POLITECNICO DI TORINO
Repository ISTITUZIONALE

Automated Brain Segmentation in 3D Cranial Ultrasound Using Deep Learning: Toward Scalable
Bedside Monitoring of Neonatal Neurodevelopment

Original

Automated Brain Segmentation in 3D Cranial Ultrasound Using Deep Learning: Toward Scalable Bedside Monitoring of

Neonatal Neurodevelopment / Khaled, R., Pizarro, J., Benavente-Fernandez, I., Lubidn-Lopez, S.P., Shah, S.T.H., Shah,
S.A.H., Deriu, M.A., Gontard, L.C.. - In: MACHINE LEARNING AND KNOWLEDGE EXTRACTION. - ISSN 2504-4990. -

8:8(2026), pp. 1-30. [10.3390/make8080221]

Availability:
This version is available at: 11583/3013567 since: 2026-07-27T08:27:12Z

Publisher:
MDPI

Published
DOI:10.3390/make8080221

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

04 August 2026



W machine learning & K\
\ A knowledge extraction MD\Py

Article

Automated Brain Segmentation in 3D Cranial Ultrasound Using
Deep Learning: Toward Scalable Bedside Monitoring of
Neonatal Neurodevelopment

2 5 34,5

Roa’a Khaled 12*(0), Joaquin Pizarro ', Isabel Benavente-Fernandez 34500 Simé6n P. Lubian-Lépez
Syed Taimoor Hussain Shah ¢(%, Syed Adil Hussain Shah %7, Marco Agostino Deriu ®/0 and Lionel C. Gontard 18

Department of Condensed Matter Physics, University of Cadiz, 11519 Puerto Real, Spain
Department of Computer Engineering, University of Cadiz, 11519 Puerto Real, Spain; joaquin.pizarro@uca.es
Division of Neonatology, Department of Pediatrics, Puerta del Mar University Hospital, 11009 Cadiz, Spain;
isabel.benavente@uca.es (I.B.-F.); simon.lubian@uca.es (S.P.L.-L.)
4 Biomedical Research and Innovation Institute of Cadiz (INiBICA) Research Unit, Puerta del Mar University
Hospital, 11009 Cadiz, Spain
5 Area of Pediatrics, Department of Child and Mother Health and Radiology, Medical School,
University of Cadiz, 11003 Cadiz, Spain
PolitoBIOMed Lab, Department of Mechanical and Aerospace Engineering, Politecnico di Torino University,
10129 Turin, Italy; taimoor.shah@polito.it (5.T.H.S.); syed_shah@polito.it (5.A.H.S.);
marco.deriu@polito.it (M.A.D.)
7 Department of Research and Development (R&D), GPI SpA, 38123 Trento, Italy
8 Institute of Electron Microscopy and Materials Research (IMEYMAT), University of Cadiz,
11519 Puerto Real, Spain
*  Correspondence: roaa.khaled@uca.es

Abstract

Preterm infants are at high risk of neurodevelopmental disorders (NDDs), yet current
brain assessments using 2D cranial ultrasound (cUS) remain subjective and limited. 3D
cUS offers richer anatomical details but is underutilized due to its complexity and lack of
automated tools. We developed and evaluated Deep Learning (DL) methods for total brain
(TB) segmentation from 3D cUS of preterm neonates, emphasizing accuracy, reproducibil-
ity, and clinical deployability. We compared 2D UNet models, a contextual UNet, and
self-configuring 2D /3D nnUNet variants, evaluating accuracy, efficiency, and GPU/CPU
feasibility. Clinical relevance was examined through longitudinal total brain volume (TBV)
trajectories and their association with 2-year neurodevelopmental outcomes. The nnUNet
ensemble achieved the best performance (Dice: 0.97, Volumetric Difference Error: 2.32%),
while contextual UNet offered a favorable accuracy-efficiency trade-off on low-resource
hardware. Longitudinal analysis showed significantly slower TBV growth in infants with
adverse outcomes (p = 0.007), supporting the prognostic value of automated volumetric
measurements. We developed a clinician-facing web application to illustrate clinical inte-
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1. Introduction

Preterm infants are highly vulnerable to injury; thus, early assessment is essential to
detect potential neurodevelopmental disorders (NDDs) and enable timely interventions
that can improve long-term outcomes [1,2]. However, current routine bedside assessment
remains limited by visual inspection and manual measurements of 2D cranial ultrasound
(cUS), which is subjective and operator-dependent [3-5]. MRI provides superior contrast
but is often impractical for repeated monitoring of neonates due to logistical and safety
constraints [6]. Consequently, cUS remains the standard modality at Neonatal Intensive
Care Units (NICUs) due to its portability, cost-effectiveness, and widespread availability,
despite its restricted field of view and variability in manual measurements [7].

3D cUS offers volumetric visualization that can improve assessment [8-11], but its
clinical adoption is limited by the time and expertise needed to interpret volumetric
data [10]. Automated segmentation is therefore essential for scalable bedside use, offering
fast, objective, and reproducible measurements of brain structures [12,13].

Beyond structural assessment, total brain size is itself a clinically important biomarker
of brain growth and has been associated with later neurodevelopmental outcomes in
preterm infants. Today in routine NICU practice, head circumference (HC) remains the
bedside standard that serves as an indirect linear surrogate for longitudinal monitoring
of brain growth [14]. Although some studies have shown that manually extracted total
brain volume (TBV) values were strongly associated with 2-year neurodevelopmental out-
come [15,16], quantitative volumetric assessment of the total brain (TB) remains difficult to
obtain at the bedside. Reflecting this gap, efforts have been made to approximate TBV from
cUS using simplified 2D linear-axis formulas to enable more routine volumetric monitoring
during NICU admission [11], but such approaches remain manual, operator-dependent,
and not readily scalable. This underscores the clinical value of an automated, reproducible
method for extracting TBV directly from 3D cUS, independent of whether regional struc-
tures are additionally segmented. In addition, automated TB segmentation provides a
whole-brain mask that serves as a preprocessing step for future automated regional brain
segmentation by isolating the brain from the surrounding skull and background tissues.

Nevertheless, existing automated cUS methods remain rare compared with MRI
methods, and primarily target specific structures, such as cerebral ventricles, or focus on
fetal rather than neonatal imaging. No prior work has addressed TB segmentation from 3D
cUS, despite its importance for quantitative brain monitoring [17-21].

Beyond algorithmic accuracy, reproducibility and deployability in resource-limited
environments are critical for clinical translation, particularly in NICUs where hardware
capabilities vary and real-time inference is often constrained [22]. Despite substantial
progress in Al-based medical image analysis, translation to routine bedside practice remains
limited [23], with fewer than 2% of proposed models progressing beyond the prototyping
stage and many exhibiting a high risk of bias [24,25]. These challenges highlight the
importance of evaluating not only segmentation performance but also computational
feasibility under realistic clinical conditions.

This study proposes a fully automated Deep Learning (DL)-based method for segment-
ing the TB from 3D cUS images of preterm neonates. We assessed real-world deployment
in typical NICUs clinical settings, lacking high-end hardware to support the broader goal
of integrating DL into NICU workflows for reliable and scalable early neurodevelopmental
assessment. Although this work does not propose a new DL architecture, its scientific contri-
bution lies in establishing, to the best of our knowledge, the first automated framework for
TB segmentation from 3D cUS images of preterm neonates. Rather than introducing a new
architecture, the study demonstrates the clinical translation of state-of-the-art DL methods
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to a challenging application for which no automated benchmark previously existed. The
main contributions of this study are summarized as follows:

*  We propose a fully automated pipeline for TB segmentation from 3D cUS images of
preterm neonates, achieving high segmentation accuracy and computational efficiency.

