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Abstract. The corpus callosum (CC) plays a fundamental role in inter-
hemispheric integration, supporting motor coordination, language, and
sensory processing. The ability to accurately assess the morphology of
CC prenatally would allow the establishment of normative neurodevel-
opmental trajectories. Automated fetal brain tissue segmentations typ-
ically rely on T2-weighted (T2w) MR images, however limited contrast
between the developing CC and adjacent structures hampers precise de-
lineation. We proposed a multi-modal deep learning model that com-
bines anatomical (T2w) and microstructural (fractional anisotropy, FA)
information to address this limitation. Leveraging 192 fetal brain scans
of the developing Human Connectome Project from 21 to 38 gesta-
tional weeks, we generated high-fidelity ground-truth annotations us-
ing an initialization pipeline that combines morphological filtering of
FA and color FA images. We then systematically evaluated three seg-
mentation models based on T2w, FA, and combined (T2w + FA) in-



2 M. Di Stefano et al.

puts. The dual-channel (72w + FA) model significantly outperformed
state-of-the-art methods, achieving a Dice score of 0.74 £ 0.07, volume
similarity of 0.92 £ 0.06, and perfect topological consistency (Euler Dif-
ference = 0). Furthermore, performance remained quite stable under
a simulated reduced-acquisition protocol with fewer diffusion-weighted
directions, suggesting potential applicability to lower-resolution clinical
diffusion MRI, though further validation on external sites and routine
clinical-quality acquisitions is needed. Morphometric analysis revealed
robust gestational age-dependent growth trajectories for most of the
extracted parameters, while FA remained stable throughout gestation
(Spearman p = —0.02), suggesting that the microstructural proper-
ties underlying callosal anisotropy change little over this developmental
period. This multi-modal model offers a robust tool for prenatal CC
assessment, enabling quantitative characterization of typical develop-
ment and facilitating the identification of derailments from the expected
developmental trajectory. Code and trained models are publicly avail-
able at https://github.com/tommaso-ciceri/Multi-modal-deep-learning-
for-fetal-MRI-corpus-callosum-segmentation.
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1 Introduction

The corpus callosum (CC), the principal interhemispheric pathway in the brain,
plays a central role in neurodevelopment, being implicated in numerous higher-
order functions. Abnormalities of the CC are among the most common malfor-
mations of the central nervous system, with an estimated prevalence of 0.3-0.7%
in fetuses and up to 2-3% in developmentally disabled patients [5, 16]. Although
prenatal ultrasound is the primary screening modality for CC anomalies, its
high false-positive rate has established fetal MRI as the confirmatory reference
standard [5].

Due to the CC’s importance in neurodevelopment, there is growing interest
in automated methods for its characterization in prenatal imaging, with segmen-
tation serving as a key step for isolating this structure and enabling its quantita-
tive morphological analysis [11,27]. These approaches could reduce the time of
manual annotations while enabling rapid, reproducible extraction of quantitative
biomarkers (e.g. thickness, area). Currently, most fetal brain segmentation meth-
ods are based on the gold-standard U-Net—type architectures and are trained on
manually labeled data [3]. CC annotations usually rely on T2-weighted (T2w)
MR scans, which are suboptimal in the fetal brain: the CC is thin and has low
contrast with the surrounding parenchyma [10], leading to systematic segmenta-
tion errors. Even readily available segmentations in widely used datasets, such as
the developing Human Connectome Project (dHCP), contain inaccuracies in the
segmentation of the CC, including ambiguous boundaries with adjacent struc-
tures (ventricles, ganglionic eminence, fornix) and discontinuities, largely due to
directly adapting a neonatal segmentation approach [21] to the fetal context.
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In postnatal and adult imaging, CC segmentation commonly exploits T1-
weighted MRI or diffusion tensor imaging (DTI) [6]. DTT captures a defining
property of the CC: its predominantly unidirectional fibers lead to high frac-
tional anisotropy (FA) imaging values, while surrounding tissues display more
isotropic values. In color FA (cFA) maps, these fibers are encoded in red under
canonical orientation, forming a potential basis for unsupervised segmentation
approaches. Although technically challenging, in utero DTI is feasible and in-
creasingly explored for pathological assessment [4,7,19,23], yet automated CC
segmentation tools for fetal DTI remain scarce.

