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Abstract

To identify congenital anomalies, pregnant women are offered a structural screening using ultrasound
during the first trimester. This screening is performed in two-dimensional ultrasound and has a duration
of up to 45 minutes. While three-dimensional (3D) and 3D virtual reality (VR) ultrasound have shown
to be beneficial for the anomaly detection rate of some fetal structures, their implementation is limited
by an increased evaluation time and the need for expert knowledge. To address these problems and
reduce operator dependency, an automatic organ detection model for first-trimester fetal ultrasound is
proposed. We used 69 3D ultrasound scans from the VR-FETUS study with a gestational age ranging from
11+0 weeks and 13+6 weeks. These scans were annotated in VR with sparse labels (landmarks) for the
heart, lungs, spine, choroid plexuses, cerebellum, mandible, orbits, upper lip and nasal bone, while dense
labels (segmentations) were provided for the bladder, kidneys and stomach. In total 50 scans were used
for training and 19 scans were used for testing. We trained nnU-Net models for each organ separately,
using pseudo segmentation labels that were created from the landmarks. Furthermore, it was tested if
using a combination of labels, additional training data or different loss functions would increase model
performance. The Dice similarity coefficient (DSC) was used for evaluation of the segmentation labels
and we assessed the detection rate for all models. The heart, lungs and mandible were detected in 95 to
100% of the test scans, while the cerebellum and plexuses were detected in 63 tot 79% of the test scans.
The detection rate for the orbits and upper lip was lower than 43% and the nasal bone was not detected
by any model. The median DSC for the bladder, kidneys and stomach ranged between 0.70 and 0.81 and
they were detected in 89 to 100% of the test scans. With our results we take the first step towards automatic
organ detection in first-trimester 3D ultrasound, by lowering the evaluation time and reducing the operator

dependency.

1. INTRODUCTION

Worldwide, approximately 6% of babies are born with
a congenital disorder, which can consist of functional
or structural anomalies [[]. These anomalies may result
from gene defects, chromosomal disorders or nutrient
deficiencies [[I]. In some cases no cause can be identified.
To screen for anomalies and assess overall fetal devel-
opment, pregnant women are offered a non-invasive
prenatal test (NIPT) and a structural ultrasound scan
in the first trimester. The NIPT is used for screening
of the maternal blood for chromosomal anomalies [Z].
Alternatively, ultrasound allows screening for anomalies
that are not detectable by the NIPT. The first trimester
anomaly screening, which was introduced in 2021, is
still under evaluation [3]. Early detection of anomalies
allows more time for counseling and decision making [4].

During the first-trimester ultrasound examination, a
sonographer follows the guidelines of the International
Society of Ultrasound in Obstetrics and Gynecology
(ISUOG). This examination should be performed be-
tween 11+0 and 13+6 weeks of gestational age (GA)
[6]. It includes checking the heartbeat of the fetus,

confirming an intrauterine pregnancy, measuring fetal
biometrics, such as crown-rump length (CRL) and
biparietal diameter (BPD); and assessing the fetal
anatomy [B]. For the anatomical assessment, eight
different anatomical regions should be checked. These
regions are examined using multiple two-dimensional
(2D) ultrasound viewing planes, leading to a total scan
duration of up to 45 minutes [4]. However, if the fetus
is not positioned in the desired orientation, the scan
could take even longer, which may lead to incomplete
checking or all anatomical regions.

The current ISUOG guidelines are designed for 2D
ultrasound scans. However, the implementation of three
dimensional (3D) ultrasound scans has demonstrated
advantages over 2D scans, including reduced scanning
time and improved anomaly detection [6, Z]. Addi-
tionally, a study showed that the use of virtual reality
(VR) for evaluation of 3D ultrasound scans resulted
in an enhanced depth perception and a more intuitive
visualization of the fetus [8]. Furthermore, the study
also found that the use of 3D VR ultrasound resulted
in an increased sensitivity for specific abnormalities,
particularly in the skeleton and extremities. However,
expertise in VR was required and the evaluation time



using 3D VR was higher compared to evaluation solely
with 3D ultrasound.

As a large part of the evaluation time is taken up by the
anatomical assessment, automatic organ detection meth-
ods have been explored in literature. The implementa-
tion of an automated organ detection model could poten-
tially reduce the evaluation time and minimize the opera-
tor dependent variability across scans. Although various
fetal organ detection models are available [Y, [0, [T, 2],
none were trained for multi-organ detection of the fetus
in first-trimester 3D ultrasound. Therefore, the goal of
this study is to train a deep learning model for multi-
organ detection in 3D first-trimester fetal ultrasound vol-
umes. This model could assist the sonographer by high-
lighting the location of specific organs, as described in
the ISUOG guidelines. The goal is to be able to correctly
identify and locate multiple organs within 3D ultrasound
volumes. This is a particularly complex task because it in-
volves the detection of a large number of organs, whereas
most previous work focused on only a few organs. Addi-
tionally, we have to deal with the challenges inherent to
ultrasound, such as low resolution, noise and different
types of artifacts [[3]. To address these difficulties, we
trained several deep learning models during a series of
experiments, to determine what configurations resulted
in the best performances. To the best of our knowledge,
this study presents the first explorations into multi-organ
detection using first-trimester 3D VR fetal ultrasound
data.

