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Abstract

Congenital heart disease (CHD) has been one of the most serious problems in
newborns. Forfetal heart health care, 3D modeling and printing technology have been
adopted in the diagnosis of CHD during antenatal care. However, the development
of 3D printing techniques and their clinical applications have been hindered by the
manual processing of ultrasound (US) volume data in clinical practice. To overcome
this problem, we present an interactive semi-automatic method based on deep
learning that uses manual processing results from expert sonographers for training.
The accuracy, interpretability, and variability of the performances were evaluated
on the validation set. The results demonstrated that compared with a physician
with less than 3 years of experience, a better Faster- region-based convolutional
neural network-based threshold was achieved using our proposed fetal heart
reconstruction technique (FRT), with enhanced performance based on the outflow
tract view and three-vessel view. No significant difference was found among the
clinical parameters, in proportion, measured from the model rebuilt using FRT and
US volume data. Furthermore, the reconstruction time of the fetal heart blood pool
model was reduced from approximately 5 h to 5 min. Our results indicate that deep
learning has the ability to process US data accurately, representing an important
step towards the reconstruction of the fetal heart digital model, which is critical for
advancing clinical diagnosis and treatment of CHD during pregnancy.

Keywords: 3D printing technology; Congenital heart disease; Deep learning;
Reconstruction of ultrasound imaging data
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1. Introduction

Congenital heart disease (CHD) is the most common
cause of infant mortality, affecting 2.4 to 13.7 per 1000
newborns.! Obstetric ultrasound (US) has been the
gold standard imaging method for the detection and
diagnosis of fetal malformations during the antenatal
period. Initially, the International Society of Ultrasound in
Obstetrics and Gynecology (ISUOG) emphasized the use
of four-chamber view (FCV) in fetal cardiac examinations.
Subsequent guidelines introduced the outflow tract view
(OTV) and three-vessel view (TVV) to visualize the overall
cardiac structure for a comprehensive assessment.” Recent
advancements in 3D US techniques have significantly
enhanced the visualization of spatial structures of the fetal
heart.* However, 3D structures cannot be comprehended
thoroughly based on 2D images, which usually leads to
low-efficiency treatment strategy planning for the fetus.*

In medical imaging, deep learning approaches have
gained prominence in recent years.” Mofrad et al.® utilized
deep learning to augment and assist clinicians in the
automated diagnosis of adult heart diseases. Nonetheless,
constructing accurate fetal heart models from US data
remains challenging due to the small heart size. To address
this, we employed deep learning for precise fetal heart
modeling, aiding in diagnosis and prenatal screening.
Moreover, 3D printing technology offers opportunities to
createtangible fetalheart models, benefiting variousfacets of
fetal healthcare such as surgeon training, personalized pre-
surgical planning, and doctor—patient communication.”'?
In this study, we employed PolyJet multi-material
3D printing due to its high resolution (~200 um),
excellent surface finish, and ability to reproduce small
and complex anatomical structures such as fetal heart
chambers and vessels. Compared with fused deposition
modeling (FDM) or stereolithography (SLA), PolyJet
offers greater accuracy and material flexibility, making
it particularly well-suited for fabricating detailed fetal
cardiac models for clinical and educational applications.
In parallel, the integration of machine learning into
additive manufacturing processes has garnered increasing
attention. Zhang et al."' provided a comprehensive review
of how neural networks and reinforcement learning are
being utilized to optimize printing parameters, material
formulations, and fabrication efficiency. Similarly, Li et al.”?
highlighted the role of big data and digital twin frameworks
in enabling adaptive and intelligent control of 3D printing
workflows. While these efforts are primarily focused
on manufacturing engineering, our work addresses the
upstream phase—employing deep learning to enhance
the fidelity of anatomical models derived from US data,
which ultimately contributes to higher-quality medical 3D
printing outputs. However, the time and resources required