In this work, we propose a multi-modal segmentation strategy within an nnU-
Net framework [12] with three objectives: (i) constructing a large-scale dataset
using FA and cFA initialization to generate high-fidelity ground-truth annota-
tions; (ii) introducing single- and dual-channel architectures integrating T2w
and FA; and (iii) performing a comprehensive spatiotemporal characterization
of CC development through morphometric (volume, length, regional thickness)
and microstructural (FA profiles) features, enabling the definition of normative
trajectories that can serve as a basis for detecting developmental deviations.

2 DMaterials and methods
2.1 Dataset and preprocessing

We included 192 fetal subjects from the dHCP cohort, ranging from 21 to 38 ges-
tational weeks !!. The dataset includes reconstructed T2w images (0.5 x 0.5 x
0.5 mm3) [14] realigned to a common space and preprocessed dMRI data (15
b= 0s/mm’, 46 b = 400s/mm?, 80 b = 1000s/mm”) at 2 mm isotropic reso-
lution [2]. From the overall cohort of 250 subjects, we selected those with both
T2w and dMRI data (n = 239). The reconstructed T2w and dMRI volumes
were then assessed for quality by an expert radiologist through visual inspec-
tion, resulting in the exclusion of subjects with insufficient image quality. The
remaining dMRI volumes were coregistered to the T2w space using the rigid
transformation matrices provided by dHCP [18]. Linear interpolation was ap-
plied, and all diffusion data were resampled onto the higher-resolution T2w grid.
As an additional quality-control step, the accuracy of the T2w—dMRI alignment
was visually assessed. Overall, these quality-control procedures resulted in the
exclusion of 47 subjects. Subsequently, diffusion tensor-derived maps, including
FA and cFA, were computed using the REKINDLE algorithm [26] implemented
in ExploreDTT [17], which provides robust tensor fitting to reduce the influence
of noise and outliers (Fig. 1).

2.2 Corpus callosum annotation protocol

Anatomically, the CC was defined as the coherently organized midline white mat-
ter tract connecting the two cerebral hemispheres, distinguished by consistent

1 dHCP: Approved by the UK Health Research Authority (REC: 14/1.0/1169), with
written parental consent. https://biomedia.github.io/dHCP-release-notes/
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fiber alignment along its rostro-caudal axis. As such, CC raw 3D segmentation
masks were generated using FA and cFA maps following a four-step procedure.
First, to reduce intensity peaks at the cortical plate, each FA map was eroded
and then thresholded at the 85" percentile. Second, from the cFA map we
extracted candidate CC voxels by identifying regions where the red channel,
corresponding to the left-right fiber orientation, is higher than green and blue
components. Third, we selected the largest connected component to eliminate
spurious clusters. Fourth, all automatically generated masks were manually re-
fined with ITK-SNAP [29] by two trained raters under the supervision of an
expert radiologist to correct common segmentation artifacts. Inter-rater relia-
bility for CC volume and area measurements was evaluated on a subset of 17
subjects spanning the full gestational age (GA) range and resulted in excel-
lent [13] agreement between raters (Intraclass Correlation Coefficients > 95%;
p < 0.001).

2.3 Automated corpus callosum segmentation

For the CC segmentation, we exploited the 3D nnU-Net framework [12], a self-
configuring deep learning approach that automatically adapts network design,
preprocessing and training strategies to input data. The dataset was split into
training and testing (77/23%) while preserving balance across GAs.

Three separate CC segmentation models were trained using different input
configurations: T2w images only (T2w), FA images only (F'A), and a dual-
channel approach combining both T2w and FA (T2w + FA). Training strat-
egy followed the standard nnU-Net pipeline with five-fold cross-validation on
the training set. Final predictions were obtained using an ensemble of the five
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Fig. 1. Flow chart illustrating the processing pipeline for CC characterization.
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cross-validation folds, by averaging the outputs of the corresponding trained
models. The resulting model was then evaluated exclusively on an independent
test set that was not used during training or validation. Model performance was
assessed using the following segmentation metrics: 3D Dice similarity coefficient
(DSC) and 2D Dice similarity coefficient on midsagittal slices (DSC2D) to mea-
sure overlap, volume similarity (VOLSIM), 95" percentile Hausdorff Distance
(HD95, mm) to quantify boundary discrepancies, Euler Difference (ED) to as-
sess topological consistency, and Normalized Surface Distance (NSD) to evaluate
surface agreement within a defined tolerance. Together, the 2D and 3D metrics
provided a comprehensive evaluation of segmentation accuracy and structural
fidelity.

To assess the robustness of the models against variations in diffusion MRI
protocols, we conducted an ablation study by undersampling the original dMRI
acquisition. Specifically, the test set was downsampled to simulated protocols
with 1 b = 0s/mm® and 15 b = 1000s/mm” (hereafter denoted as FA;s). This
reduced protocol more closely reflects dMRI acquisitions commonly used in fetal
context [8].

