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SUMMARY
Enlarged fetal heart conditions may indicate congenital heart diseases or other complications, making early
detection through prenatal ultrasound essential. However, manual assessments by sonographers are often
subjective, time-consuming, and inconsistent. This paper proposes a deep learning approach using the You
Only Look Once (YOLO) architecture to automate fetal heart enlargement assessment. Using a set of ultra-
sound videos, YOLOv8 with a CBAM module demonstrated superior performance compared to YOLOv11
with self-attention. Incorporating the ResNeXtBlock—a residual network with cardinality—additionally
enhanced accuracy and prediction consistency. The model exhibits strong capability in detecting fetal heart
enlargement, offering a reliable computer-aided tool for sonographers during prenatal screenings. Further
validation is required to confirm its clinical applicability. By improving early and accurate detection, this
approach has the potential to enhance prenatal care, facilitate timely interventions, and contribute to better
neonatal health outcomes.
INTRODUCTION

According to the data from the Global Burden of Disease Study

1990–2017, the prevalence of congenital heart disease (CHD) in

Southeast Asia reached 1.6%–1.7%.1 A study conducted at

Bhumibol Adulyadej Hospital in Thailand found that among 145

diabetic pregnant women, the prevalence of fetal myocardial hy-

pertrophy was 79.3%, highlighting a significant association be-

tween maternal diabetes and fetal heart enlargement.1 Malaysia

reported a birth prevalence of 6.7 per 1,000 live births, with a sig-

nificant proportion of severe cases, indicating a rising trend in

detecting heart anomalies.2 Indonesia has a population growth

rate of 1.39%, with 4.2–4.8 million babies born each year. Based

on this, it is estimated that 71,400 to 81,600 babies are born with

CHD in Indonesia annually.3,4 Despite this, the cases of enlarged

fetal heart remain limited.

Fetal heart enlargement, also known as fetal cardiomegaly, re-

fers to an abnormal increase in the size of the fetal heart. This

condition can arise from various causes, including congenital

cardiac anomalies, twin-pregnancy-related complications, fetal

dilated cardiomyopathies, abnormal shunting, fetal arteriove-

nous malformations, and placental chorioangioma.2,4 The exact

prevalence of fetal cardiomegaly is not well documented, as it is

a relatively rare condition. It is often identified during routine pre-

natal ultrasounds, and its prevalence may vary depending on the
iScience 28, 112288, M
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population and the availability of prenatal care.1 The enlarge-

ment typically involves the right-sided chambers, with the right

atrium being involved in approximately 90% of cases.3 Fetal

heart enlargement can be diagnosed through prenatal ultra-

sound and echocardiography, which help identify the underlying

causes and assess the severity of the conditions.5–7 Early detec-

tion and intervention can significantly improve the prognosis for

the fetus and potentially prevent complications during birth and

beyond.4

Diagnosing an enlarged fetal heart typically involves

measuring the size of the heart relative to the size of the chest

on an ultrasound. Two ways of measuring the fetal heart condi-

tion are cardiothoracic ratio (CTR) and ‘‘cardiothoracic (C/T)’’

circumference ratio.8 The CTR and the C/T circumference ratio

both assess the relationship between the fetal heart and the

chest size, but they measure different parameters.7 The fetal

CTR measures the ratio of the transverse diameter of the heart

to the transverse diameter of the chest, whereas the fetal C/T

circumference ratio measures the ratio of the circumference of

the heart to the circumference of the chest.7,9,10 However, the ra-

tio of the cardiac circumference to the thoracic circumference is

more easily measured on fetal ultrasound/echocardiography.10

Classically, the C/T circumference ratio should be always <0.5

throughout gestation.11 It slowly increases throughout gestation,

such as �11 weeks: 0.38 and �17–20 weeks: 0.45.11
ay 16, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
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Measuring the fetal heart manually using the C/T circum-

ference ratio is a particularly challenging task due to several

factors12,13: (1) the fetal heart has intricate anatomy with

small and closely packed structures, making it difficult to

identify and trace the boundaries accurately; (2) shadows

cast by the fetal sternum can obscure parts of the heart

and chest, leading to incomplete or inaccurate measure-

ments of the circumferences; (3) ultrasound images often

contain speckle noise and artifacts, which can distort the

appearance of anatomical structures and make it challenging

to delineate the heart and chest accurately; (4) the fetus can

move during the ultrasound examination, causing blurring

and making it difficult to capture a clear and static image

for measurement; and (5) the quality of ultrasound images

can vary depending on the equipment used, the skill of the

sonographer, and the specific conditions of the scan,

affecting the accuracy of manual measurements. Hence,

developing an automated system to accurately measure

the fetal heart size is highly desirable.

Deep learning (DL) has been applied in the field of fetal

echocardiography for various tasks, including standard

plane identification from a sequence of fetal heart im-

ages,14,15 detection of abnormal structures,16,17 segmenta-

tion of cardiac structures,18–21 and detection of prenatal

CHD.22 In particular, on heart enlargement conditions, the

previous DL studies have proposed to support the clinical

decision using ultrasound medical images.23–25 However,

all previously developed DL-based methods have been spe-

cifically designed for detecting abnormal conditions in adult

cardiac structures. A DL model for assessing fetal heart

enlargement has yet to be explored.