for image segmentation pose significant limitations
to the clinical application of 3D printing techniques.
To address the limitations of both manual processing
and existing deep learning models, we propose a semi-
automatic segmentation pipeline that introduces two key
innovations. Firstly, a region-limited Faster Region-based
Convolutional Neural Network (R-CNN)-based position
detector is applied to isolate fetal heart structures from
noisy US backgrounds, reducing false positives caused
by rib shadowing and organ overlap. Secondly, instead of
relying solely on fully automated thresholding, the system
integrates expert-in-the-loop adjustments, allowing
sonographers to interactively fine-tune segmentation based
on grayscale analysis. This hybrid strategy offers improved
interpretability, flexibility, and clinical usability—filling a
critical gap between automated artificial intelligence (AI)
tools and practical medical workflow.

Inthisstudy, weintroduced the fetalheartreconstruction
technique (FRT) for the semi-automatic segmentation
and post-processing of fetal echocardiography (Figure 1).
Initially, we converted US volume scans into sequential
2D images and performed detailed frame-by-frame
segmentation of the fetal heart using FCV, OTV, and TVV
to train and test the R-CNN. The R-CNN then identified
the fetal hearts position within the echocardiogram
data and generated a segmentation mask. The FRT was
subsequently employed to perform segmentation of the
US images, generating results for reconstructing a basic
digital model of the fetal heart. Ultimately, these digital
fetal heart models were 3D printed. This method offers
a semi-automated approach to rapidly reconstruct fetal
heart models from US data, presenting a new diagnostic
strategy for clinical fetal heart analysis.

2. Methods

2.1. Study participants

The study was approved by the Ethics Committee of the
Second Affiliated Hospital of Air Force Medical University
(approval no. TDLL-202402-01). All pregnant women in
this study were informed of the safety and limitations of US
and signed an informed consent form prior to examination.
We retrospectively studied the echocardiographic volume
datasets obtained by 4D US with Spatiotemporal Image
Correlation from 100 normal fetuses as compulsory
supervised learning cases. All of the fetuses were singletons
and were selected from prenatal screening tests in the
Department of Ultrasound Diagnosis at Tangdu Hospital
(China) from January 2019 to May 2021.

2.2, Data acquisition
The scanning operation was strictly performed in
accordance with the practice guidelines updated by the
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ISUOG. All pregnant women were told to relax and lie in
the supine position. Echocardiographic volume data were
obtained by a Voluson E10 US system (GE Healthcare,
USA [Campanella, #25]) equipped with an eM6C electric
matrix transducer (2-7 MHz) to ensure that the fetus
was in the supine position and its cardiac apex facing
towards the front (11, 12, or 1 oclock directions). Once
data collection was initiated, the pregnant woman was told
to avoid making any movement and hold her breath in
order to minimize stitching artifacts. Meanwhile, principal
sections, including the abdominal transverse section, the
standard FCV, the left ventricular outflow tract section, the
right ventricular outflow tract section, and the three-vessel
section and its derivative sections, were examined strictly
in accordance using the three-segment analysis method to
ensure the proper condition of fetal hearts. Finally, the end-
systolic phase with valves completely closed was precisely
selected using M-mode; the data set was saved and output
in Cartesian volume format for editing and 3D modeling.

2.3. Preprocessing of volume data into 2D images

A standard full scanned data includes 50-100 volume data,
consisting of each time phase of the fetal heart. In this
study, one end-diastolic volume data contained the spatial
structure of the fetal heart extracted from each individual
and can be decomposed into 50-70 2D images—depending
on the size of the heart—spaced 0.02 cm apart from each
other. All images were saved in JPEG format. According to
the suggestions of ISUOG, images were divided into FCV,
OTYV, and TVV. To generate the label that can be trained
by Deep Neural Network (DNN), the graphical image
annotation tool “Labellmg” was used by professional
sonographers to annotate data. A standard data stream is
made up of a JPEG 2D image as data and an annotation
(in XML format) as the label. The complete dataset
contained 5255 data streams from 110 unique individuals.
Images were randomly split into 3297, 1097, and 403 images
as the training, validation, and test sets, respectively. Each
image and annotation was manually rechecked by two
sonographers who did not participate in the annotation of
original data to confirm the reliability of the data set. The
summary statistics of data are presented in Table 1.