All models were trained on NVIDIA L40S GPU (46GB VRAM).

2.4 Spatiotemporal characterization of corpus callosum
development

To characterize CC development across GAs, we extracted a comprehensive set
of morphometric and microstructural features from the masks predicted by the
best performing model for both training and testing subjects. The midsagittal
slice was automatically identified as the plane with the maximum CC cross-
sectional area, selected within a 42 slice neighbourhood.

An oriented bounding box was estimated using minimum-area rectangle fit-
ting on the 2D midsagittal mask. The longest axis of the bounding box de-
fined the principal CC axis and was used to partition the mask into three equal
anatomical regions corresponding to the genu, body, and splenium (Fig. 1c) [28§].

The following morphometric (MP) and microstructural (MS) metrics were
extracted from the CC masks (Fig. le):

— Height and length (MP): derived from the shortest and longest dimensions
of the oriented bounding box, respectively.

— Rostrum—splenium distance (MP): the outer contour of the CC was extracted
on the midsagittal slice using the marching squares algorithm for edge de-
tection. The rostrum and splenium were identified as points of maximum
curvature in the anterior and posterior contour regions, and the Euclidean
distance between them was calculated [25].

— Skeleton (MP): the CC contour was divided into superior and inferior bound-
aries using the rostrum and splenium landmarks as connecting points. Sub-
sequently, for each point on the superior boundary, the nearest point on the
inferior boundary was identified, and their midpoint was used to identify the
CC midline. The midline was resampled into 50 equally spaced points along
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arc length (Fig. 1d) and its length was defined as skeleton. Unlike length,
this metric accounts for the intrinsic curvature of the CC, providing a more
anatomical characterization of its morphology.

— Area (MP): computed for the whole CC and for each anatomical subdivision
by averaging measurements across the midsagittal slice and adjacent slices
within a 42 slice range.

— Volume (MP): calculated for the whole CC and separately for the genu,
body, and splenium subdivisions.

— Thickness (MP): the local thickness for each midline point was defined as
the length of the shortest straight line that passes through the midline point
and connects the superior and inferior CC boundaries.

— FA profile (MS): FA values were sampled at each of the 50 midline points on
the midsagittal plane using nearest-neighbor interpolation, yielding a spa-
tially resolved 50-point FA profile along the CC.

2.5 Statistical analysis

Statistical comparisons between models were performed through paired t-tests
(p < 0.01, Bonferroni-corrected). Furthermore, the best performing model was
evaluated on the test set against two state-of-the-art methods trained on T2w
images: (i) fss-CC [11], a CC-specific segmentation method using pathology-
informed domain randomization approach; and (ii) multi-BOUNTI [27], a model
based on a 3D Attention U-Net trained on dHCP subjects.

The extracted metrics were modeled as functions of GA using linear, quadratic,
and exponential models, with the optimal model selected based on the Akaike
Information Criterion (AIC). To characterize CC regional variations in thickness
and FA trajectories along the 50-point profiles, a general linear model was ap-
plied at each point with GA as the independent variable. Statistical significance
of GA-related effects was assessed to identify regions exhibiting significant de-
velopmental changes (p < 0.05, FDR-corrected). Rates of change were quantified
using the slope coefficient (f3).

To assess agreement between automatic and manual segmentations, Spear-
man rank correlation was used to compare morphometric and microstructural
features derived from network predictions versus manual annotations (p, p <
0.05, FDR-corrected).

3 Results and Discussion
3.1 Network segmentation performance

Both single and dual-channel nnU-Net segmentation models achieve good perfor-
mance (DSC > 0.70, DSC2D > 0.75) and optimal topological consistency (ED
= 0). The dual-channel (72w + F'A) model achieved numerically the highest
performance across all evaluation metrics, with statistically significant improve-
ments over the T2w-only model on almost every metric (DSC2D, p = 0.015),
and over the FA-only model specifically in DSC, DSC2D, and NSD; differences in
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Proposed (T2w+FA) Proposed (FA) dHCP label fss-CC [11] multi-BOUNTI [27]

Fig. 2. Comparison of automated CC segmentation methods on a representative mid-
sagittal T2w/FA slice of a fetus at 36 weeks.