*  We comprehensively evaluated conventional UNet models and nnUNet with respect
to segmentation accuracy, computational efficiency, and deployment feasibility on
both GPU and CPU-only hardware representative of NICU settings.

*  We performed clinical validation through analysis of longitudinal TBV growth and its
association with 2-year neurodevelopmental outcomes.

* We provide an open-source implementation, pretrained models, sample data,
and a clinician-oriented web application to facilitate research reproducibility and
clinical adoption.

2. Related Work

Early efforts to automate neonatal brain segmentation used classical image processing
methods, including atlas-based, statistical, and Machine Learning (ML) methods [26].
Atlas-based methods rely on predefined anatomical templates and tissue priors, but require
heavy preprocessing and often fail to capture the substantial anatomical variability seen in
preterm infants [26,27]. Statistical methods, such as thresholding, region growing [28] and
morphology-based segmentation [29] are computationally efficient but highly sensitive to
noise, poor tissue contrast, and intensity inhomogeneity, common limitations in neonatal
cUS [30]. ML approaches, including Support Vector Machine (SVM), Random Forests (RF),
and fuzzy clustering variants [17,26,31,32], offer more flexibility but still rely on hand-
crafted features and show limited robustness and generalization [27,29]. These challenges,
compounded by motion artifacts and the inherently low-contrast nature of neonatal US,
have motivated the transition toward DL-based solutions [33].

DL, particularly UNet-based architectures, has become dominant because of their
effectiveness in biomedical image segmentation [17,34-36]. Such methods have also been
used for neonatal brain images [33,37]; however, they focus mainly on MRI [17]. Beyond
handcrafted UNet variants, the nnUNet framework has emerged as a strong baseline in
biomedical image segmentation due to its self-configuring design and consistent perfor-
mance across diverse datasets [38]. Despite its widespread adoption, nnUNet has not been
applied to neonatal cUS.

A recent systematic review identified eight DL-based methods for cUS segmentation
(specifically ventricles segmentation), published between 2018 and 2022, with reported
Dice Similarity Coefficient (DSC) values ranging from 0.72 to 0.91 [12,17,39-45]. Only a few
new studies on cUS have since been published. For instance, Regalado et al. performed
Sylvian fissure segmentation from 2D cUS (DSC 0.777 + 0.072) [46], while Szentimrey et al.
performed ventricular segmentation (DSC 0.757 + 0.055) [13]. These studies demonstrate
the feasibility of DL for neonatal cUS but focus on localized structures rather than TB
segmentation. To date, no study has addressed automated TB segmentation from 3D
neonatal cUS, despite its importance for quantifying TBV, a key biomarker of early brain
development, and for supporting downstream tasks by providing a reliable brain mask
that improves anatomical focus and computational efficiency.

Computational performance is also under-reported in cUS DL studies. Most prior
work benchmarks inference only on high-end GPUs, with reported inference times ranging
from 0.01 to 70.4 s for 2D methods and 2 to <60 s for 3D methods [12,39-45]. Only a few
studies have assessed low-resource performance. Martin et al. reported 70.4 s per 2D slice
on a Quadro M1000M GPU [43], and Gontard et al. achieved under 60 s per 3D volume on
an entry-level Nvidia 920MX [39]. This lack of benchmarking on realistic clinical hardware

https:/ /doi.org/10.3390/make8080221


https://doi.org/10.3390/make8080221

Mach. Learn. Knowl. Extr. 2026, 8, 221 4 of 30

motivates our inclusion of CPU-only evaluation. In this study, we define real-time as 3D
volume-level segmentation completed within sub-second to few-second latency, such that
it does not delay routine bedside review in the NICU, and near-real-time as processing
completed within a clinically acceptable delay of seconds to a few minutes.

Recent DL advances have introduced architectures beyond UNet variants, including
Transformer-based models that capture long-range dependencies via self-attention [47].
Hybrid models such as TransUNet [48] and UNetFormer [49] have demonstrated strong
segmentation performance across a variety of medical imaging applications. Nevertheless,
recent reviews indicate that UNet-based architectures remain among the most widely
adopted and competitive approaches because they offer an effective balance between seg-
mentation accuracy, computational efficiency, and generalizability across diverse medical
imaging tasks [50]. In this work, we therefore focus on UNet-based models, as they provide
a suitable compromise between segmentation performance, computational efficiency, and
deployment feasibility for bedside neonatal applications on standard hospital hardware.

Beyond methodological advances in automated analysis of cUS, numerous studies
have linked early brain volumetric measures, both global and regional, to later neurodevel-
opmental outcomes in preterm infants. At the global level, Mayrink et al. reported that
larger head circumference at discharge and at five months of corrected age was positively
correlated with cognitive, language, and motor Bayley-III scores at 12 and 18 months [51],
whereas Ruiz-Gonzalez et al. demonstrated that manually measured TBV from cUS pre-
dicted abnormal term MRI findings and that slower TBV growth was correlated with
adverse cognitive and language outcomes at two years of age [15,16].

At the regional level, slower thalamic growth trajectory from early MRI to term-
equivalent age was associated with lower Bayley-III cognitive, motor, and language scores
at 2 years [52], and larger ventricular volume at both early and term-equivalent age MRI
was independently associated with lower IQ and poorer motor outcomes at 4.5 years [53].
In another study, larger cortical gray matter volume and lower CSF and ventricular volumes
at early MRI were associated with better Bayley-III motor and cognitive scores at two years
with these findings extended to term-equivalent age by the same group, additionally
identifying white matter, deep gray matter, and cerebellar volumes as predictors of motor,
cognitive, and language outcomes at two years [54,55]. These findings motivated our
use of 2-year Bayley-III scores to assess the clinical relevance of automatically obtained
TBV trajectories.

Together, these limitations underscore the need for automated, clinically feasible TB
segmentation from 3D neonatal cUS, a gap that this study aims to address.

3. Materials and Methods
3.1. Data Cohort

The dataset used in this study is part of a private, ongoing longitudinal cohort of
preterm infants recruited at Puerta del Mar University Hospital (Cadiz, Spain) since May
2018. All procedures received institutional ethics approval and written informed consent
(P10052 /2017, ITI-0019-2019 and PID2019-110484RB-100). Clinical and imaging data were
anonymized before analysis, and infants were eligible if born at <32 weeks of gestation (in
medical terms: <32 weeks of gestation + 6 days) and/or with a birth weight <1500 g.

3D cUS volumes were acquired for each infant at least once shortly after birth and,
when possible, at more time points during hospitalization using the Voluson i and Voluson
S8 systems (GE Healthcare). The S8 provides higher image quality, resulting in a dataset
of mixed-quality volumes. Acquisition parameters and export workflow are provided in
Appendix A.
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At two years corrected age, or postmenstrual age (PMA), neurodevelopment was
assessed using the Bayley Scales of Infant and Toddler Development, Third Edition (BSID-
III) [56]. This assessment provides standardized scores (mean 100, SD 15) across cognitive,
motor, and language domains. Scores were analyzed both quantitatively and qualitatively,
and scores >85 were classified as favorable and <85 as adverse, following established
practice [16,57]. An overall outcome was defined as adverse if any of the three domains
had a score <85.

The DL models were trained and evaluated on 397 3D cUS volumes from 63 preterm
infants. Cohort characteristics are summarized in Table 1.

Table 1. Characteristics of the cohort used for model development, including gestational age (GA)
and birth weight (mean + SD), gender distribution, and the number of volumes acquired with each
ultrasound system.