Table 1. Summary statistics of the training, test, and validation sets

2.4. Model development and training for fetal heart
position detection

As displayed in Figure 1, FRT is an interactive method of
medical image segmentation, combining both position
detection and interactive binary threshold segmentation.
Position detection was performed using the Faster-R-CNN
architecture, which contains a feature extractor, region
proposal networks (RPNs), region of interest (ROI) pooling,
and a classifier.”® A convolutional neural network (CNN)
was used to extract the potential feature in the detection
field during image classification, as it can accurately
identify human-identifiable phenotypes and characteristics
that are not recognized by human experts.'*'® The Visual
Geometry Group (VGG) CNN architecture—without
complete connection and classification layers—is retrained
by backpropagation and was used as the feature extractor.”
Each image was resized to 300 x 300 pixels to ensure
compatibility with the dimensions of the VGG network
architecture before processing in the feature extractor.
Region proposals are the output of RPN, which consists of
classification and regression layers. The classification layer
hasa score that represents the ROI or the background, while
the regression layer has four coordinates that indicate the
position of the fetal heart. ROI pooling, characterized by
the non-fixed size of feature maps, is used to collect region
proposals generated by RPNs and feature maps, creating
a vector with a similar shape to the feature map. In the
classifier, bounding box regression and classification layers
were used to generate a more accurate target detection box
and proposal class.

For detecting the position of the fetal heart, the
parameters were initialized randomly and trained using
the same learning rate of 0.001, momentum of 0.9, and
batch size of 16 to minimize the function loss for each
object proposal. The model was trained using the training
set and tested using the test set. The data were split such
that the same US image was not in both training and test
sets. Both training and test were performed in Python
using Google’s TensorFlow deep learning framework.?* The
training was terminated if the internal validation loss did
not decrease for 10 epochs (early stopping criteria), and

View Training Test Validation Total
FCV 1462 627 224 2313
oTV 1096 470 164 1730
VvV 739 317 156 1212
Total 3297 1097 403 5255

Note: The values in the table refer to the number of annotated 2D ultrasound images. Abbreviations: FCV: Four-chamber view; OTV: Outflow tract view;

TVV: Three-vessel view.
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Figure 1. Workflow of reconstructing a 3D fetal heart cavity digital model using FRT. (A) Feature extraction: the number by the left of each layer represents
the width and height, while the number on the top of each layer represents the depth; different colors represent different operations on the layer. (B)
Position detection: feature maps generated by feature extraction were shared between the RPN and ROI pooling layer; proposals and feature maps collected
by ROI pooling were sent to the classifier for classification and bounding box regression. (C) Framework of FRT: US volume data were divided into 2D
images for segmentation; FRT used position detection to generate masks for the restriction segment area; manual calibration was performed to solve errors
in the restriction area, and the masks were then multiplied with the binary results; finally, FRT segmentation results were obtained by post-processing.
(D) Different stages of reconstructing the 3D-printed model of the fetal heart cavity (from the left to right): contour structures of the initial model, digital
model after processing, and the 3D-printed model. Abbreviations: FRT: Fetal heart reconstruction technique; RPN: Region proposal networks; ROI:
Region of interest; US: Ultrasound.