volume similarity and HD95 relative to the FA-only model did not reach signif-
icance (Table 1). When benchmarked against state-of-the-art methods [11,27],
our dual-channel model exhibits improved accuracy (DSC and DSC2D > 0.7)
and topological consistency (proposed, ED = 0 vs. fss-CC, ED = 0.34 and multi-
BOUNTI, ED = 0.5), with higher improvement against dHCP label (ED = 3.95).
Boundary agreement was also improved relative to both benchmarks: HD95 was
lower (8.28 mm vs. 18.43 mm for fss-CC and 10.19 mm for multi-BOUNTI),
while NSD exceeded 0.75, compared with 0.62 and 0.70, respectively. Qualita-
tive assessment of CC segmentation by an expert radiologist reveals character-
istic failure modes in the state-of-the-art methods: fss-CC [11] systematically
failed to segment the splenium, likely a consequence of its agenesis-simulating
augmentation strategy, while multi-BOUNTI [27] consistently under-segmented
the genu, possibly due to the adaptation of tools originally developed in neonatal
context [21]. In contrast, our model better captures the splenium and body, with
minor over-segmentation in the genu (Fig. 2).

Results on the downsampled F A;5 test set (Table 2) indicate that the 72w+
F A model maintains relatively robust performance despite the use of undersam-
pled FA images, supporting its adoption in routine clinical acquisition protocols.
In contrast, the F'A model exhibits a marked performance drop, suggesting that

Table 1. Comparison of CC segmentation performances across models and statistical
significance, i.e., p-values from t-tests.

Method DSCt VOLSIM?t HD95| ED DSC2D? NSDt
T2w + FA 0.74 +0.070.92+0.06 8.28+2.85 0 0.79+0.080.81+0.07
T2w 0.71 +£0.07 0.90 +0.07 9.08 +3.13 0 0.78+0.08 0.77 +0.08
FA 0.71 £0.08 0.92+ 0.06 8.35 4+ 2.65 0 0.76+0.11 0.78 £0.07
fss-CC [11] 0.55 +0.08 0.81 +0.11 18.43 +17.89 0.34 0.70 £0.09 0.62 + 0.08
multi-BOUNTI [27] 0.62 £0.08 0.83+0.10 10.19£3.09 0.50 0.72+£0.10 0.70 4+ 0.08
p-values

T2w + FA vs T2w < 0.001 < 0.005 < 0.001 1 0.015 < 0.001
T2w + FA vs FA < 0.001 0.409 0.730 1 0.001 0.001
T2w + FA vs fss-CC < 0.001 < 0.001 < 0.001 0.005 < 0.001 < 0.001

T2w + FA vs multi-BOUNTI < 0.001 < 0.001 < 0.001 0.007 < 0.001 < 0.001
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segmentation based solely on FA images is highly sensitive to diffusion under-
sampling. Moreover, the combined T2w + F'A model continues to significantly
outperform the T2w-only approach, in terms of DSC and NSD scores (p < 0.001).

3.2 Morphometric and microstructural features

Morphometric analysis revealed robust (p > 0.5) GA-dependent growth trajec-
tories for all MP parameters except CC thickness with distinct regional dynam-
ics. Global metrics such as CC length, body area, and body volume exhibited
continuous, accelerated growth extending into late gestation. In contrast, height,
genu area, and splenium volume demonstrated subtle plateaus after 32—-34 weeks
(Fig. 3a). These trajectories closely align with normative curves reported for
length and area in the literature [15], and are consistent with sonographic obser-
vations of rapid linear growth during the second trimester followed by a relative
deceleration in the third [22]. CC length demonstrated the lowest dispersion
around the fitted developmental curve (R? = 0.65), indicating lower dispersion
of individual measurements compared to area- (R?> = 0.37) or volume- (R? =
0.46) based metrics. This reduced variance likely reflects the lower sensitivity
of length measurements to slice positioning and the robustness of the oriented
bounding-box approach for detecting the principal axis. Conventional prenatal
charts primarily rely on CC length as the most accessible metric [20]; our findings
suggest that CC length shows the most consistent association with GA among
the evaluated metrics, supporting its use as a primary parameter for routine
clinical growth monitoring.