2. METHODS AND MATERIALS

2.1. Approach

Organ detection refers to identifying the presence
and location of an organ in an image, while organ
segmentation involves the precise labeling of a subset
of pixels or voxels in an image, including the coverage
of the boundaries and internal volume [[4, I5]. Given
that segmentation also requires localization of the
organ, segmentation can be considered as an extension
of detection. Although the primary objective of this
project is organ detection, we will also look into the
potential of organ segmentation, which is facilitated by
the availability of a heterogeneous dataset, containing
both sparse and dense annotations.

Due to its state-of-the-art performances and gener-
alization across medical imaging data, the 'mo new’

U-Net framework was chosen as segmentation model
[16]. Previous work using nnU-net for segmentation of
the fetal head volume and embryonic volume demon-
strated promising performances [IZ]. A U-Net follows
an encoder-decoder structure with skip connections [I8].
These skip connections allow the model to capture both
global and fine details, enabling it to learn complex
anatomical shapes from limited input data. nnU-Net
is a full pipeline for medical image segmentation build
around a U-Net architecture. It includes preprocessing,
data augmentation, post-processing and network design,
all based on dataset characteristics, such as image size
and intensity distribution. The network input should
consist of a set of original input images with (multi-class)
segmentation masks and the output consists of predicted
segmentation masks for the original input images.

[ Total dataset []
8{ [ Test set A M M

Number of scans

Figure 1: Histogram showing the distribution of the number
of scans for every gestational age (GA) in days of the total
dataset (blue) and the test set (pink).

2.2. Data

2.2.1 Dataset description

The dataset used in this project is part of the VR-
FETUS study [#]. This study is a randomized trial that
was performed at the gynecology department of the Eras-
mus Medical Center during the period between June
2017 and September 2021. Women were included if they
were 18 years or older, had a pregnancy duration be-
tween 11+0 and 13+6 weeks of GA and if they were
referred for a high risk pregnancy. Women were ex-



Figure 2: Examples of annotation labels for different organs.
Top: segmentation labels for the right and left kidney. Bottom:
landmarks for the heart.

cluded if the pregnancy was terminated before the ul-
trasound scan or if an anomaly was found before ran-
domization. Full anatomical screening of the fetus was
performed, during which 3D ultrasound volumes of the
fetal head and body were acquired additional to the stan-
dard 2D planes. Scanning was performed using a high
frequency transvaginal transducer (frequency of 4-9 or
6-13 megahertz (MHz)) and a lower frequency transab-
dominal transducer (2-6 MHz), both using a Voluson E10
machine (GE Healthcare). Scan and voxel dimensions
varied between scans, voxel spacings within each scan
were isotropic. Fetal orientation differed between scans,
due to subject variations and positional changes of the fe-
tus. Fully annotated scans were available for 69 subjects.
Additional scans were annotated with the bladder and
kidneys only. An overview of the distribution of gesta-
tional ages of the subjects is shown in Figure 0.

2.2.2 Annotations

The ultrasound scans were annotated in 3D VR using
a standardized protocol, both by an experienced fetal
medicine specialist and a medical student. The labels

consisted of landmarks placed around the regions of
interest of 9 different organs and 3D segmentations of
the bladder, kidneys and stomach. The annotated organs
were selected based on the ISUOG guidelines for first
trimester screening [B]. Example annotations are shown
in 3D in Figure @ and in 2D in Figure B. The labels
were created using the V-Scope software, which creates
holograms of the ultrasound volumes in VR and has
tools for annotating the volumes [TY].

The bladder, heart, kidneys, lungs, spine and stomach
were annotated in the fetal body volume. The cerebellum,
choroid plexuses, mandible, nasal bone, orbits and upper
lip were annotated in the fetal head volume. It should be
noted that not all annotations for a subject were always
created in the same ultrasound volume. This is because
not all organs were always visible in the same volume
due to ultrasound artifacts or low image quality. These
missing organs were then annotated in a different vol-
ume of the same subject.

2.3. Mask creation based on landmarks

The expected input labels for training the model
consist of segmentation masks, which were available
for the bladder, kidneys and the stomach. For the
remaining organs, annotated only with landmarks,
different types of pseudo labels were created. For the
heart, lungs and choroid plexuses convex hulls were
created, encompassing the landmarks. This ensured
that the pseudo label was located within the boundaries
of the organ. However, the convex hull did not fully
capture the anatomical boundaries. An example of the
creation of a convex hull is shown in Figure BA.