Description Value
Mean GA at birth (weeks) 28.70 + 2.44
Mean weight at birth (grams) 1133.41 £ 352.21
Gender (Female:Male) 29:34
Volumes from Voluson i system 368 (from 48 patients, 76% of cohort)
Volumes from Voluson S8 system 29 (from 15 patients, 24% of cohort)

For longitudinal TBV and outcome analysis, we expanded our cohort from the original
63 infants (397 volumes) to a total of 109 infants (684 volumes)and retained only those with
>2 valid scans and without Post-Hemorrhagic Ventricular Dilatation (PHVD) to enable
reliable growth modeling and reduce confounding.

To ensure reliable longitudinal modeling, two scan-level filters were applied. First,
scans acquired after 45 weeks of PMA were excluded because they were sparse, clinically
heterogeneous, and disproportionately represented in the adverse outcome group, likely
due to prolonged hospitalization in more complex cases, which could otherwise bias slope
estimation. Second, TBV outliers were removed using an unbiased statistical rule (the
Interquartile Range (IQR) method within 2-week PMA windows) to eliminate extreme
values attributable to measurement noise or biological anomalies. This procedure relied
solely on statistical deviation and was independent of segmentation quality or model
performance. After filtering, all 109 infants remained in the cohort, while the total number
of 3D volumes decreased modestly (from 684 to 659 volumes) with cohort demographics
unchanged (Table 2).

Table 2. Clinical and scanning characteristics of the extended cohort used for longitudinal study,
including gestational age (GA) in weeks and weight at birth in grams (mean £ SD), gender and
outcome distribution, and the range and median number of 3D volumes per infant, where each
volume represents one longitudinal time point.

Description Value
Mean GA at birth in weeks 29.14 £2.32
Mean weight at birth in grams 1150.37 £ 354.73
Gender (Female:Male) 55:54
Outcome (Favorable:Adverse) 82:27
3D Volumes per patient (min-max) 2-33
3D Volumes per patient (median) 5

Data Annotation

The 3D cUS volumes from the 63 infants used for model development were manually
annotated by two engineers trained in neonatal neuroimaging under the supervision of a
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senior neonatologist (15 years of experience) at Puerta del Mar University Hospital, Cadiz,
Spain. Pixels were labeled as brain or non-brain using the MELAGE toolbox [58], and
the dataset was divided among annotators. One performed slice-by-slice segmentation,
while the other annotated key slices and interpolated intermediate slices, both following
a standardized protocol established with the neonatologist. Due to time constraints, the
neonatologist reviewed only a subset of the annotations.

These differing annotation strategies may introduce some variability in the smoothness
and continuity of Ground Truth (GT) surfaces. A formal inter- or intra-operator variability
analysis was not feasible given the high annotation burden, although standardized training
and partial expert review helped mitigate variability. Quantifying annotation variability
remains an important direction for future work.

3.2. Development of DL-Based Segmentation Models
General Preprocessing, Data Splitting, and Model Development

Raw 3D cUS volumes had variable spacings (0.366—-0.528 mm) and heterogeneous
volume dimensions ranging from 157 to 397 (X: coronal), 155 to 572 (Y: sagittal), and
209 to 515 voxels (Z: axial) (median 185 x 251 x 217). To standardize resolution, all volumes
were resampled to isotropic 0.5 mm spacing (computed as the average spacing). This
applies to all DL models in this study to ensure fair comparisons. After resampling, volume
dimensions varied based on the physical size of each volume, ranging from 126-238 (X),
123-343 (Y), and 145-309 (Z) voxels (median 172 x 231 x 201).

Data splitting was performed at the patient level (i.e., all longitudinal volumes from
each infant were kept within the same split) to avoid data leakage; 80% of infants were
assigned to the training set and 20% to the testing set, preserving similar gestational age
(GA) and birth weight distributions (Table 3). The overall data partitioning strategy is
illustrated in Figure 1.

Figure 1. Patient-level data splitting strategy showing the distribution of infants, 3D cUS volumes,
and axial 2D slices across the training, validation, and testing sets. All data from each infant were
kept within a single subset.

Model development followed a stratified 5-fold cross-validation protocol using the
training set. For each fold, the training set was further divided into training and validation
subsets using an 80:20 patient-level split, ensuring that all longitudinal scans from the
same infant remained within a single subset. The independent testing cohort was kept
completely separate and used only for the final performance evaluation. This protocol was
applied consistently to all evaluated models to ensure a fair comparison.

Model-specific preprocessing, training, and postprocessing are described below.
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Table 3. Summary of gestational age (GA) in weeks, birth weight in grams, and gender distribution
for the full cohort and for the training and testing subsets used for model development (reported as
mean + SD and Min.—Max. ranges).

Statistic Total Training Set Testing Set
GA (mean + SD) 28.70 £ 2.44 28.71 £2.40 28.67 £2.58
GA (Min.-Max.) 23-32.86 23-32.86 24-31.71
Weight (mean + SD) 1133.41 4 352.21 1107.75 £ 326.38 1242.5 + 428.77
Weight (Min.-Max.) 470-1880 470-1650 550-1880
Females 29 (46%) 26 (51%) 3 (25%)
Males 34 (54%) 25 (49%) 9 (75%)

3.2.1. Handcrafted Models (2D and Contextual UNet)
Preprocessing

Each resampled 3D volume was intensity-normalized and sliced into 2D axial, coronal, and
sagittal images.

Training

A UNet architecture (depth = 3, defined as the number of levels in the encoder and decoder)
was trained separately on slices from each anatomical plane [34]. Axial slices achieved
the best performance and were used to train a Contextual UNet, which incorporates
three consecutive axial slices as a 3-channel input. The architectural depth and training
hyperparameters were selected based on commonly used UNet configurations in the
segmentation literature and are detailed in Table 4.

Table 4. Architectural configurations and hyperparameters of the 2D UNet, Contextual UNet, and
2D /3D nnUNet models. BCE = Binary Cross-Entropy; Dice+CE = combination of soft Dice and
Cross-Entropy; SGD = Stochastic Gradient Descent with Nesterov momentum.

2D UNet Contextual UNet 2D nnUNet 3D nnUNet

Depth 3 3 6 6
Layers 13 13 32 32
Parameters 116,753 117,041 20,619,082 30,785,994
Input patch size 1 x 256 x 256 3 x 256 x 256 1x256 x224 112 x 160 x 128
Batch size 64 64 57 2
Loss function BCE BCE Dice+CE Dice+CE
Optimizer Adam Adam SGD SGD
Initial LR 0.001 0.001 0.01 0.01
Epochs (max.) 40 40 1000 1000

Each fold was trained independently using the corresponding training and valida-
tion partitions.

Postprocessing

Reconstruction of 3D volumes from 2D predictions was followed by binary hole filling
(structuring element 3 x 3 x 3, three iterations), largest-connected-component selection, and
anisotropic-diffusion smoothing (1 iteration, Perona-Malik scheme) to reduce noise and

enforce volumetric consistency.

3.2.2. Fully Automatic Approach with nnUNet Framework

Unlike manually tuned architectures, nnUNet is a self-configuring framework that
automatically determines the preprocessing, architecture, and training hyperparameters
based on dataset statistics [38]. It selects resampling strategies, patch sizes, batch sizes, and
network topologies according to spacing, intensity distribution, target anatomical shape,
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and GPU memory, and evaluates multiple configurations (2D, 3D, and 3D cascade) via
five-fold cross-validation to automatically select the best-performing model or ensemble.
nnUNet also applies empirical postprocessing, such as connected-component filtering, only
when beneficial.