Nevertheless, additional indices, such as thickness and skeleton, could provide
superior quantitative phenotyping [9] and have shown strong alignment with ul-
trasound findings [15]. Regional analysis of thickness profiles revealed spatially
heterogeneous growth rates along the CC, with the highest g slopes concen-
trated in the genu and splenium (Fig. 3b). In the presence of abnormally thin
or thick phenotypes, integrating normative trajectories of global length with re-
gional thickness, area, and volumetric measurements may substantially improve
morphological characterization [24,15, 11]. Beyond whole-structure analysis, we
provided quantitative characterization of CC subcomponents, which could serve
as sensitive biomarkers for subtle partial agenesis, moving clinical assessment
beyond binary "present/absent" classifications [15,11]. Contrary to other met-
rics, the FA profile remained remarkably stable (Fig. 3a). Although FA values
showed greater absolute variability, no significant linear or non-linear temporal
trends were detected. The analysis of profiles corroborated this, yielding no sig-
nificant regions of age-related change. This pattern aligns with established neu-

Table 2. Results of T2w+ F'A model on F'A;5 test set and statistical significance with
respect to the original diffusion protocol (* p < 0.01).

Method DSC? VOLSIM?t HD95] ED DSC2D7 NSD1
T2w+ FA  0.73+0.06¥  0.90 + 0.08 8.71 + 2.94% 0 0.78 £ 0.08*  0.79 + 0.07*
FA 0.64 +0.14*  0.87 +0.16*  12.05 & 9.31* 0 0.68 +0.15%  0.69 + 0.15*
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Fig. 3. a) Normal temporal evolution of CC metrics from 21 to 38 weeks. Metrics
were derived from network predictions for 148 training subjects (dots) and 44 testing
subjects (crosses), together with the best-fit model (solid line) and 95% bootstrap
intervals (shaded region). b) Regional growth slope () mapped along the CC midline;
warmer colors indicate faster thickness increase, while gray regions denote points where
the slope coefficient (8) did not reach statistical significance (p < 0.05, FDR-corrected).

rodevelopmental models wherein early axonal organization, fasciculation, and
pathway crossing precede true myelination [23,4,1]. Our findings confirm that
pre-myelination axonal architecture dominates fetal white matter anisotropy,
whereas myelination-driven FA acceleration remains a strictly postnatal event.

Finally, Spearman correlation between network predictions and manual an-
notations of morphometric and microstructural features confirmed strong con-
cordance (p > 0.77, all p < 0.001), with the highest agreement for volumetric
measures (p > 0.93) and FA profiles (p > 0.87).
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3.3 Limitations and future directions

This study is not without limitations. First, FA upsampling from the native 2
mm to 0.5 mm resolution could introduce interpolation artifacts, particularly
in thinner callosal regions; nonetheless, the combined T2w + F' A signal retained
sufficient discriminative power for accurate boundary delineation and topological
consistency (ED = 0). Furthermore, because ground-truth masks were initialized
from FA and cFA maps prior to manual refinement, the FA-only and dual-
channel models are not evaluated against a label set fully independent of their
own input signal. This may partly explain their advantage over the T2w-only
model, particularly along ambiguous boundaries where raters could have been
implicitly guided by the FA-derived prior. The high inter-rater reliability (ICC
> 95%) and the requirement for expert-supervised correction of the automated
initialization limit, but do not eliminate, this concern.

A second, related limitation is that our cohort was restricted to subjects
with high-quality T2w and dMRI. Consistent with this, our undersampling ex-
periment (FA;5) varied only the number of diffusion-weighted directions on an
otherwise clean, high-resolution acquisition, and so does not capture the addi-
tional degradation introduced by thick slices or fetal motion artifacts typical of
clinical diffusion protocols. At the same time, it is worth noting that under these
high-quality conditions the FA-only model already matched the dual-channel
model on volume similarity and boundary distance (1) while requiring no T2w
input at all. This suggests that, once diffusion data are available, microstructural
anisotropy on its own carries the information needed for accurate CC delineation.

The three models T2w-only, FA-only, and combined, can be seen as com-
plementary options to be selected depending on which modalities are available
and their relative quality, with cross-modal knowledge distillation as a natural
next step for settings where dMRI cannot be acquired at all. Finally, all models
were trained and evaluated on a single cohort (dHCP) restricted to typically de-
veloping fetuses. External validation across scanners, acquisition protocols, and
pathological populations is needed; we view this as a promising direction for
future work. In this view, the improved label quality could enable domain ran-
domization strategies [11], and the resulting normative reference ranges could
support quantitative assessment of neurodevelopmental deviations.

4 Conclusion

This work presents a multi-modal segmentation model that overcomes the limi-
tations of T2w-only approaches by integrating microstructural anisotropy infor-
mation. Beyond the dual-channel model (T2w+ F A), we provide single-modality
networks (72w and F'A) trained on higher-quality ground-truth that can serve
multiple purposes: reliable T2w-based segmentation when diffusion data are un-
available, and seeding for fetal tractography pipelines where automated CC de-
lineation methods remain scarce.
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