 |84.58 £ 2.78 89.54 82.76 = 3.69 80.72

its smooth convex hull, at given gestation time [17]. The initial smooth brain is
scaled to each folded brain to get the convex hull. All cortical surfaces, estimated
and reference alike, were generated from the segmentation maps with 3D Slicer,
ensuring an identical meshing procedure on both sides of the comparison.

Finally, we assess deformation regularity and the preservation of diffeomor-
phism by computing the maximal deformation magnitude and the number of
voxels with a negative Jacobian determinant [5,6, 15].

3.4 Training setup

We optimise the evaluated methods on the longitudinal MRI sequences using
their original implementations, except for uniGradlCON, which is applied in
a zero-shot setting. This allows us to assess whether the rich representations
learned by a large-scale pretrained model transfer to unseen fetal brain images,
and whether they suffice to capture the large deformations involved. To ensure
a fair comparison during the training step, we employ the same similarity loss
across all compared methods, namely the mean squared error (MSE) between the
warped and the reference one-hot encoded segmentation maps Sk (¢ € [1,C]),
where C denotes the number of labels. No specific preprocessing was applied
to the input images, except for intensity normalisation and zero-padding ensur-
ing that all spatial dimensions are multiples of 32, as required by the network
architectures.

Our SVF-based models, based on a original vanilla DynUnet [7] architecture
without any modification, were trained using the Adam optimiser with a learn-
ing rate of 1073 and a regularisation weight of A = 1000. In the absence of a
validation set, no early stopping criterion was applied and the number of epochs
was fixed to 2000, a value sufficiently large to reach a stable solution. These
hyperparameters have been established empirically. Our source code is available
at https://github.com/gis-beachild /longitudinal-svf.
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(a) Target image (b) SyN [3] (c) uniGrad. [15] (d) SVF-PAIR

(f) SGDIR [12]  (g) HH [10]  (h) NODER [5] (i) SVF-LIN  (j) SVF-MLP

Fig. 2. Visual comparison between the target (I,/S») and the source (Io/So) warped
using the deformation fields estimated by each registration method. Images are shown
on the left, segmentations on the right.

Table 2. Maximal displacement field magnitude and percentage of negative Jacobian
determinants of the estimated displacement fields.

dHCP atlas [16] | CRL atlas [4]

[¢(x)]l det T < 0|[|¢(x)|| det T <0
dHCP-def 4.67 0.00 - -
SyN [3] 2.40 0.11 1.22 0.02
uniGradICON [15]| 1.86 0.00 1.28 0.00
SVF-PAIR 1.87 0.01 1.18 0.00
SVE-INT 1.87 0.01 1.18 0.00
SGDIR [12] 226 017 | 094  0.02
HH [10] 339 010 | 223 0.0
NODER [5] 200 360 | 179  9.80
SVF-LIN 2.79 0.02 1.50 0.07
SVF-MLP 2.78 0.04 1.56 0.06

3.5 Results

A qualitative comparison between the estimated warped images and the ground-
truth target is provided in Figure 2. We observe an absence of deformation for
the foundation model uniGradICON, highlighting its inability to capture de-
formations outside its training domain. Table 1 presents the performance of the
brain segmentation alignment. A first observation is that performance at the lat-
est gestational age is consistently lower than the average over the full temporal
sequence, highlighting the increased difficulty of modelling large deformations at
later developmental stages. These differences are exacerbated for the cortex class.
Pairwise registration methods consistently outperform longitudinal approaches,
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Fig. 3. Distribution of the normalized GI error between estimated and reference across
the MRI sequence.

as they are optimised for a specific image rather than the entire MRI sequence.
However, results for the last MRI show a smaller difference between registra-
tion paradigms in capturing deformation dynamics than on the average scores.
Spatio-temporal methods based on pairwise interpolation, such as SVF-PAIR
and SGDIR, produce notably lower cortical Dice scores and greater variability
than longitudinal methods such as NODER and SVF-based longitudinal meth-
ods. Finally, the SVF-based longitudinal models reveal a limited performance
improvement of the non-linear temporal modulation of the SVF.

Figure 3 presents box plots of the normalised error in the gyrification index.
Scores are consistently below 1, indicating a global underestimation of folding
compared to the target MRI. Among the compared methods, uniGradlCON,
SyN and NODER exhibit high variability across gestational ages. This behaviour
shows an inability to maintain uniform registration performance throughout
the sequence. Interpolation-based methods yield higher errors than other ap-
proaches, such as longitudinal methods. This observation highlights the impor-
tance of integrating the full MRI sequence to accurately model the highly non-
linear deformation during the brain gyrification.

Table 2 summarises the characteristics of the estimated displacement fields,
showing consistent magnitudes and percentages of negative Jacobians across
both datasets. This table shows a higher magnitude for dHCP-def than for the
compared methods, suggesting a registration-based underestimation of brain
shape changes. This aspect is also present between longitudinal methods and
pairwise approaches, with a lower amplitude for the latter. This may reflect a
weakness in modelling the spatio-temporal growth of the brain. The Jacobian
determinant analysis reveals few sign changes, except for NODER, highlighting
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the ability of diffeomorphic methods to partially model cortical folding at the
cost of producing undesirable transformation.

3.6 Discussion

In this study, we demonstrated that diffeomorphic registration algorithms ex-
hibit contrasting capabilities in estimating the anatomical deformations, with
a general underestimation of the cortical deformation during brain gyrification.
This limitation may stem from the diffeomorphic property of image registra-
tion methods, where the regularisation term balances similarity and smoothness.
Moreover, we observed that registration accuracy largely depends on the image
registration paradigm. Pairwise methods outperform longitudinal methods. This
gap narrows for temporally distant image pairs, where the deformations to esti-
mate are larger. In contrast, accurately modelling the full spatio-temporal pro-
gression of cortical folding requires integration of the entire MRI sequence, as the
emergence of sulci and gyri follows a highly non-linear temporal trajectory. Be-
yond paradigm-level patterns, several image registration methods led to notable
observations. The foundation model exhibits a limitation in aligning a smooth
brain to a folded brain without domain adaptation. The analysis of SVF-based
longitudinal methods results reveals low variance in the gyrification index and
the small variance in the Dice scores across all MRI time points in both eval-
uation datasets, but the introduction of non-linear temporal modulation does
not lead to a significant improvement. Compared to the non-stationary velocity
field approach (NODER), longitudinal SVF-based methods remain intrinsically
limited in modelling the emergence of cortical folding patterns. Moreover, SVF-
based approaches tend to estimate an average spatio-temporal developmental
trajectory of the MRI sequence rather than capturing the underlying non-linear
brain deformations.

4 Conclusion

In this article, we presented an analysis of the diffeomorphic image registration
methods to model fetal human brain gyrification based on longitudinal MRI.
Our analysis revealed that registration-based approaches underestimate cortical
deformations, particularly at advanced gestational ages. We also investigated an
integration approach of multiple MRI data via a longitudinal framework to cap-
ture the dynamics of neurological development. This approach, associated with a
temporal non-linear modulation of the SVF, demonstrates slightly lower perfor-
mance than the non-stationary velocity field method. Nevertheless, it has demon-
strated remarkable properties, including less variability in registration accuracy
over time, reflecting the modelling of the average spatiotemporal trajectory at
all time points. This computationally efficient registration framework [2] may
be particularly relevant for modelling spatio-temporal deformations in contexts
with slower dynamics, such as brain plasticity or pathological changes.
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