For anatomically elongated or curved structures, such
as the spine and mandible, pseudo labels were created
by connecting the landmarks with small cylinders. An
example of this is shown in Fig BC. The radius of these
cylinders was empirically chosen based on the type of
organ, for the spine the radius was 4 voxels, for the
mandible and cerebellum 3 voxels and for the upper lip 2
voxels. The connected cylinders covered most of the orig-
inal structure. However, they did not exactly follow the
anatomical boundaries. The pseudo labels for the orbits
were created by fitting a small sphere in between the two
landmarks for each orbit. The diameter of the sphere was
chosen as the distance between two landmarks for one or-
bit, an example can be found in Fig BC. 2D examples of
the created pseudo labels are shown in Figure .
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Figure 3: Examples of the creation of pseudo labels from the landmarks (red) using a convex hull (A), connected cylinders (B) and

spheres (C).

2.4. Loss functions

Several loss functions were used during training of
the models, including individual and combinations of
loss functions.

Soft Dice loss

The multi-class soft Dice loss (Lsp):

o1 2TP. + ¢
Leo(yerde) =1 = X 57p 4 PR, + N, + ¢

)

TP =) (Jc *ye)
FP. =) (9 * (1 - yc)) &)
FNe =) ((1—7c) *ye)

is based on the overlap of the ground truth and
predicted labels [20]. The loss is averaged over the
classes C and calculated using the true positives TP,
true negatives TN, and false positives FP. using the
ground truth (y.) and predicted labels (), see Equation
P. The small constant € (set to 1 x 107°) is added for
numerical stability. A soft Dice loss of 1 indicates no
overlap of the prediction and ground truth, a soft Dice
loss of 0 indicates full overlap.

Cross-Entropy loss
The cross-entropy loss (Lcg):
1 N
L:CE (yi,CI yi,c) = _ﬁ &

1

Y viclog(#ic) (3)

c=1

is a per-voxel based loss function that calculates the
differences between the ground truth labels y; . and the
predicted class probabilities §; . [20]. It is calculated
over C classes and a total of N voxels in the image.
Minimization of the Lcf loss aims to get §; . close to 1
for correct classes and close to 0 for wrong classes.

Focal loss

The focal loss function (Lr):

1N C
Le(@r) = —5 Z Y (1 —9:)710g(9r) (4)

7, correctly predicted

Y= { 1—1, not correctly predicted ©)

prioritizes the misclassified or uncertain voxels, in-
stead of weighing all voxels equally [20]. This makes the
focal loss suitable for medical images, which frequently
present an unbalance between the foreground classes
and the background class. The multi-class focal loss is
calculated over all voxels N and all classes C. a; can be
chosen such that the loss is higher for misclassifications
of the foreground class. < is the focusing parameter,
deciding how much should be focused on the voxels
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Figure 4: Examples of the annotated landmarks, created pseudo labels and predictions by the trained models for the choroid plexus,
cerebellum, orbit, mandible, spine and heart. The labels are shown in red in two-dimensional ultrasound images.



that are difficult to classify. The probability that a voxel
belongs to the foreground, is stated as f, see Equation B.
If the predicted probability of a voxel belonging to the
foreground (y = 1) is low, the focal loss will be high.

Centroid distance loss

The centroid distance loss (Lcp):

Z I7g =iy (©)

is a function that aims to minimize the distance be-
tween the centroids of the prediction and ground truth
labels [2T]. The centroid distance loss can be consid-
ered for segmentation problems for which the overlap
is less important than the correct location of the cen-
troid of the mask. First the centroids of the ground

Lcp(1y, 11g) =

truth m, = [n_&;, . ,7715] and centroids of the prediction
iy = [n"i;, ey ﬁig] are calculated by finding the center of

mass of the masks for each class. Then the multi-class
centroid distance loss is calculated by computing the Eu-
clidean distance for all classes C, as in Equation B.

2.5. Training characteristics

Training of the nnU-Net models for organ detection
was done on a Snellius NVIDIA A100 GPU, with up to
80GB of memory. All models were trained for 150 epochs
for each fold, as no improvement of the validation Dice
similarity coefficient, training loss and validation loss
was observed after 150 epochs.

The stochastic gradient descent optimizer was used in
training, with Nesterov momentum and a poly learning
rate scheduler. This allows for a non-linear decrease of
the learning rate. Batch size for training was 2, with vary-
ing patch sizes depending on the image size. During
training, 5-fold cross validation was applied.

2.6. Dataset split

For training and analyzing the trained nnU-Net
models, the dataset was split into train and test sets.
Since not all organs were annotated within the same
volumes for every subject, it was chosen to partition
the dataset by subject rather than volume. The test set
was selected based on two criteria: for each subject a
complete set of organ labels should be available and the
gestational ages of the subjects should reflect the distri-
bution of gestational ages within the dataset. The final

Table 1: Overview of the number of subjects for the train and
test sets for different organs.