the maximum number of epochs was set to 10,000. All tomography and magnetic resonance imaging images.
training was performed on a Linux operating system with However, the threshold segmentation method provided by
one available P100 GPU and 16 GB RAM. Mimics software is incapable of accurately distinguishing

the region of the blood pool due to the influence of rib-
2.5. Reconstruction of fetal heart shading occlusion and celiac region. For this reason, FRT
Mimics software (Research Edition 21.0, Materialise uses Al to narrow down the area to be segmented as much
NV, Belgium) is widely used in medical 3D printing as possible. Moreover, the segmentation results from FRT
and performs well in the analysis and segmentation of can be imported into Mimics software to rebuild the 3D
mineralized tissues, such as bones and teeth, in computed model. A fetal heart position detector was used to identify
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the segmented area that contains the entire structure of
the heart, further generating the position mask. The mask
is a matrix whose shape and position directly correspond
to those of the image. To ensure that all subsequent
operations are within the scope of the mask, all elements
of the mask within the segmented area were labeled 1,
while other elements were labeled 0. The restricted area
was obtained by multiplying the mask with the original
image; the grayscale distribution of the original image and
the restricted area was calculated and plotted as curves.
Sonographers could select an appropriate threshold to
segment the restricted area by relying on the curves. By
repeating the operation for each image decomposed from
the echocardiographic volume data, the segmentation of
scan data was obtained. Finally, the smoothing algorithm
and seed fill algorithm were employed during the post-
processing of segmentation.**

The fetal heart is a continuous solid body. Therefore, if
the interval between adjacent layers of the image scanned
by ultrasonic instrument (d) is small, it can be assumed
that the images and their segmentations are similar
between layers, or at least not significantly different. An
end-diastolic volume data consists of coronal, axial, and
sagittal raw sectioned images. Axial raw sectioned images
were generated at 0.2 cm intervals and were sent to FRT
for segmentation. Surface reconstruction of the entire
structures of the fetal heart was simultaneously achieved
by stacking the outlines of the segmentation results layer
by layer. (x, y, z) is the coordinate of a point on the model,
and model (x, y, z) indicates whether the point is part of the
model; 1 denotes “yes” and 0 denotes “no.” The concept of
similarity, dst, (x, y) indicates whether the point is part of the
model on the 2D segmentation result of layer i from FRT.
Therefore, the mathematical representation of the model is:

model (x, y, z) = dst, (x, y) @

where, in normal circumstances, z = i.

Removal of free structure and surface smoothing
was performed in Mimics software during model post-
processing to obtain a smoother and more intuitive
digital model. Thereafter, the 3D model was printed
with an SLA 3D printer (J750, Stratasys, USA) using
photosensitive material.

2.6. 3D printing process

The 3D digital fetal heart models were fabricated into
physical models using a Stratasys J750 PolyJet 3D printer
(Stratasys, USA). This multi-material inkjet technology
was selected for its capability to achieve high-resolution

prints with smooth surface finishes, which are essential for
accurately reproducing the intricate anatomical details of
the fetal heart, such as chambers and vessels.

A key characteristic of the Stratasys J750 system is
that fundamental print parameters, unlike those in many
FDM or SLA systems, are largely controlled internally and
are not user-adjustable. Instead, print characteristics are
primarily determined by the selection and combination
of photopolymer materials. For this study, a blend of
flexible, rubber-like material and rigid resin was chosen.
This material combination resulted in models with a Shore
D hardness of approximately 60, providing a balance of
structural stability and pliability. The models were printed
at a high-quality setting, achieving a layer resolution of
200 pm. These properties enhance the models’
utility for clinical visualization, education, and
diagnostic communication.

2.7. Evaluation

To evaluate the performance of the segmentation task,
the labels from the test set were used as the standard to
calculate the positive prediction rate, recalling rate, mean
intersection over union (mIOU), and Dice similarity
coeflicient (DSC). According to the standard label (sl) from
experienced sonographers and segmentation result (sr),
the pixel can be divided into four categories: true positive
(TP; sl: 1, sr: 1), false positive (FP; sl: 0, sr: 1), true negative
(TN; sl: 0, sr: 0), and false negative (FN; sl: 1, sl: 0). For
the segmentation result of a single ultrasonic image, the
values of TP, FP, TN, and FN are the total number of pixels
of the corresponding category, respectively. Therefore,
the positive prediction rate (P) and recalling rate (R) are
defined as:

p__ TP (I1)
TP+ FP

R= _wr (110)
TP + FN

According to the prediction rate and recalling rate, the
mIOU and DSC can be defined as:

mioU = ——% 1)
TP +FN +FP
DSC = 2x TP V)
(TP+FN)+(TP+FP)
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Since the assessment of performance on 2D images
alone is insufficient to verify the accuracy of spatial
structures of the 3D digital model, digital models rebuilt
by different methods (e.g., manual reconstruction by
doctors of varying experience and deep learning-based
methods) were printed into physical models. The long
diameter of the left ventricle (LDLV), long diameter
of the right ventricle (LDRV), long diameter of the left
atrium (LDLA), the transverse diameter of the left atrium
(TDLA), long diameter of the right atrium (LDRA),
and transverse diameter of right atrium (TDRA) were
measured based on the physical model using a vernier
caliper (Figure 6F). In addition, the same measurements
were performed by sonographers of varying experience
(junior doctor: <3 years of experience; middle doctor: 3-6
years of experience; senior doctor: >6 years of experience)
on US volume data using the Voluson E10 US system.
Notably, amplifying fine structures is an advantage of the
3D-printed model. Direct comparison of specific values is
not scientific, as the length of each part changes with the
magnification. Thus, with LDLV as the benchmark, the
rest of the metrics were converted into ratios relative to
LDLV. Finally, a one-way analysis of variance (ANOVA)
was performed for comparisons among clinical evaluation
values in proportion.

The performance of the segmentation task was
evaluated using Python data analysis and manipulation
tools, such as Numpy, Pandas, and Matplotlib. For
evaluation of the performance of the 3D structure, one-way
ANOVA was performed for comparisons among multiple
groups using GraphPad PRISM 5.0. For all experiments,
significance was defined as: *p < 0.05, **p < 0.01, and
***p < 0.001. No statistical method was used to
predetermine the sample size.

Table 2. Segmentation performance of different methods

3. Results

3.1. Segmentation performance

For reconstructing the 3D digital model of the fetal heart,
identifying the blood pool in fetal hearts was the most
important step in the process. Accuracy, interpretability,
and variability were all important indicators for
reconstruction. To investigate the accuracy of FRT, the
mIOU/DSC of segmentations from three different views—
using the thresholding method in Mimics software—were
0.242/0.381 for FCV, 0.165/0.278 for OTV, and 0.121/0.214
for TVV, respectively. Using the FRT method, there was
a significant improvement in the performance from
different views (FCV: 0.701/0.823; OTV: 0.681/0.809;
TVV: 0.602/0.746). Furthermore, smoothing and removal
of free small objects also enhanced performance based
on FCV and OTV (FCV: 0.714/0.832; OTV: 0.687/0.813)
after calibration. In summary, FRT performance is better
based on OTV and TVV and worse based on FCV relative
to segmentation conducted by junior doctors. Details of
the evaluation indicators of the segmentation results using
different methods are displayed in Table 2.

3.2. Interpretability of results

To further investigate the interpretability of the significant
improvements achieved by the position detector, we
hypothesized that it reduces the influences of noise,
shadow, and other factors in US images by limiting the area
of image processing. The grayscale distribution maps of the
segmentation area indicated that there was a significant
decrease in the number of pixels in the grayscale range of
20-40 (Figures 2 and 3).

Combined with the original images, these reduced
pixels were mainly distributed in the shadow and
noise of the non-target region. The recall rate of FRT
significantly improved, and the positive prediction rate

Method FCV OTV TVV

10U DSC 10U DSC 10U DSC
Threshold 0.242 0.381 0.165 0.278 0.121 0.214
U-Net 0.712 0.830 0.593 0.740 0.431 0.591
Junior doctor 0.798 0.887 0.658 0.789 0.530 0.684
FRT-Default 0.701 0.823 0.681 0.809 0.602 0.746
FRT-IA 0.714 0.832 0.687 0.813 0.599 0.744