Preprocessing

In our case, the Default Preprocessor was automatically selected by nnUNet, which per-
forms resampling to isotropic voxel spacing (already applied in our general preprocessing),
intensity normalization based on percentile clipping, cropping, and padding, and automatic
selection of the input patch size and batch size. The 2D configuration used axial slicing
after RAS (Right-Anterior-Superior) reorientation.

Training

Training followed the default nnUNet pipeline using the same patient-level 5-fold cross-
validation protocol described earlier. nnUNet trained both 2D and full-resolution 3D
models, and automatically selected a 2D-3D ensemble as the best-performing configuration.
All training settings followed the default nnUNet pipeline and are summarized in Table 4.

Postprocessing

nnUNet did not select any postprocessing, as it did not improve validation performance.

3.3. Evaluation
Segmentation performance was evaluated using four metrics:

*  Dice Similarity Coefficient (DSC): measures spatial overlap.

*  Volumetric Difference Error (VDE): percentage deviation between predicted and
GT volumes.

*  Volumetric Similarity Index (VSI): assesses agreement in volumetric size.

*  Average Surface Distance (ASD): mean distance between predicted and ground-
truth surfaces.

We additionally performed a qualitative visual assessment of anatomical accuracy
and post hoc explainability analysis using feature-activation attention, Grad-CAM, LRP-
inspired relevance maps, saliency maps, and fold-wise uncertainty visualizations. These
explainability methods were used to qualitatively assess whether model responses focused
on anatomically meaningful brain regions and to identify areas of higher prediction uncer-
tainty. Computational efficiency was also evaluated, including training duration, inference
time (per slice and per 3D volume), epochs to convergence, postprocessing time, and model
complexity in Floating-Point Operations Per Second (FLOPs).

3.4. Implementation

Image preprocessing and model development were performed in Python 3.9 and
PyTorch 2.0 on an Ubuntu 18.04 server equipped with 125 GB usable RAM, two NVIDIA
RTX A5000 GPUs (24 GB each), and an Intel Xeon Gold 5220R CPU.

Additionally, we implemented a prototype web application to demonstrate how
segmentation models can be integrated into a clinician-facing workflow. The application
uses a Flask backend and a lightweight HTML/JavaScript front-end that enables users to
upload volumes, select models, view synchronized axial, coronal, and sagittal slices with
mask overlays, and download outputs with volumetric measurements. Additional details
on the clinician-facing web application and its privacy-preserving design are provided in
Appendix B.
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The complete implementation, including model training codes, inference codes,
trained models, sample 3D cUS volumes, and the web application, are available in a pub-
licly accessible repository; the link has been temporarily withheld to preserve anonymity
during peer review.

4. Results Analysis and Discussion

This section reports segmentation accuracy and computational performance of the pro-
posed models, contextualizes the results with respect to existing DL approaches for neonatal
cUS, and explores the clinical relevance of automated brain volumetric measurements in
relation to neurodevelopmental outcomes.

4.1. Segmentation Performance and Explainability

We first compared the three handcrafted 2D UNet models trained on axial, coro-
nal, and sagittal planes. As summarized in Table 5 and illustrated by the box plots in
Appendix C (Figure A2), the axial model consistently outperformed the others across all
metrics (DSC = 0.92 + 0.04), with lower volumetric and surface errors. Qualitative exam-
ples in Figure 2 further illustrate the improved anatomical alignment of axial predictions
with the GT. Performance differences across planes highlight the importance of slice orien-
tation in 2D model training. The axial plane provides more consistent anatomical coverage
through the anterior fontanel, whereas coronal and sagittal planes suffer from partial
coverage and less reliable landmarks, which may also affect GT fidelity.

Table 5. Quantitative segmentation performance of the developed models obtained using 5-fold
cross-validation. Plane-specific 2D UNets, a Contextual UNet, and nnUNet variants (2D, 3D, and
ensemble) were compared using DSC, VDE, VSI, and ASD (mean + SD).

Model DSC VDE (%) VSI ASD
Sagittal 2D UNet 0.82 £0.08 3448 £25.11 0.86 +0.09 517 £ 2.61
Coronal 2D UNet 0.89 + 0.05 12.11 +£9.31 094 +0.04 3.02+141

Axial 2D UNet 091 +£0.04 10.68+10.03 0.95+0.04 2.00=+0.90
Contextual UNet 0.93 £ 0.03 445 + 447 0.98 £+ 0.02 1.37 £ 0.63
2D nnUNet 0.96 £+ 0.02 2.66 + 3.61 0.99 + 0.02 0.83 + 0.50
3D nnUNet 0.97 £ 0.02 249 +2.43 0.99 + 0.01 0.79 £ 0.40
nnUNet ensemble 0.97 £ 0.02 2.34 + 2.37 0.99 + 0.01 0.83 4+ 0.38

Bold values indicate the best performance for each metric.

To incorporate spatial context, we trained a Contextual UNet using three adjacent
axial slices. This model improved volumetric and surface accuracy over the axial 2D UNet
(DSC = 0.93 + 0.03, Table 5, Appendix C (Figure A3)), confirming the benefit of contex-
tual information. Qualitative results show smoother and more complete reconstructions
(Figure 2).

Seeking additional performance gains and automation, we further evaluated the
nnUNet framework, which automatically selects optimized 2D, 3D, and ensemble configu-
rations. The selected 2D-3D ensemble achieved the highest segmentation accuracy overall
(DSC = 0.97 + 0.02; Table 5, Appendix C (Figure A3)) and produced the most consistent
volumetric predictions (Figure 3).

Assessing the contribution of each component in the ensemble, an independent eval-
uation of the 2D and 3D nnUNet models showed comparable quantitative performance
(Table 5), with the 3D variant producing smoother surfaces and fewer artifacts on visual
inspection (Figure 3), supporting the complementary nature of the ensemble.
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Overall, albeit at the cost of higher computational demand, performance gains of nnUNet
over handcrafted models reflect increased architectural depth, richer skip connection strategies,
and richer spatial context as the 3D nnUNet operates directly on volumetric patches.

Figure 2. Qualitative comparison of neonatal brain segmentation using plane-specific 2D UNet
and Contextual UNet models. Each row corresponds to a different patient. From left to right:
raw US volume in three anatomical views, Ground Truth (GT), sagittal, coronal, axial 2D UNet,
and Contextual UNet models. Segmentations (GT and model outputs) are displayed in yellow
as sagittal slice overlays and 3D renderings in standard anatomical orientation. Colored axes
in the 3D renderings denote anatomical directions (red = left-right, blue = anterior—posterior,

magenta = inferior-superior).
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Figure 3. Qualitative comparison of neonatal brain segmentation using nnUNet models. Each row
corresponds to a different patient. From left to right: Ground Truth (GT), 2D, 3D, and ensemble
nnUNet models. Segmentations (GT and model outputs) are displayed in yellow as sagittal slice
overlays and 3D renderings in standard anatomical orientation. Colored axes in the 3D renderings
denote anatomical directions (red = left-right, blue = anterior—posterior, magenta = inferior—superior).
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To further investigate model decision-making, representative explainability maps and
fold-wise uncertainty estimates are shown in Figure 4. Across all models, feature-attention,
Grad-CAM, saliency, and LRP-inspired relevance maps consistently identify the brain
parenchyma as the primary driver of the segmentation decisions, with limited response
to surrounding background structures. Notable differences are nevertheless observed
between architectures. The handcrafted 2D and Contextual UNet models exhibit broader
and more diffuse activation patterns, whereas the nnUNet models produce more compact
and anatomically focused responses that align closely with the segmented brain region.
Consistent with these observations, the handcrafted models also display more widespread
fold-wise uncertainty throughout the brain, while the 2D and 3D nnUNet models ex-
hibit lower uncertainty that is largely concentrated around the brain contour. Together,
these qualitative findings are consistent with the superior quantitative performance of the
nnUNet models (Table 5), suggesting that they learn more consistent and spatially coherent
feature representations while maintaining stable predictions across cross-validation folds.