Organ Training set | Test set
Heart 47 19
Lungs 47 19
Spine 44 19
Stomach 47 19
Kidneys 50 19
Bladder 46 19
Choroid plexuses 44 19
Cerebellum 41 19
Mandible 44 19
Orbits 40 19
Upper lip 40 19
Nasal bone 41 19

test set consisted of a total of 19 subjects. The amount
of available labels varied between the organs, causing
different numbers of training samples per trained model.
An overview of the number of train and test samples for
each organ is shown in Table [

2.7. Evaluation metrics

The performances of our models were evaluated us-
ing different evaluation metrics. For evaluation of organs
that were annotated with segmentation masks, the Dice
similarity coefficient (DSC) was used [20]. The DSC is
the complement of the Dice loss:

2TP
DSC = P EP T EN @
The formulas for the TP, FP and FN can be found in
Equation B. A score of 1 means full overlap and a score
of 0 means no overlap.

For evaluation of the organs annotated with land-
marks, the Dice similarity coefficient was not an appro-
priate metric, since no ground truth segmentation masks
were available for comparison. For these organs, a cen-
troid distance metric (CDM) was used for evaluation.
The centroid of both the prediction 77i; and ground truth
11y mask was calculated and the Euclidean distance was
computed as in Equation B. The CDM was normalized
for each organ by using the characteristic length of the
volume of the ground truth segmentation mask:
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The CDM was not a representative metric for elon-
gated structures such as the spine, as it did not take the
spread of the boundary points into account. Therefore,
also the 95th percentile Hausdorff distance (HD95) was
calculated for all organs:

CDM,prm = 8)

dos(A,B) = xogn ({mind(a,0)}aca ),
HD95(A, B) = max {d95(A, B),d95(B,A)}.

)

HD95

. Vorgan

HD95,,0pm = (10)

The HD95 measures the 95th percentile of the max-
imum of the minimum distances d(a,b) and d(b,a)
between the sets of boundary points A, B of the ground
truth and prediction mask, excluding outliers. The
HD95 was normalized for the size of each organ as well,
see Equation 0.

For all organs, the number of times that the model
could correctly predict the organ of interest was de-
termined as a percentage of the total test scans, the
detection rate (DR). The criterion for detection was:
the ground truth and prediction masks should overlap
(DSC > 0).

2.8. Statistical analysis

To assess whether experiments significantly outper-
formed each other based on the metrics, the Wilcoxon
signed-rank test was used. For the test, p-values were
only calculated for organs that were detected by both
models in the comparison (paired samples). A p-value
of < 0.05 was seen as significant. Bootstrapping was ap-
plied for calculation of interquartile range of the DSC,
CDM,orm and HD95,,0r, values. This was done by re-
sampling the metrics for 1000 iterations (with replace-
ment) and recalculating the evaluation metrics for each
resampled subset. The metrics for all detected organs in
the test scans were taken into account for bootstrapping.

3. EXPERIMENTAL SETUP

3.1. Experiment 1: (Pseudo) labels

In this experiment, a separate model was trained for
each organ using the different (pseudo) labels:

1. Segmentation label: stomach, bladder, kidneys

2. Convex hull: heart, lungs, choroid plexuses

3. Connected cylinders: spine, mandible, cerebellum,
upper lip, nasal bone

4. Spheres: orbits

The aim of this experiment was to develop single or-
gan models, serving as a reference for comparative anal-
ysis. The model performances were evaluated using
DSC for the ground truth segmentation labels and the
CDM,iorm and HD95,,o, for the pseudo labels.

3.2.  Experiment 2: Combination of labels

The pseudo labels of different organs were combined
into the fetal body and head volume as input for the
model. Hypothetically, a combination of organs will
yield better results, as the model will have more spatial
context of the organs within the ultrasound scan. Two
different combinations of input labels were used:

1. Fetus: heart, left and right lung, spine
2. Head: left and right choroid plexus, left and right
orbit, cerebellum, mandible, nasal bone, upper lip

Both models were evaluated using the CD Mo, and
HD95,,0;m and were compared to the results of the single
organ models.

3.3.  Experiment 3: Missing labels

The bladder, kidneys and stomach labels were not
always annotated in the same volume in the provided
dataset. When the model input is missing some of the
labels, the model may predict the presence of an organ,
while no ground truth label is available, potentially
leading to lower model performances. To account for the
missing labels, regions that potentially contain specific
organs can be labeled with ‘ignore’, excluding them
from training. These voxels are then ignored during
training and will not penalize the model. The aim
of this experiment is to train a model for multi-label
segmentation of the bladder, kidneys and stomach.



For creating the regions that should be ignored during
training, the stomach and kidneys were predicted in the
volumes containing the bladder, by using the single or-
gan models of Experiment 1. Finally the performance of
the combined model with missing labels was compared
to the performances of the single organ models of the
bladder, kidneys and stomach using the DSC.

3.4. Experiment 4: Dataset size

For the bladder and kidney segmentation labels an ad-
ditional number of scans was available: 46 for the blad-
der, 50 for the kidneys. The aim of this experiment was
to determine if a larger training set would improve the
performances of the model. The models were compared
to the single organ models of the bladder and kidneys
using the DSC.