Note: IOU and DSC were used to evaluate the segmentation performance across different methods (rows); “FRT-Default” refers to segmentation by
FRT using default parameters without manual interaction; “FRT-IA” refers to segmentation by FRT with manual interaction. Abbreviations: DSC: Dice
similarity coefficient; FCV: Four-chamber view; FRT: Fetal heart reconstruction technique; IOU: Intersection over union; OTV: Outflow tract view;

TVYV: Three-vessel view.
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FCV

Figure 2. Examples of the segmentation results by threshold and FRT from different views (FCV, OTV, and TVV): (A) original images; (B) threshold
segmentation results, and (C) FRT segmentation result. Abbreviations: FCV: Four-chamber view; FRT: Fetal heart reconstruction technique; OTV:

Outflow tract view; TVV: Three-vessel view.

slightly decreased, validating our hypothesis to an extent.
Although deep learning has achieved remarkable progress
over the past decade, the robustness and interpretability
of automated medical image segmentation have not been
sufficiently addressed. To overcome the limitation, FRT
used interactive image segmentation through manual
correction by expert sonographers. As displayed in
Table 2, the IOU and DSC of FRT from different views
had advantages over that of U-Net, which is an automated
method designed for fast and precise segmentation of
biomedical images. These findings demonstrated that FRT
had greater segmentation performance compared to U-Net.

3.3. Comparison with variation
Reconstruction of the 3D digital model relies on the
segmentation results of each layer. The reliability of the 3D

digital model was affected by the segmentation performance
across all layers within the US volume data, making the
variability of segmentation performance crucial for 3D
model reconstruction. A box plot was plotted, and the
standard deviations (STDs) were calculated to investigate
the variability of segmentation results using different
methods on the validation set (Figure 4). Compared with
other methods, the variance IOU/DSC of OTV (FRT-
Default: median: 0.692/0.818, STD: 0.055/0.038; FRT-IA:
median: 0.693/0.819, STD: 0.069/0.051) and TVV (FRT-
Default: median: 0.609/0.757, STD: 0.096/0.087; FRT-
IA: median: 0.613/0.760, STD: 0.101/0.091) segmented
by FRT were smaller. However, on FCV, junior doctors
achieved better performance than that of FRT (median:
0.8104/0.8953, STD: 0.040/0.025). In addition, compared
to FRT and junior doctors, U-Net demonstrated no
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significant advantage across the three views (FCV:
median: 0.6721/0.804, STD: 0.076/0.055; OTV: median:
0.654/0.791, STD: 0.142/0.138; TVV: median: 0.547/0.707,
STD: 0.158/0.165). These results indicated that FRT had
achieved a non-inferior performance compared with
junior doctors, consistent with the results in Table 2.

3.4. Analysis of spatial structures of 3D models
All cases in the validation set were successfully rebuilt
and printed using FRT to assess the accuracy of the

3D digital model and 3D-printed physical model
(Figure 5). Our findings indicate that the physical
model can intuitively display the spatial structures and
morphologic characteristics of the blood pool in the fetal
heart. Likewise, the 3D-printed physical models were
well-matched with digital models, and the FRT model
achieved the best accuracy among these models based on
the structure of the whole heart, as well as the OTV and
FCV of the fetal heart. To further investigate the accuracy
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detection to reduce the influence of noise, shadow, and other factors in US images by limiting the range of image processing. Abbreviations: FCV: Four-
chamber view; FRT: Fetal heart reconstruction technique; OTV: Outflow tract view; R-CNN: Region-based convolutional neural network; TVV: Three-
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Figure 4. Variability of segmentation results using different methods. (a) Box plot of IOU variance using different methods. (b) Box plot of DSC variance
using different methods. Box plots display the median as a thick line, the 25th and 75th percentiles as upper and lower bounds of the box, and individual
points for data values that lie more than 1.5x the interquartile range from the median. Abbreviations: DSC: Dice similarity coefficient; FCV: Four-chamber
view; IOU: Intersection over union; OTV: Outflow tract view; TVV: Three-vessel view.
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Figure 5. Examples of the 3D digital model and 3D-printed physical model of the blood pool in the fetal heart reconstructed by different methods based
on the whole heart structure, OTV, and FCV: (A) manually reconstructed by a senior sonographer, (B) manually reconstructed by a junior sonographer,
(C) reconstructed using FRT, and (D) reconstructed using U-Net. Abbreviations: FRT: Fetal heart reconstruction technique; OTV: Outflow tract view;