4.2. Computational Efficiency and Clinical Deployment

Reproducibility and computational efficiency are critical for clinical translation in
NICU settings, particularly in resource-limited settings [22]. To complement accuracy
analysis, we evaluated training cost, inference latency, memory usage, and computational
complexity of all models (Table 6).

To better simulate the behavior of a realistic clinical production-grade software, and
for a fair comparison with inference times reported in other existing studies, we perform
batch inference where the model is loaded once when the application starts (or first volume
is processed) and is reused for new volumes (i.e., persistent model in memory, no repeated
loading). Moreover, the inference times reported include inference, binarization, and
output saving. For a fair comparison, postprocessing time is reported separately for
the handcrafted UNet models since the nnUNet models performed no postprocessing
in our case. For handcrafted models, volume-level inference was derived from per-slice
predictions, while nnUNet timings were approximated from batch inference outputs.
Detailed timing procedures and times for raw inference (no output saving) and volume-by-
volume inference (repeated model loading) are reported in Appendix D. Inference time and
GPU memory are reported for a single trained model, reflecting the intended deployment
scenario. The 5-fold cross-validation protocol was used exclusively for model development
and segmentation performance evaluation.

Handcrafted 2D and Contextual UNets were the most memory-efficient models,
whereas nnUNet variants required substantially more GPU memory and FLOPs (Table 6),
reflecting their increased architectural complexity. These differences were also reflected in
volume-level inference time. The 2D and Contextual UNets achieved total volume inference
times of 0.785 s and 0.708 s, respectively, increasing to 2.965 s and 2.858 s when postprocess-
ing was included, which qualifies as real-time 3D segmentation under our definition (given
in Section 2). The 2D nnUNet required 3.759 s per volume without postprocessing, remain-
ing within the real-time range, while the 3D nnUNet achieved a volume-level inference
time of 5.695 s, corresponding to near-real-time performance. Although neurodevelopmen-
tal outcome prediction relies on longitudinal imaging, low-latency segmentation remains
clinically valuable at the point of acquisition, enabling immediate quality control, scan
guidance, rapid extraction of volumetric measures that can be stored for later longitudinal
assessment, and timely bedside decision support when abnormalities are suspected.

To assess feasibility in low-resource settings, we evaluated inference on a CPU-only
conventional machine representative of typical NICU environments; an overview of rel-
evant clinical hardware configurations is provided in Appendix D. The evaluation was
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conducted on an Intel® Core™ i7-8565U CPU @ 1.80 GHz (4 cores/8 threads) with 8 GB
RAM running Windows 11. As reported in Table 7, handcrafted models remained practical,
with volume-level inference times of 7.86 s for the 2D UNet and 8.90 s for the Contextual
UNet, whereas the 2D and 3D nnUNet required substantially longer processing times
(121 s and ~244 s per volume, respectively) and higher memory usage, limiting their
suitability for such settings.

Figure 4. Cont.
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Figure 4. Representative explainability and uncertainty visualizations for the 2D UNet, Contextual
UNet, 2D nnUNet, and 3D nnUNet models, obtained from the same representative 3D cUS scan.
Axial, sagittal, and coronal slices are shown for each model. Columns display the original image,
feature-attention maps, Grad-CAM, LRP-inspired relevance maps, saliency maps, and fold-wise
uncertainty maps (standard deviation across the five cross-validation folds). Warmer colors indicate
higher relative contribution or uncertainty within each visualization.

Opverall, these results highlight a trade-off between accuracy and deployability. While
the nnUNet ensemble achieves the highest accuracy overall (Dice = 0.97), its substantially
higher computational cost limits its practicality in resource-constrained NICU environ-
ments. In contrast, the Contextual UNet provides the most favorable balance for such
settings, maintaining high segmentation accuracy (Dice = 0.93) while enabling real-time
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3D inference and delivering 14, 27, and 41 x faster processing on CPU-only hardware
compared with the 2D nnUNet, 3D nnUNet, and their ensemble configuration, respectively.

Table 6. Training and inference characteristics of the evaluated models, including FLOPs, peak GPU
memory, and slice- and volume-level inference times under batched GPU execution. CV = 5-fold
cross-validation; SF = single fold. CV training time represents the total training time for the complete
5-fold cross-validation procedure, whereas all SF training and inference metrics correspond to a single
trained model. Values for the 2D UNet are averaged across the three anatomical models.

2D UNet Contextual 2D 3D
UNet nnUNet nnUNet
Training Details
Axial: 57,663
Training images (2D/3D) Coronal: 68,029 57,663 57,663 327
Sagittal: 75,472
Batch size 64 64 57 2
CV training time (hours) 6.31 6.36 84.40 104.44
SF training time (hours) 1.84 2.00 17.85 20.71
Epochs to converge ~35-40 ~35—40 250 250
Model Efficiency
FLOPs (GMac) 1.44 1.46 34.07 1405.45
SF GPU Inference
Peak memory (MB) 20.15 20.65 80.92 118.86
2D slice inference time (s) 0.004 0.004 0.022 -
3D volume inference time (s) 0.785 0.708 3.759 5.695
Postprocessing (not GPU optimized)
Postprocessing time (s) 2.18 2.15 - -

Table 7. CPU-only inference performance of the evaluated models under the single-model deploy-
ment scenario, reporting slice- and volume-level inference times and peak CPU memory usage.
Values for the 2D UNet are averaged across the three anatomical models.

Model 2D UNet ~ Comtextual opy  UNet 3D nnUNet
UNet
2D slice inference time (s) 0.040 0.052 0.701 -
3D volume inference time (s) 7.859 8.899 121.047 244.089
Peak inference CPU memory 352.73 515.41 501.25 581.84

When modestly higher computational resources are available, the 2D nnUNet repre-
sents a viable alternative, offering improved accuracy at still acceptable inference latency.
Higher-capacity nnUNet configurations are best suited for GPU-enabled platforms, under-
scoring the importance of aligning model choice with the intended clinical deployment
scenario. Ultimately, the ideal scenario for real-time application and seamless integration
into NICU workflows involves embedding the chosen model directly within the US ma-
chine’s proprietary hardware, optimizing for on-device processing and immediate feedback
during image acquisition [22].

To illustrate practical deployment, we additionally implemented these models in
an interactive web application designed for bedside use, enabling clinicians to upload
volumes, select a model, review segmentation overlays, and access volumetric metrics
through a simple browser interface (see Appendix B).
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4.3. Contextualization with Existing DL Methods for Neonatal cUS Segmentation

Only limited number of studies have applied DL for neonatal cUS segmentation, hence,
the field remains relatively underexplored compared with other imaging modalities such
as MRI. As outlined in Section 2, none of these few cUS studies perform TB segmentation
and they primarily focus on segmenting localized regions such as cerebral ventricles or
sulcal structures, which are intrinsically different and often more difficult tasks than TB
segmentation. This makes direct, quantitative comparison impossible. As a result, reported
DSC values and inference times across studies are not directly comparable, as they depend
heavily on the structure of interest, input image resolution, preprocessing pipelines, and
hardware differences.

Nevertheless, to contextualize our work within the broader field of neonatal cUS
research, we summarize prior DL approaches applied to neonatal cUS, regardless of target
structure, and grouped by 2D and 3D approaches in Table 8. We report their segmentation
accuracy (DSC), input image sizes, hardware, and inference times. This comparison is
intended purely as contextual background, not as a head-to-head benchmarking.