3.5. Experiment 5: Loss functions

An evenly weighted combination of the soft Dice loss
and binary cross-entropy loss was used for training in all
previously described experiments, as it is the standard
loss function in the nnU-Net framework. While these
losses generally work well for segmentation problems
with ground truth segmentation masks available, they
might not be suitable for the generated pseudo labels.
For that reason, multiple loss functions were tested.
For the heart, with a convex hull as pseudo label, the
centroid distance loss (Lcp) was tested both separately
and in combination with the soft Dice loss (Lcp + Lsp).
The hypothesis was that the centroid distance loss might
emphasize the minimization of the centroid distance
without optimizing the overlap of the prediction and
convex hull. For the nasal bone the focal loss (Lf)
was tested, also in combination with the soft Dice loss
(Lr + Lsp). Here it was hypothesized that the focal
loss might help with detecting smaller structures, as it
focuses more on voxels that are hard to classify.

Again, the performances of the models trained with
the loss functions were compared to the performances
of the single organ models using the CDM;;, and
HD95,0rm.

4. RESULTS

4.1. Experiment 1: (Pseudo) labels

For this experiment, 12 single organ models were
trained using (pseudo) labels. Figure B shows an
example of the ground truth pseudo labels for the lungs
and the predicted segmentation masks by the model.
The single organ models correctly predicted 89 to 100%
of the test scans for the heart, lungs, spine, kidneys,
bladder, stomach and mandible, see Figure B. For the
plexuses, cerebellum, orbits and upper lip, the detection
rate was less then 84%. This problem with detection for
these single organ models also shows in the box plots
of the CDM,orm and HD95,o,, in Figure B. Both the
median CDM,,prm and HD95,,0,,, were above 0.5 for the
left and right plexus, the cerebellum, right orbit and the
upper lip. During visual inspection of the predictions
of the orbits and plexuses, it was observed that the
models occasionally predicted the left and right labels
for a single side, see Figure [. For the models that could
correctly predict the organs, the median CD M, and
HD95,,,ym were below or close to 0.25.

Figure B shows box plots of the DSC for the bladder,
left and right kidney and stomach, with median DSC

Prediction

Ground truth

Figure 5: Example of the ground truth input (left) and predic-
tion (right) for the single organ model of the lungs.



19 1919 1919 19 19 19 19

19

19 1919

100,

18] 1818 18 181818 18

90

80

70

60

50

40

Detection rate (%)

30

20

10

Heart

Left lung
Right lung
Spine

Left kidney
Right kidney
Bladder

Single organ model
(Exp. 1)

Combined organ model
(Exp. 2)

Combined organ model
(missing labels) (Exp. 3)
Larger dataset model
(Exp. 4)

Centroid loss model
(Exp. 5)

CentroidDice loss model
B (Exp. 5)

[
[
15 —
]

12 1212

Stomach
Left plexus
Right plexus
Cerebellum
Mandible
Left orbit
Right orbit
Upper lip
Nasal bone

Figure 6: Detection rate of the model predictions for the organs of interest. The exact number is indicated above the bars, the
test set consisted of 19 subjects in total. The bar colors indicate the models: light blue for the single organ models, pink for the
combined organ models, purple for the combined organ model with missing labels, dark blue for the models trained with a larger
dataset, light green for the model trained with the centroid loss and dark green for the model trained with the centroid Dice loss.

values of 0.70,0.73,0.74 and 0.81 respectively. Table [
of the Appendix shows an overview of all median DSC,
CDM,orm and HD95;5,y, values, including the inter quar-
tile ranges (IQR).

4.2. Experiment 2: Combination of labels

In Experiment 2, two separate models were trained
with a combination of pseudo labels, one model for the
head of the fetus and one model for the body of the
fetus. The detection rate for each organ predicted by
the combined organ models was similar to the detection
rate of the single organ models, see Figure B. However,
for the left plexus the combined organ model predicted
more test cases correctly, while for the right plexus the
reverse trend was observed. For the left and right orbit
the single organ models achieved a higher detection
count.

Figure B shows a comparison of the CDM;; and

10

HD95,6rm between the single organ models (Experi-
ment 1) and the combined organ models. The median
CDM,orm and HD95,5ry, values of the single organ and
combined organ models were similar for most organs,
except for the choroid plexuses and the orbits. For these
organs both metrics had wide distributions and a higher
median for the single organ models, especially for the
right side. The nasal bone was not detected in any scan
of the test set. In Figure B significant differences are de-
noted with an asterisk (*). Notably, significantly better
performances for the HD95,,,,; were observed for the
single organ models of the left lung, left plexus and the
upper lip. An overview of all metrics for the combined
organ models is shown in Table 0 of the Appendix.

4.3. Experiment 3: Missing labels

Not all volumes included all organ labels for the blad-
der, kidneys and stomach. Top cope with this, we trained
a model that could handle these missing labels. The



Left orbit

Choroid plexuses

Figure 7: Examples of test scans for which both left and right
labels were predicted on a single side of the organs. The ground
truth (GT) and predicted (P) labels are shown for the choroid
plexuses and the left orbit.

model could correctly detect the organs 89 to 100% of
the test scans, similar to the single organ models, see
Figure B. Figure B shows the DSC for the single organ
models and the combined organ model trained with the
missing label strategy. The median DSC were 0.72,0.75
and 0.72 for the bladder and left and right kidney re-
spectively. These values were similar to the single organ
models. However, a significantly worse result was found
for the stomach (0.81 vs 0.78). In general the combined
organ model trained with the missing label approach did
not outperform the single organ models. In Table @ of the
Appendix, an overview of all metrics for the combined
organ model trained with missing labels is shown.