FCV: Four-chamber view.

of clinical evaluation values, digital models were measured
using Measure 3D Distance in Mimics software, while
physical models were measured with a vernier caliper. At
present, the same metrics were measured using a Voluson
E10 US system with conventional 2D echocardiography to
analyze the consistency among US volume data, the digital
model, and the physical model. We found that there was
no significant difference, in proportion, in the clinical
evaluation values (LDLV, LDRV, LDLA, TDLA, LDRA,
and TDRA) of US volume data measured by physicians
and those measured using 3D models (Figure 6).

4. Discussion

The FRT is an advanced deep learning algorithm
developed in the USA, designed to achieve cutting-edge
reconstruction of fetal heart blood pool models. This
groundbreaking technology combines deep learning
detectors with traditional computer vision techniques to
accurately segment ultrasonic images, ensuring the utmost
structural precision in the resulting digital model. FRT
represents a pioneering method for reconstructing fetal
heart models through deep learning technology, surpassing
the efficiency of human sonographers in model rebuilding.

With just a single GPU, FRT enables the completion of
ultrasonic image segmentation tasks for each patient
within a mere minute following parameter specification.
This is a remarkable improvement over the efficiency
of human experts, which can take significantly longer.
Consequently, FRT overcomes two major limitations in
fetal heart remodeling: the time-consuming and labor-
intensive nature of the process. Furthermore, FRT holds the
potential to greatly benefit clinicians and patients through
its applications in medical 3D printing technology.

At present, US is widely used for prenatal examinations
across the world due to its relative safety, cost-effectiveness,
non-invasive nature, real-time display, operator comfort,
and experience.”” However, US images have their unique
limitations, including lower imaging quality, high
dependence on operator or diagnostician experience, and
significant variations between observers and systems used
by the same observer.” In this context, there is a pressing
need for a more objective, accurate, visual, intelligent, and
integrated method for US analysis in prenatal healthcare.
Deep learning has demonstrated remarkable success in
medical image analysis, providing automatic tools and
state-of-the-art performance.'>'”'#**-*" Furthermore, the
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Figure 6. Variance analysis and significance test of clinical evaluation parameters (n = 3). (A) Histogram of the ratio of LDRV to LDLV. (B) Histogram of
the ratio of TDLA to LDLV. (C) Histogram of the ratio of LDLA to LDLV. (D) Histogram of the ratio of TDRA to LDLV. (E) Histogram of the ratio of LDRA
to LDLV. (F) Diagram of LDLV, LDRV, LDLA, TDLA, LDRA, and TDRA. Four parts are marked in the figure: the horizontal lines of the corresponding
parts indicate the transverse diameters, while the vertical line indicates the long diameter. Abbreviations: LDLV: Long diameter of left ventricle; LDRV:
Long diameter of right ventricle; TDLA: Transverse diameter of left atrium; LDLA: Long diameter of left atrium; TDRA: Transverse diameter of right

atrium; LDRA: Long diameter of right atrium.

