Detection of Increased Nuchal Translucency in First-
Trimester Fetal Ultrasound Images Using a Two-
Stage Deep Learning Model
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Abstract

Increased nuchal translucency (NT) is a well-established marker for early screening of
fetal chromosomal abnormalities such as Down syndrome. Nonetheless, conventional NT
assessment necessitates the expertise of certified obstetricians, and the manual annotation
involved is often time-consuming and susceptible to variability among different operators. To
mitigate these issues, we collaborated with obstetricians at MacKay Memorial Hospital in
Taipei to develop a deep learning-based assistive system that aims to provide high accuracy,

objectivity, and interpretability.

In this study, we developed a two-stage deep learning framework. The first stage employs
YOLOIlIn for fetal head localization and cropping, while the second stage utilizes
DenseNetl121 to classify whether the cropped image exhibits increased NT. The proposed
model demonstrated excellent performance in both head detection and NT classification tasks.
Notably, the classification model attained accuracy exceeding 99% on both the training and
combined test datasets, with area under the receiver operating characteristic curve (AUC)

values nearing 1.0.

In order to improve the transparency of the model, we employed Class Activation
Mapping (CAM) techniques to visualize the model’s attention. The resulting heatmaps
consistently focused on the NT region, aligning with the diagnostic areas emphasized by

clinicians, thereby enhancing the interpretability of the model.

These findings suggest that our two-stage framework holds strong potential for future
integration into real-time clinical interfaces, serving as an effective and interpretable tool to

assist obstetricians in early prenatal screening.
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1. Introduction

1-1. Background

Chromosomal abnormalities are a major cause of abnormal mental and physical
development, with Down syndrome (trisomy 21) being the one of the most prevalent and
recognized conditions [9]. Individuals diagnosed with Down syndrome frequently exhibit
intellectual disabilities, and a variety of comorbid health issues requiring long-term care [1].
These conditions pose not only emotional and physical challenges for family caregivers, but
also significant socioeconomic and healthcare burdens on society [3]. Therefore, the

enhancement of screening tools employed in early pregnancy is essential.

Increased nuchal translucency (NT) is one of the most widely accepted non-invasive early
screening markers for chromosomal abnormalities, detectable through ultrasound imaging [7].
NT refers to the subcutaneous fluid-filled space at the back of the fetal neck, and an increased
thickness has been correlated with chromosomal abnormalities such as trisomy 21, 18, and 13
strongly [7]. However, measuring NT requires trained professionals, such as obstetricians with
NT certification, to obtain reliable results. This measurement process is often time-consuming
and may be influenced by operator-dependent variability, which can hinder its efficiency and

consistency in routine screening practices.

Increased NT Normal NT

Fig. 1 Example of Increased and Normal Nuchal Translucency in First-Trimester Ultrasound

Images

Convolutional Neural Networks (CNNs) have recently gained recognition as an effective
tool for the analysis of medical ultrasound images, exhibiting notable efficacy in the
identification of fetal markers. For example, Zhang et al. (2022) introduced a CNN-based
screening model for the detection of trisomy 21, showing that deep learning is a feasible

approach for prenatal screening using fetal ultrasound images [10]. Nonetheless, their approach



depended on the manual cropping of input images, a process that is both time-consuming and

labor-intensive, and susceptible to inconsistencies among different operators.

1-2. Purpose

This study was conducted in collaboration with obstetricians at MacKay Memorial
Hospital in Taipei, with the goal of addressing the challenges associated with traditional NT
measurement. Our aim is to create a deep learning model that is characterized by high accuracy,
objectivity, and interpretability. In the end, we aspire for this model to be incorporated into
actual clinical processes as a useful aid for screening fetal chromosomal abnormalities during

the first trimester

1-3. Method

In order to tackle these challenges, we referred to the research conducted by Tang et al.
(2023), who introduced a novel three-stage model for the detection of prenatal genetic disorders
[8]. Motivated by their methodology, we adopted a similar multi-stage design and developed a
two-stage deep learning framework that first detects and crops the fetal head region using

YOLOI1n, subsequently utilizing DenseNet121 for the classification of increased NT.
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Fig. 2 Overview of the Proposed Two-stage Deep Learning Framework for Increased NT

Detection.

As illustrated in Figure 2, the pipeline begins with pre-processing the raw ultrasound
images. The processed images are first passed through a YOLO11n model to localize and crop
the fetal head region. These cropped images then undergo further pre-processing and
augmentation before being used to train a DenseNet121 classifier that determines whether NT

1S increased.