4.4. Experiment 4: Dataset size

The models for the bladder and kidneys trained with
larger training sets also had a detection rate of 95 to
100%, see Figure B. The median DSC were 0.72,0.75 and
0.74 for the bladder and the left and right kidney, see Fig-
ure M. No significant differences were found between
the initial models and those trained with larger training
sets. Table B of the Appendix shows an overview of the
metrics for this experiment.

11

4.5. Experiment 5: Loss functions

The models for the nasal bone, trained with the L and
Lr + Lsp functions, were not able to detect the nasal
bone in any of scans in the test set. For the heart, the
models trained with the Lcp and Lcp + Lgp functions,
both had a detection rate of 95%, similar to the single
organ model (trained with the Lsp + Lcr function). No
significant differences were found for the CDM,;or» and
HD95,,,;m between the models trained with different loss
functions. Table B of the Appendix shows all metrics for
these models.

5. DiscussioN

First trimester anomaly screening is crucial for early
detection of congenital disorders. However, it is an
operator dependent and time intensive task which needs
to be performed by specialists [#]. To overcome these
challenges, we trained a deep learning model for auto-
mated organ detection in first-trimester 3D ultrasound.
Several nnU-Net models were trained during different
experiments to determine the configurations that lead to
the highest detection rate.

5.1.

Across the different experiments for the heart, lungs
and spine, we found that the organs were successfully
detected in 95% to 100% of the test scans. For the spine,
the larger HD95,,0;; for all models could be attributed
to the elongated structure of the organ, which might
have made the models more susceptible for deviations in
the extreme points. For the heart, neither the combined
organ model nor the models trained with different loss
functions outperformed the single organ model for both
the CDM,,prm and HD95,,11:.

Experiment outcomes

The models for the bladder, kidneys and stomach
could detect the organs in 89% to 100% of test scans
across Experiment 1, 3 and 4. The high detection rate
for Experiment 3 indicates the combined organ model
remained robust and achieved similar results to the
single organ models, even when some of the organ
labels were missing. With regard to the bladder and
kidneys, no significant differences were found for the
models trained with additional data, as in Experiment
4. While this was the case for the bladder and kidneys,
further research should be conducted to determine if
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Figure 8: Comparison of the normalized centroid distances (A) and normalized 95th percentile Hausdorff distances (B) between
the single and combined organ models. The results are based on paired test scans that were detected by both models. The blue boxes
show the results of the single organ models, the pink boxes show the results for the combined organ models. Significant differences

are indicated with an asterisk (*) above the boxes.

this also holds for different organs in this study.

Both the single and combined organ models detected
the choroid plexuses in less than 84% of the test scans.
For the orbits, the detection rate was even lower, 32%
for the single organ models and less than 26% for the
combined organ model. While large differences regard-
ing the CDMor, and HD95;,01 between the models
of the plexuses and orbits were observed in Figure [,
these differences were not significant. A potential cause
of this was a limited number of paired samples, which
underpowered the Wilcoxon signed-rank test. The large
differences in both the CDM,,o;; and HD95,,y,, for the
orbits and choroid plexuses was due to the occasional
detection of the left and right labels on a single side,
as shown in Figure B. This is probably due to the high
similarity in structure and shape of the left and right
sides, causing the model to interchange these labels.
Interestingly, this happened less often for the combined
organ model for the choroid plexuses. This might be
because the model had more spatial awareness of what
direction the head of the fetus was oriented, taking into
account the other organ labels present in the training
data.
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None of the models were able to detect the nasal bone
in the scan of the test set. A possible reason for this is
its small size, which creates an in-balance in fore and
background. Another reason might be that the nasal
bone is still developing in this stage of the pregnancy.
During this development, the nasal bone consists of two
ossification centers, that later fuse [?Z]. Our pseudo
label for the nasal bone consisted of just one structure,
which might have confused the model. Also the accurate
placement of the nasal bone annotations is difficult, as
the size of the nasal bone ranges between only 1.4mm
and 2.Imm during the 11-14 weeks of gestation [Z3].
Even a minimal shift during the landmark annotation in
VR might cause the pseudo label not to coincide with the
actual nasal bone, as the mean voxel size was 0.25mm.
This can also explain the low detection rate (42% for
both models) of the upper lip. This organ is located at
the edge of the fetal face, which was sometimes difficult
to capture in the ultrasound scan.