Regarding segmentation accuracy, previous works reported DSC scores between 0.72
and 0.908, with most methods clustering around the 0.80-0.89 range, highlighting the
challenges of this modality [12,13,17,39-46]. In our study, our simplest model (the axial
2D UNet) achieved 0.92 + 0.04 DSC for TB segmentation, and our best model (the nnUNet
ensemble) reached 0.97 + 0.02.

Table 8. Contextualization within existing methods. For our proposed 2D and 3D nnUNet models,
the inference time includes resampling to the model input size and back to the original image size;
therefore, inference image size is variable, where: D x H x W = 126-238 x 123-343 x 145-309 (median:
172 x 231 x 201).

DSC Inference Image Used Resources Time (s)
Size
2D Segmentation
Wang et al. 0.908 512 x 512 GPU: Nvidia Titan-X, CPU: Intel Xeon (3.00 GHz), RAM: 0.022
(2018) [40] 8GB
Valanarasu et al. 0.8901 512 x 512 - 0.01
(2020) [41]
Tabrizi et al. 0.86 128 x 128 GPU: NVIDIA GeForce GTX TITAN X 17.4
(2020) [42]
Martin ot al (1) GPU: NVidia Tesla V100, RAM: 32 G 3.5
(2021) [43] ’ 0.81 320 x 320 (2) GPU: Nvidia GTX 1080, RAM: 8 GB 9.6
(3) GPU: Nvidia Quadro M1000 M, RAM: 2 GB 70.4
Valanarasu et al. 0.8943 128 x 128 Two GPUs: NVIDIA-RTX 2080 Ti -
(2022) [44]
Regalado et al. 0.777 550 x 868 GPU: NVIDIA GeForce GTX 1080 -
(2024) [46]
3D Segmentation

Martin et al. 0.816 256 x 256 x 256 GPU: NVIDIA GeForce GTX 1080, RAM: 8 GB 5
(2018) [45]
Gontard et al. 0.8 397 x 200 x 200 GPU: Nvidia Geforce 920MX, CPU: i3, RAM: 12 MB <60
(2021) [39]
Martin t al (1) GPU: NVidia Tesla V100, RAM: 32 GB 10.2

¢ ’ 0.82 64 x 320 x 320 (2) GPU: Nvidia GTX 1080, RAM: 8 GB 18.0

(2021) [43]

(3) GPU: Nvidia Quadro M1000 M, RAM: 2 GB -
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Table 8. Cont.
DSC  Inference Image Used Resources Time (s)
Size
3D Segmentation
Szentimrey et al. 0.72 128 x 128 x 128 ~ GPU: Nvidia V100-SXM2, CPU: Intel Xeon Gold 6148 Skyl 5.01
(2022) [12] ake (2.4 GHz), RAM:16GB
Szentimrey et al. 0.757 128 x 128 x 128 GPU: Nvidia V100-SXM2, CPU: Intel Skylake (2.4 GHz), 2
(2024) [13] RAM: 32GB
>D UNet 0.92 D x 256 x 256 (1) Two GPUs: NVIDIA RTX A5000 (24 GB each), CPU: 0.785
(D € [145,309]) Intel Xeon Gold 5220R, RAM: 125 GB.
(2) CPU: Intel Core i7-8565U (1.80 GHz), RAM: 8GB 7.859
Contextual UNet 0.93 D x 256 x 256 (1) Two GPUs: NVIDIA RTX A5000 (24 GB each), CPU: 0.708
(D € [145,309]) Intel Xeon Gold 5220R, RAM: 125 GB.
(2) CPU: Intel Core i7-8565U (1.80 GHz), RAM: 8GB 8.899
2D nnUNet 0.96 DxHxW (1) Two GPUs: NVIDIA RTX A5000 (24 GB each), CPU: 3.759
nnive Intel Xeon Gold 5220R, RAM: 125 GB
(2) CPU: Intel Core i7-8565U (1.80 GHz), RAM: 8GB 121.047
3D nnUNet 0.96 DxHxW (1) Two GPUs: NVIDIA RTX A5000 (24 GB each), CPU: 5.695
€ Intel Xeon Gold 5220R, RAM: 125 GB
(2) CPU: Intel Core i7-8565U (1.80 GHz), RAM: 8GB 244.089

Bold rows indicate the proposed methods.

In terms of computational efficiency, previous studies have primarily relied on dedi-
cated GPU hardware, with 2D inference times ranging from 0.01 to 70.4 s and 3D inference
times from 2 to 18 s [12,39-45]. Only a few works have explored low-resource scenarios.
In contrast, our proposed models achieved competitive or faster inference across both
high-end and CPU-only environments. Notably, the 2D UNet and Contextual UNet models
achieved sub-second GPU inference of 0.79 and 0.71 s per 3D volume, respectively, and
CPU inference of 7.9 and 8.9 s per 3D volume, indicating strong suitability for real-world
clinical settings, including resource-constrained NICUs. Furthermore, our 2D and 3D
nnUNet models delivered both top-tier accuracy and efficient GPU inference times (3.76
and 5.70 s), falling within the lower range of volume-level inference time reported in prior
work, despite greater model complexity.

Although our work targets TB rather than structure-specific segmentation as in the
methods summarized in Table 8, our proposed models achieve sub-second to few-second
inference times on GPUs and remain usable on CPU-only systems, indicating feasibility for
real-time or near-real-time clinical deployment. For instance, the Contextual UNet model,
given its low computational demands, holds promise for broader clinical use and could be
integrated into bedside US systems for real-time segmentation, where fast and lightweight
processing is essential.

4.4. Clinical Relevance: Brain Volume Growth and Neurodevelopmental Outcomes

To evaluate the clinical value of automatically computed TBVs, we examined whether
longitudinal brain growth differed between infants with favorable and adverse neurode-
velopmental outcomes. This analysis used the filtered cohort described in Section 3.1,
comprising 109 infants with 659 3D cUS volumes, all of whom had at least two valid
volumes and did not present PHVD.

Linear Mixed-Effects Models (LMMSs) were used to estimate TBV growth trajectories
and to assess group differences via a PMA x neurodevelopmental outcome interaction
term. LMMs appropriately account for the non-independence of longitudinal volumes by
incorporating subject-specific random intercepts and random slopes for PMA, allowing
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each infant to have an individualized baseline and growth rate. Model assumptions were
evaluated using residual diagnostic plots, which confirmed approximately normal residual
distributions and largely homoscedastic variance. Thus, the LMM was appropriate, and
no non-parametric alternative was required. Final sample sizes (n = 82 favorable, n = 27
adverse) were sufficient to ensure stable slope estimates.

TBVs were obtained following automatic brain segmentation using our trained 3D
nnUNet model (selected for its superior performance), and PMA at scan time served as the
longitudinal axis. As previously described in Section 3.1, neurodevelopmental outcomes
were classified at two years corrected age using the Bayley-III scale, where an adverse
outcome corresponded to any domain score below 85.

Figure 5 shows the predicted TBV trajectories for both outcome groups. Infants with
favorable outcomes exhibited a slightly steeper growth trajectory. The estimated TBV
growth rate was 15.40 cm?/week (95% CI: 14.40-16.39) in the adverse outcome group
and 16.94 cm?3/week (95% CI: 14.83-19.06) in the favorable group, with a significant
PMA x outcome interaction (p = 0.007). Domain-specific analyses also showed significant
differences in growth rates for language (p < 0.0001), motor (p = 0.003), and cognitive
(p = 0.001). Full slope estimates and p-values are provided in Table 9.

Table 9. Longitudinal TBV growth rates for favorable vs. adverse outcome groups across Bayley
domains. Slopes are in cm?/week.