availability of digital models and 3D printing has opened
the door to visualized prenatal examinations, offering
benefits such as personalized preoperative planning,
surgical simulations, enhanced medical education,
and improved doctor-patient communication. Despite
these advantages, 4D US scanning systems, viewable
only on 2D screens, are more commonly preferred by
hospitals due to the laborious and time-consuming
nature of traditional manual remodeling methods.”® FRT,
however, can effectively address these limitations by semi-
automating image processing tasks, thereby facilitating
fast reconstruction of fetal heart models that combine
seamlessly with 3D printing technology. This enables
a quicker, more visualized, and intelligent approach
to prenatal cardiac examination. Comparing FRT to
end-to-end methods, our interactive semi-automatic
algorithm offers greater flexibility and interpretability

to sonographers. It allows for the adjustment of relevant
parameters to enhance segmentation accuracy, granting
healthcare professionals more control over the process.
Moreover, the application of deep learning in this context
is not merely a computational convenience, but a necessary
enabler of clinical progress. The fetal heart is exceptionally
small, with indistinct boundaries and low image contrast,
making manual segmentation challenging and prone to
variability. Traditional image processing tools are often
insufficient to achieve reliable anatomical reconstruction
under these conditions. FRT’s integration of AI-driven
detection and interactive thresholding directly addresses
these challenges, demonstrating that Al can be purposefully
designed to overcome domain-specific limitations, not
just automate existing workflows. While the proposed
FRT framework does not directly optimize 3D printing
parameters, such as print path, material composition, or
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support structures, its impact on the quality of printed fetal
heart models is significant. By producing anatomically
accurate and clean digital reconstructions with minimal
noise and well-defined boundaries, FRT substantially
reduces the need for manual mesh correction and improves
the fidelity of 3D-printed outputs. In this aspect, the deep
learning pipeline acts as an upstream quality enhancer
for additive manufacturing. Therefore, future studies may
explore extending Al involvement to the printing process
itself—such as adaptive slicing strategies or automated
printability evaluation—to further improve the efficiency
and accuracy of model production.

In terms of practical workflow efficiency, FRT
significantly outperforms traditional manual methods.
Manual reconstruction of a fetal heart digital model
typically requires clinicians to segment US volume data
layer by layer from 2D slices—a labor-intensive and time-
consuming process. With FRT, most segmentation tasks are
automated, while clinicians can interactively calibrate the
output using threshold adjustments. This semi-automatic
pipeline reduces the reconstruction time for a single
digital heart cavity model from approximately 5 h to just
5 min. Even without human interaction, the process can be
completed in 2 min, albeit with slightly reduced accuracy.
These findings demonstrate the considerable clinical value
of FRT, particularly in reducing workload and enabling
timely decision-making in prenatal care.

Nonetheless, FRT does have some limitations.
Firstly, the size and quality of the dataset have a direct
impact on the accuracy of the deep learning model. The
dataset used in FRT comprises 4852 data streams from
100 unique individuals, which could potentially limit
the model’s performance. To address this challenge,
interactive segmentation that incorporates
knowledge is integrated, resulting in a more robust
segmentation performance. Secondly, while FRT
significantly reduces the time required for digital model
reconstruction, it is not yet capable of achieving real-
time analysis of fetal heart functions. Several limitations
contribute to this challenge: (i) obtaining a more robust
performance through the interactive method is time-
consuming; (ii) the low quality of US images and the high
variation between different operators make it difficult
to extract useful features, limiting the performance of
end-to-end DNNs; and (iii) the limited training data
available represents a bottleneck for the application of
deep learning methods in prenatal US image analysis. In
summary, the results of our research represent a crucial
advancement in the reconstruction of digital fetal
heart models using US volume data and deep learning
technology. FRT significantly reduces the time and

user

labor costs associated with reliable model construction,
paving the way for the future development of real-time
analysis systems based on 3D digital models, as opposed
to the current 2D anatomical section-based approach.
Future research efforts will focus on achieving real-time
analysis of 3D fetal hearts, further enhancing the field of
prenatal healthcare.

5. Conclusion

In this study, a fetal heart 3D digital model was constructed
using FRT based on US volume data. The model may be
used to enhance the clinical diagnosis and treatment of
CHD during pregnancy. Our results indicate that deep
learning has the ability to process US data accurately,
representing an important step towards reconstructing
fetal heart digital model and advancing clinical diagnosis
and treatment of CHD during pregnancy.
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