Additionally, for all models the variety in scan quality
could have played a noticeable role in the performances.
Ultrasound artifacts such as movements, shadows and
low resolution might have influenced organ visibility.
While the nnU-Net framework was designed to account
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kidneys, bladder and stomach between the single organ models
and the combined organ model with missing labels. The results

are based on paired test scans that were detected by both models.
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of the combined organ models with missing labels. Significant
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for differences in for example organ sizes and intensities,
potentially not all variations were captured in the
relatively small training set.

5.2. Limitations

In this study we trained models using pseudo labels
(except for the bladder, kidneys and stomach), which
were constructed using convex hulls, cylinders or
spheres. These pseudo labels did not capture all anatom-
ical boundaries. For most organs, training the models
with these labels did facilitate detection. However,
training with labels that would capture more details
of the anatomical boundaries might have enhanced
the detection of smaller organs and result in higher
performances across all metrics. While full segmentation
labels are desirable, their creation is time consuming
and complex, due to low resolution and ultrasound
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Figure 10: Comparison of the Dice similarity coefficients for
the kidneys and bladder between models trained with a smaller
and larger training dataset. The results are based on paired test
scans that were detected by both models. Blue boxes show results
of the the models trained with a small dataset, pink boxes of the
models trained with a larger training set

artifacts. Despite the absence of full segmentation labels
for all organ, we managed to successfully detect the
heart, lungs, spine and mandible in at least 95% of the
test scans.

We approached a detection problem with a segmenta-
tion model, resulting in segmentation mask predictions.
This approach introduced challenges for the evaluation,
as the predicted masks were evaluated based on the
landmarks. We considered an organ detected if the
predicted label overlapped with the ground truth label.
While this approach yielded promising results, we also
aimed to interpret the quality of the detections. We did
this by looking at the distances between the centroids of
the prediction and ground truth and by looking at the
maximum distances using the 95th percentile Hausdorff
distance. For organs such as the right choroid plexus
and the right orbit, these metrics were quite high, which
prompted visual inspection that helped to explain these
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results.

Another limitation is that the models were trained
and tested using a single dataset that originates from
the VR-FETUS study [#]. The 3D ultrasound scans were
obtained using the same type of ultrasound machine. To
assess generalizibilty, the models should be validated
on datasets from different institutes and ultrasound
machines. Additionally, the dataset was annotated once
by two raters; a fetal medicine specialist and medical
student. For a more robust reference standard, the
dataset could be annotated by multiple raters, so that
the intra-rater variability could be assessed and high
annotation consistency could be achieved.

5.3. Future work

In this work, the pseudo labels were modeled through
approximate, idealized shapes (spheres, cylinders),
which did not actually correspond to the anatomical
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shapes of the organs. To improve the pseudo labels, the
annotated landmarks could be combined with a high
quality atlas of first-trimester fetuses. Subsequently, the
atlas labels could be registered to the 3D ultrasound
volumes, after which the landmarks might be used
for refinement. Using this method, pseudo labels that
represent a more anatomical shape could be generated.
For smaller organs such as the upper lip and the nasal
bone, a different approach might be considered. Instead
of trying to detect these organs by segmenting them,
a detection model that uses bounding boxes as input
might improve the detection rate. Additionally, a visual
inspection of the detection quality could be performed
by a fetal medicine specialist, instead of only looking at
the overlap of the ground truth and prediction. A long
term future goal would be to use an automatic model
that not only indicates if the organ is detected, but also
determines if the organ has a normal shape and size.
This would facilitate a normality screening instead of
an anomaly screening, that would indicate to manually
check a structure if an organ of interest deviates from



the normal range.

6. CONCLUSION

This study is an important step towards automated or-
gan detection for first-trimester anomaly screening in 3D
ultrasound. The trained nnU-Net models were able to
detect the heart, lungs, spine, stomach, bladder, kidneys
and mandible in 89% to 100% of the test scans. The mod-
els had difficulty with detection of the choroid plexuses,
cerebellum, orbits, upper lip and nasal bone, as these
organs were detected in less than 84% of the test scans.
Challenges related to the quality of the pseudo labels, the
used evaluation metrics and generalizibility of the model
require future exploration.

Al STATEMENT

For refinement of the writing style of this thesis,
ChatGPT-4 was used [24]. It was predominantly used
for writing better flowing sentences by using prompts
like "Can you make this sentence more flowing", or for
improving the scientific sound of sentences, by using
prompts like "Can you write this sentence in a more
scientific way". All suggestions were carefully reviewed
and implemented if suitable.
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Appendix

Table 1: Evaluation metrics for the single organ models. The detection rate (DR), median Dice similarity coefficient (DSC), median
normalized centroid distance (CDMyorm) and median normalized 95th percentile (HD95,,orm) are shown with the interquartile
range (IQR) between brackets.