Additionally, to handle the issue of class imbalance, a prevalent issue in medical datasets
where positive cases are frequently underrepresented, we utilized a weighted loss function
during DenseNet121 training [11]. This approach enabled the model to pay more attention to
clinically significant yet rare positive samples, thereby enhancing its sensitivity and robustness

in practical screening applications.

1-3. Experimental Results

Figure 3 shows the confusion matrices for both the training set and the combined test set
(validation + test set). The model correctly classified all cases in the combined test set, with
only two misclassified negatives in the training set, resulting in nearly perfect classification

performance.

In Figure 4, the Receiver Operating Characteristic (ROC) curves further validate the
model’s robustness, achieving an area under the curve (AUC) of 1.000 on both training and the
combined test sets. This shows the model’s excellent ability to distinguish between increased

NT and normal cases.

Table 1 summarizes the performance of the fine-tuned DenseNet121 model on both the

training set and the combined test set.
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Fig. 4 ROC Curves of DenseNet121 on Training and Combined Test sets

Table 1
Performance Summary of the fine-tuned DenseNet121
Data Type ACC AUC  Precision Recall F1_Score
Normal 1.00 1.00 1.00
Train Set Positive  99.8%  100% 0.98 1.00 0.99
Total 1.00
Normal 1.00 1.00 1.00
Combined
Positive  100%  100% 1.00 1.00 1.00
Test Set
Total 1.00

CAM++ on images randomly sampled from the combined test set. As illustrated in the
examples of positive cases (Fig. 5, top row), the model consistently highlighted regions
corresponding to the fetal nuchal translucency (NT), which aligns with the areas obstetricians

typically focus on when assessing chromosomal abnormalities. Similarly, for negative cases

To evaluate the interpretability of our DenseNet121 model, we applied Smooth Grad-

(Fig. 5, bottom row), the model’s attention also remained around the nuchal region.
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Fig. 5 Examples of Smooth Grad-CAM-++ visualizations for randomly selected images of the

Negative

combined test set. Top row: CAMs for ground true positive cases (increased NT); Bottom

row: CAMs for ground true negative cases (normal NT).

1-5. Conclusion

In this project, we successfully developed a two-stage deep learning model to assist in the
early screening of increased NT from first-trimester fetal ultrasound images. By integrating the
lightweight YOLO11n for fetal head localization and DenseNet121 for NT classification, our
framework effectively mirrors the clinical workflow while maintaining high performance and
interpretability. The model demonstrated excellent accuracy, precision, recall, and AUC on
both the training and the combined test datasets. Importantly, CAM visualizations showed that

the model consistently focus on clinically relevant NT regions, further validating its reliability.

Looking ahead, this system holds strong potential for real-time clinical integration.
However, our current software-only implementation on CPU suffers from noticeable delays
when processing video inputs. Future work will therefore explore more lightweight yet accurate
network architectures and consider hardware-level acceleration strategies such as deploying
the model onto FPGA platforms to significantly reduce inference latency. These improvements
will help bridge the gap between research and practical deployment into clinical screening

support.
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3. Reflections

This project was my first time independently executing a comprehensive deep learning
pipeline from inception to completion. I did not expect the data preprocessing and YOLO
annotation stages to be so time-consuming. Nonetheless, witnessing the final model achieve

high performance proved to be immensely gratifying.



What brought me the greatest sense of fulfillment, however, was not just the performance
metrics, but the process of discovering and solving key problems. A particularly noteworthy
experience involved the realization that not all confirmed cases of Down syndrome exhibited
clearly increased NT in the ultrasound images. In fact, some affected fetuses appeared almost
indistinguishable from normal cases. Through repeated communication with our collaborating
obstetrician, we clarified that these cases had not been identified during imaging but were

subsequently diagnosed through more invasive screening techniques.

Upon reflection, I realized that this phenomenon is not unique to Down syndrome. In many
diseases, it is common to see individuals with the same diagnosis exhibiting a wide spectrum
of symptoms—some may be asymptomatic or have only mild signs, while others display more
severe manifestations. Applying this perspective to fetal ultrasound imaging, it became clear
that not all fetuses with Down syndrome would necessarily present with increased NT. I found
this variation particularly fascinating, as it illustrates the complexity and heterogeneity of life,

even in prenatal stages.

I would like to express my sincere gratitude to my advisor for offering such an interesting
and meaningful research topic, and for consistently showing concern for our academic
workload in other courses. I am also deeply thankful to the collaborating obstetricians for
providing valuable data that made this project possible.

4. Al Usage Statement

Parts of this report were generated with the assistance of artificial intelligence (Al) tools.
Specifically, Al was used to translate original Chinese sentences into English or to refine the
wording of prewritten English sentences.