Metric Group Slope 9]?0/:\751'1 98:;);[ p-Value
Adverse 15.40 14.40 16.39
Overall Favorable 16.94 14.83 19.06 0.007
Adverse 14.69 13.63 15.75
Linguistic Favorable 17.08 14.85 19.31 <0.0001
Adverse 15.05 13.90 16.21
Motor Favorable 16.94 14.52 19.35 0.003
Adverse 14.40 13.01 15.79
Cognitive Favorable 16.83 13.99 19.67 0.001

Bold p-values indicate statistically significant differences (p < 0.05).

These findings are consistent with prior MRI and US-based studies linking impaired
early brain growth to later neurodevelopmental outcomes in preterm infants [15,16,51-55].
Our findings support the value of early longitudinal volumetric cUS analysis as a prac-
tical and noninvasive bedside tool for early neurodevelopmental risk stratification and
demonstrate the potential of fully automated tools for faster and more precise quantita-
tive assessment.

4.5. Limitations and Future Work

This analysis has several limitations. While the longitudinal mixed-effects analysis
was sufficiently powered to model TBV trajectories, the modest sample size, particularly
the small number of infants with adverse outcomes, may limit statistical power for sub-
group analyses and segmentation model generalization. Additionally, the TBV provides a
broad estimate of brain development, whereas regional brain volumes (e.g., the thalamus,
cerebellum, and ventricles) may be more closely associated with specific neurodevelopmen-
tal outcomes [15,16,52-55]. Regional segmentation was beyond the scope of the present
study because suitable annotations for these structures were not available. Developing
such datasets would require extensive expert annotation by specialized neonatologists, or
substantial training of annotators, particularly given the low tissue contrast, anatomical
variability, and frequent abnormalities encountered in preterm neonatal cUS. Incorporating
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structure-specific volumes could substantially improve predictive accuracy and therefore
represents an important direction for future work.

(a) Overall Bayley Outcome

(b) Language Score

Figure 5. Cont.
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(c) Motor Score

(d) Cognitive Score

Figure 5. Predicted TBV growth trajectories across postmenstrual age (PMA), stratified by neurode-
velopmental outcome (adverse = red, favorable = green). Shaded regions show the 95% confidence
intervals of the LMM-predicted fixed-effect curves. Panels illustrate growth differences for (a) overall
Bayley outcome, (b) language, (c) motor, and (d) cognitive scores.
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Further validation is warranted to confirm the robustness and generalization of our
findings. Future work should include assessment of intra- and inter-observer variability of
the GT annotations, and testing on external multi-center datasets acquired with different
US systems. The GT segmentations were generated by two biomedical engineers following
the same anatomical protocol under the supervision of an experienced neonatologist. While
an older subset of the dataset had already been manually annotated on a slice-by-slice basis,
a key-slice interpolation strategy was adopted for the newly annotated scans to accelerate
the annotation process during dataset expansion while maintaining consistency with the
established protocol. Given the substantial time required for manual volumetric annotation
and the limited availability of expert clinical time, formal quantitative assessment of
inter- and intra-observer variability was beyond the scope of this study. These steps
are essential to ensure consistent performance across diverse imaging conditions and
annotation variability.

Although deployment was evaluated on standard clinical hardware, optimization
strategies to further reduce model complexity and inference latency were not explored in
this study. Future work will focus on real-time optimization through approaches such as
model pruning, quantization, and lightweight architectures (e.g., MobileUNet or efficient
transformers), with the goal of reducing computational and memory requirements.

Future work will investigate foundation models and self-supervised learning strate-
gies to reduce reliance on large manually annotated datasets and improve generalization
across diverse neonatal US acquisitions. Another promising direction is multi-modal learn-
ing, integrating longitudinal 3D cUS with complementary information such as structural
MRI and relevant clinical variables (e.g., gestational age, birth weight, and perinatal factors)
to further improve early neurodevelopmental outcome prediction. In addition, although
the explainability visualizations presented in this study provide valuable qualitative in-
sight into model behavior, more rigorous and quantitatively validated interpretability
frameworks are needed. This includes evaluating the consistency of explanations across
independent datasets and clinical settings, integrating explainability with calibrated uncer-
tainty estimation, and assessing the relationship between explanation quality and model
reliability. Such developments may further improve the transparency, robustness, and
clinical trustworthiness of Al-assisted neonatal neuroimaging systems.

Centralized server-based inference could also offer an alternative, although this raises
challenges related to patient privacy, data governance, and secure transmission, especially
in settings lacking robust IT infrastructure. Addressing these challenges will require
national-level investment, standardized imaging protocols, and strategic support systems.
Moreover, the absence of unified platforms for healthcare Al highlights the importance
of developing end-to-end, standardized, and interoperable solutions tailored to clinical
workflows in neonatal care.

Finally, although the accompanying web interface provides a practical mechanism for
clinicians to visualize segmentations and retrieve brain-volume metrics, the application has
not yet undergone formal validation in clinical settings. Future work will focus on clinician-
centered evaluation to assess usability, interpretability, and integration within routine
neonatal imaging workflows, as well as to determine its practical utility in real-world
clinical environments.

5. Conclusions

This study addresses the underexplored challenge of automated brain analysis from
3D cUS in preterm neonates, aiming to make 3D cUS more accessible and clinically useful
through scalable, reproducible, and clinically feasible analysis, particularly in resource-
limited settings. We developed and evaluated DL-based methods for fully automated
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TB segmentation from 3D cUS, emphasizing not only segmentation accuracy but also
computational efficiency and clinical deployability.

Specifically, we compared plane-specific 2D UNets, a Contextual 2D UNet, and self-
configuring nnUNet variants, evaluating segmentation accuracy, computational efficiency,
and feasibility on both GPU and CPU-only hardware, and post hoc explainability through
feature-attention maps, Grad-CAM, LRP-inspired relevance maps, saliency maps, and
fold-wise uncertainty visualization. Importantly, although the nnUNet ensemble achieved
the highest segmentation accuracy, the Contextual UNet emerged as the most clinically de-
ployable model, maintaining high accuracy while enabling real-time inference on standard
CPU hardware commonly available in NICU environments.

By combining segmentation accuracy, clinical relevance, deployment feasibility, and
model interpretability, this work lays a practical foundation for integrating DL-based
TB segmentation into routine NICU imaging pipelines, supporting early quantitative
assessment of brain development in preterm infants.
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Abbreviations

The following abbreviations are used in this manuscript:

NDDs Neurodevelopmental Disorders
cUS Cranial Ultrasound

DL Deep Learning

TB Total Brain

TBV Total Brain Volume

NICU Neonatal Intensive Care Unit
ML Machine Learning

SVM Support Vector Machine

RF Random Forests

DSC Dice Similarity Coefficient
PMA Postmenstrual Age

BSID-III Bayley Scales of Infant and Toddler Development (Third Edition)
GA Gestational Age

SD Standard Deviation

PHVD Post-Hemorrhagic Ventricular Dilatation
IOR Interquartile Range

GT Ground Truth

BCE Binary Cross-Entropy

CE Cross-Entropy

SGD Stochastic Gradient Descent
RAS Right-Anterior-Superior

VDE Volumetric Difference Error
VSI Volumetric Similarity Index
ASD Average Surface Distance
FLOPs Floating-Point Operations
LMMs Linear Mixed-Effects Models

Appendix A. 3D cUS Acquisition and Export Details

3D cUS volumes were acquired using two GE Healthcare systems: Voluson i and
Voluson S8. In both systems, transfontanellar volumetric scans were obtained using the
manufacturer’s 4D acquisition mode, which performs an automated mechanical sweep
to generate a single 3D volume. Acquisitions were performed using a center frequency
of 6.5 MHz and a fixed 90° scan angle from the third coronal plane, with an anterior-to-
posterior beam sweep over 40-50 s.