Organ | DR (%) | DSC (IQR) | CDM,om (IQR) | HID95,.,, (IQR)
Bladder 100 | 0.70 (0.67-0.72) | 0.18 (0.16-0.19) 0.28 (0.18-0.47)
Kidney (L) 95 0.73 (0.72-0.76) | 0.18 (0.16-0.20) 0.17 (0.16-0.20)
Kidney (R) 100 | 0.74 (0.74-0.74) | 0.16 (0.16-0.16) 0.18 (0.18-0.18)
Stomach 95 0.81 (0.80-0.82) | 0.06 (0.05-0.08) 0.15 (0.15-0.16)
Cerebellum 63 0.16 (0.10-0.22) | 0.50 (0.40-0.59) 0.86 (0.78-1.03)
Heart 95 0.64 (0.59-0.66) | 0.25 (0.19-0.30) 0.29 (0.26-0.33)
Lung (L) 100 | 0.73 (0.73-0.75) | 0.18 (0.15-0.18) 0.18 (0.18-0.18)
Lung (R) 100 | 0.67 (0.67-0.72) | 0.18 (0.17-0.21) 0.21 (0.19-0.21)
Mandible 100 | 0.37(0.36-0.37) | 0.28 (0.27-0.29) 0.40 (0.38-0.47)
Orbit (L) 32 0.33 (0.28-0.37) | 0.33 (0.30-0.51) 0.50 (0.50-0.71)
Orbit (R) 32 0.32 (0.23-0.40) | 1.17 (0.95-1.41) 2.30 (0.85-3.74)
Plexus (L) 47 0.33 (0.14-0.51) | 0.51 (0.44-0.54) 1.01 (0.71-1.11)
Plexus (R) 79 0.46 (0.43-0.47) | 0.68 (0.62-0.97) 1.25 (1.21-1.31)
Spine 95 0.44 (0.41-0.48) | 0.30 (0.27-0.33) 0.43 (0.36-0.52)
Upperlip 42 0.14 (0.09-0.17) | 0.53 (0.52-0.58) 0.83 (0.82-0.84)

Table 2: Evaluation metrics for the combined organ models. The detection rate (DR), median Dice similarity coefficient (DSC),
median normalized centroid distance (CDMyory) and median normalized 95th percentile (HD95,0rm) are shown with the in-
terquartile range (IQR) between brackets.

Organ | DR (%) | DSC (IQR) | CDM,opm (IQR) | HID95,0., (IQR)
Bladder 89 0.72 (0.72-0.73) | 0.17 (0.15-0.17) 0.26 (0.23-0.28)
Kidney (L) 95 0.72 (0.70-0.73) | 0.19 (0.17-0.22) 0.19 (0.18-0.20)
Kidney (R) 95 0.75 (0.73-0.77) | 0.15 (0.14-0.17) 0.17 (0.16-0.18)
Stomach 100 | 0.78 (0.77-0.78) | 0.09 (0.08-0.10) 0.17 (0.16-0.18)
Cerebellum 63 0.24 (0.22-0.24) | 0.48 (0.41-0.55) 0.56 (0.54-0.57)
Heart 100 | 0.71(0.63-0.71) | 0.23 (0.19-0.23) 0.23 (0.23-0.24)
Lung (L) 100 | 0.67 (0.66-0.73) | 0.20 (0.19-0.20) 0.20 (0.20-0.24)
Lung (R) 100 | 0.64 (0.63-0.64) | 0.23 (0.22-0.25) 0.28 (0.27-0.28)
Mandible 100 | 0.42(0.36-0.45) | 0.34 (0.27-0.35) 0.44 (0.38-0.45)
Orbit (L) 16 0.19 (0.06-0.52) | 0.54 (0.33-0.80) 0.79 (0.35-0.86)
Orbit (R) 21 0.19 (0.07-0.31) | 0.76 (0.69-1.09) 0.95 (0.87-2.11)
Plexus (L) 63 0.64 (0.61-0.67) | 0.23 (0.21-0.25) 0.21 (0.21-0.24)
Plexus (R) 68 0.62 (0.59-0.63) | 0.28 (0.26-0.43) 0.30 (0.22-0.41)
Spine 100 | 0.40 (0.40-0.45) | 0.31 (0.25-0.32) 0.41 (0.40-0.59)
Upper lip 42 0.21 (0.20-0.25) | 0.51 (0.49-0.53) 0.56 (0.53-0.57)
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Table 3: Evaluation metrics for models for the bladder and kidneys trained with different dataset sizes. The detection rate (DR)
and Dice similarity coefficient (DSC) with the interquartile range (IQR) between brackets are shown.

Organ | Model DR (%) | DSC (IQR)
e el I P et
ey )| S22
| SO | 0070707

Table 4: Metrics for models for the heart trained with different loss functions. The detection rate (DR), normalized centroid
distance (CD Morm) and 95th percentile normalized Hausdorff distance (HD95y,0,,) are shown. The interquartile range (IQR)
for the last two metrics is shown between brackets.

Loss function | DR (%) | CDM,orm (IQR) | HD95,5rm (IQR)

Lce + Lsp 95 0.31 (0.23-0.43) 0.16 (0.14-0.22)
Lcp 95 0.27 (0.21-0.31) 0.30 (0.26-0.34)
Lep + Lsp 95 0.24 (0.19-0.30) 0.29 (0.26-0.33)
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