The Voluson i used the SVNA5-8B transducer (5-8 MHz). Although no longer manu-
factured, this micro-convex transducer was part of the Voluson i platform and was suitable
for neonatal transfontanellar imaging. The Voluson S8 used the RIC5-9A-RS transducer
(4-10 MHz), which despite being categorized as an intracavitary transducer, provides
excellent depth penetration and resolution for neonatal cUS due to its micro-convex surface,
small footprint and compatibility with small acoustic windows. The approximate footprint
of both probes ranges from 20 x 23 mm to 26 x 28 mm.

Raw volumes were saved and analyzed offline using 4D-View software (Version 17.0,
2001-2019 GE Healthcare Austria GmbH & Co OG, 2001-2019) and then exported from
the 4D-view format (.vol) to the standardized .nrrd format, for compatibility with medical
imaging toolkits. The resulting voxel spacing of the exported 3D volumes ranged from
0.366 mm to 0.528 mm across all three spatial dimensions. Because the Voluson S8 is a more
recent system with enhanced imaging capabilities, the final dataset contains variable image
quality across volumes.
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Appendix B. Clinician-Facing Web Application

We developed a lightweight clinician-facing web application to demonstrate how
the proposed total brain segmentation models can be integrated into a bedside research
workflow for neonatal cranial ultrasound (cUS). The application allows users to load a 3D
cUS volume, select a segmentation model, and visually inspect the resulting segmentation
together with derived volumetric measures. All processing is performed locally on the
user’s machine, using available CPU or GPU resources, and no imaging data are transmitted
to external servers, supporting privacy-preserving and offline use.

The application is implemented using a Flask-based Python backend for model in-
ference and data handling, coupled with a lightweight HTML /JavaScript front-end for
visualization and interaction. Pretrained Contextual UNet, 2D nnUNet and 3D nnUNet
models are loaded locally and applied to the input volume. For each case, the application
generates a total brain segmentation volume (NIfTI format), synchronized axial, coronal,
and sagittal views with segmentation overlays, and an automatically computed total brain
volume (TBV) based on voxel spacing metadata.

The full implementation, including pretrained models and the web application code,
is publicly available to support reproducibility (the link to the publicly accessible repository
has been temporarily withheld to preserve anonymity during peer review). A representa-
tive view of the web interface is shown in Figure A1.

Figure A1. Clinician-facing web application illustrating model selection, orthogonal slice visualization
with segmentation overlays, and derived total brain volume metrics.
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Appendix C. Segmentation Performance Distributions

Box plots summarizing Dice, volumetric, and surface-based segmentation metrics for
the evaluated models, including plane-specific 2D UNets and comparisons between the
axial 2D UNet, Contextual UNet, and nnUNet ensemble.

Figure A2. Comparison of segmentation performance of 2D UNet trained across different anatomical
planes: axial, coronal, and sagittal, and reported using DSC, VDE, VSI, and ASD metrics. Boxplots
show the median (bold), mean (green triangle), standard deviation (red), and minimum, Q1, Q3,
and maximum values (black). Colors correspond to the axial (purple), coronal (green), and sagittal
(orange) planes.
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Figure A3. Comparison of segmentation performance between axial 2D UNet, Contextual UNet, and
nnUNet Ensemble, reported using DSC, VDE, VSI, and ASD metrics. Boxplots show the median
(bold), mean (green triangle), standard deviation (red), and minimum, Q1, Q3, and maximum values
(black). Colors correspond to the axial (purple), coronal (green), and sagittal (orange) planes. Note
that y-axes ranges differ between Figure A2 and this figure to preserve readability, as the distributions
vary substantially across models.

Appendix D. Computational Evaluation Details and Clinical
Hardware Context

Appendix D.1. Inference Time Measurement Protocol

For 2D and Contextual UNet models, volume-level inference time was computed by
summing the per-slice inference times over all slices in each volume, then the volume-level
times were averaged to produce the reported volume inference time. Reported postprocess-
ing time accounts for 3D reconstruction, hole filling, largest connected component filtering,
and smoothing.

For nnUNet models inference time, approximation was necessary as nnUNet operates
as an end-to-end automated framework that does not expose per-slice or per-volume
inference timings. Therefore, for the volume-level inference time of the 2D nnUNet, we
computed an average slice-level inference time by dividing the total batch-inference time by
the total number of slices. This value was then multiplied by the slice count of each volume
to obtain its volume inference time, after which the volume-level times were averaged to
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produce the reported volume inference time. For the volume-level inference time of the 3D
nnUNet, the total batch-inference time was divided by the number of volumes.

Appendix D.2. Volume-by-Volume Inference with Repeated Model Loading

In addition to persistent-model inference, we evaluated volume-by-volume inference,
where the model is reloaded from disk for each processed US volume. The corresponding
inference times are reported in Table A1, complementing the main results presented in
Section 4.2.

Table A1l. GPU inference time of all the evaluated models with: (1) Raw Inference—Batched; (2) Raw
Inference—Non-Batched; (3) Inference with Output Saving—Non-Batched. Raw inference refers
to inference without saving the output. Batched inference refers to loading the model once and
reusing it per volume. Non-Batched inference refers to model reloading per volume. All reported
inference times correspond to deployment using a single trained model. Reported values include
slice-level and volume-level inference times (in seconds). Note: nnUNet automatically saves output,
therefore, the reported inference time here does not change between raw inference and inference with
output saving.

2D UNet Contextual 2D 3D
UNet nnUNet nnUNet

Raw Inference—Batched

2D slice inference time (s) 0.001 0.001 0.022 -
3D volume inference time (s) 0.253 0.225 3.759 5.695
Raw Inference—Non-Batched
2D slice inference time (s) 0.001 0.001 0.076 -
3D volume inference time (s) 0.253 0.223 13.268 15.984
Inference with Output Saving—Non-Batched
2D slice inference time (s) 0.004 0.004 0.076 -
3D volume inference time (s) 0.782 0.662 13.268 15.984

Appendix D.3. Clinical Hardware Tiers in NICU Settings

In typical clinical settings, especially within NICUs, the computing infrastructure
varies significantly depending on the specific task. Therefore, several hardware tiers can
be encountered:

1. Standard clinical workstations used for image review via PACS or EHR sys-
tems typically rely on mid-range or older-generation Intel Core i5/i7 CPUs (e.g.,
6th—10th generation) with 8-16 GB of RAM and integrated GPUs for display pur-
poses [22,59,60]. Dedicated high-performance GPUs are uncommon in these set-
tings [22].

2. Dedicated US systems often incorporate embedded processing units optimized for
real-time image acquisition and 2D analysis. Modern high-end US systems increas-
ingly integrate specialized embedded processors (DSPs, FPGAs, embedded CPUs)
and, in some cases, embedded GPUs (e.g., NVIDIA Jetson modules) to support 3D /4D
rendering and on-device Al acceleration [22,61].

3. Centralized hospital servers may be available for computationally intensive tasks, pro-
viding access to enterprise-grade GPUs (e.g., NVIDIA Tesla or A100/H100) for large-
scale Al inference through PACS-integrated or container-based infrastructures [62-64].
However, network latency and queuing can limit real-time responsiveness, which is
particularly critical for point-of-care NICU applications.
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In many NICU settings, bedside image review and analysis are performed on
lightweight laptops or mobile workstations due to mobility, cost, and data privacy con-
straints [22], motivating our CPU-only evaluation described in Section 4.2.
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