Recent research demonstrates that image processing

analysis with attention module mechanisms can significantly

enhance the performance of DL-based segmentation and

detection models by focusing on relevant patterns within ob-

jects.26–28 This is achieved by improving the feature extrac-

tion capabilities of convolutional networks, particularly on

important features of small objects within large datasets.28,29

One such attention module is the Convolution Block Atten-

tion Module (CBAM),30,31 which indicates good performance

to enhance important features in the complex background

of medical imaging and is suitable for fetal heart ultra-

sound.32,33 However, attention mechanisms like CBAM

generally perform better with large datasets. Medical imag-

ing often faces data limitations due to privacy constraints

and labeling costs, which might restrict CBAM’s potential if

the dataset lacks diversity. To improve feature learning by

facilitating gradient flow and enhancing feature extraction,

the residual blocks specifically improve CBAM in some appli-

cations. Residual connections allow the network to learn re-

sidual mappings rather than directly trying to map inputs to

outputs, making it easier to capture relevant features.

CBAM, when combined with feature learning, can focus

more on essential features and ignore irrelevant ones.34–37

This study develops a custom architecture that combines

the object-detection-based segmentation model and CBAM

with residual block to improve model performance. By insert-

ing CBAM with residual block into strategic locations within
2 iScience 28, 112288, May 16, 2025
the YOLO network, we can enhance the ability to focus on

relevant features, potentially improving ultrasound image

detection performance. The contribution of our study is as

follows:

(1) Developing a DL-based segmentation model for auto-

matic identification of enlarged fetal heart.

(2) Proposing a custom architecture for fetal heart segmenta-

tion with an attention module with residual block to

improve feature extraction.

(3) Evaluating the proposed model with unseen ultrasound

images.
Related study
Prenatal ultrasound diagnosis of the fetal heart can assist inmak-

ing clinical decisions and improve neonatal outcomes.23 Howev-

er, when identifying complex abnormal fetal heart anatomy,6

detecting and localizing lesions precisely is difficult and time-

consuming due to the activity of the fetus, the faster heart

beating, the smaller heart size than adults, and the high require-

ment for expertise.12,19,20,22 Moreover, in countries or regions

lacking well-established healthcare systems like Indonesia,

advanced echocardiographic equipment, and experienced

technicians or specialists, prenatal CHD has a high rate of

missed diagnosis, which can lead to delayed treatment and a

poorer prognosis. The combination of artificial intelligence (AI)

and traditional ultrasound is expected to alleviate the abovemen-

tioned problems.38–41 AI techniques have made significant prog-

ress in assessing cardiac structure and function. DL, one of the

AI approaches, has made remarkable progress in the field of

medical image analysis because of its powerful ability to auton-

omously learn image features.27,40,41 Such a method has been

applied in the field of fetal echocardiography for various

tasks.21,23,24,29

In recent years, DL techniques have made substantial prog-

ress in the assessment of fetal heart structure and function. To

address the low prenatal detection rate of CHDs, a multi-scale

gated axial-transformer network has been proposed to extract

robust and discriminative representations from ultrasound im-

ages.38 Comprehensive experimental results demonstrate that

the proposed model effectively recognizes fetal CHD, achieving

a precision of 95.92%, a recall of 94%, an accuracy of 95%, and

an F1 score of 94.95% on the test set.38 An intelligent feature-

learning detection system with a multistage residual hybrid

attention module has been developed to detect the four cham-

bers of the heart. This system achieves a precision of 0.919, a

recall of 0.971, an F1 score of 0.944, a mean average precision

(mAP) of 0.953, and operates at 43 frames per second.39 A

stacked residual dense network model has been presented to

generate an automatic echocardiographic interpretation by us-

ing segmentation of the entire region of the cardiac and classi-

fying the defect positions. The classification of defect positions

using unseen data had approximately 92.27% accuracy,

94.33% specificity, and 92.05% sensitivity.40 An ensemble of

neural networks based on supervised learning has been pro-

posed to explore and identify specific cardiac views. Such a

model used a separate model to differentiate between structur-

ally normal hearts and complex CHDs. They were achieved with



Table 1. The performance results of the HC and CC instance segmentation for fetal heart

Set Metrics Class

Performance results (%)

YOLOv8 YOLOv8.2 YOLOv8 and CBAM YOLOv9 YOLOv11

Validation mAP All 95.50 98.45 99.50 98.01 99.50

HC 92.20 97.40 99.50 98.50 99.50

CC 93.50 99.50 99.50 97.50 99.50

IoU All 67.53 73.38 80.52 68.41 72.22

HC 66.03 74.24 78.69 66.31 66.69

CC 69.04 72.53 82.36 70.51 77.76

Testing mAP All 67.70 70.40 84.10 68.41 88.10

HC 81.70 98.88 89.50 82.80 76.80

CC 53.70 41.90 78.70 74.20 99.50

IoU All 49.31 58.64 64.14 25.93 52.66

HC 56.58 64.08 68.98 24.20 56.00

CC 42.04 53.20 53.30 27.66 47.88
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an area under the curve of 0.99, sensitivity of 95%, and speci-

ficity of 96%, which is comparable to expert human clinician per-

formance.41 As an alternative approach, Sulas et al. have inves-

tigated the use of neural networks to automatically interpret

pulsed-wave Doppler traces on the left ventricular inflow and

outflow. They postulate that this might be an alternative method

of quantifying cardiac time intervals, given the difficulties in ob-

taining fetal electrocardiographic data, although the utility of

this technique in identifying fetal disease has not been tested.42

Detecting CHDs using DL has shown significant progress,

driven by the relatively higher prevalence of these conditions

and the availability of extensive datasets for model training.

In contrast, identifying fetal cardiomegaly poses distinct

challenges due to its rarity and the variability in its presenta-

tion.43 The limited number of cases means that DL models

designed specifically for detecting cardiomegaly often

lack sufficient data to achieve high performance and gener-

alizability. Most studies have concentrated on heart segmen-

tation in adult cases of cardiomegaly, but few have focused

on cardiomegaly in fetuses. Fetal cardiomegaly is an excep-

tionally rare condition with a relatively low prevalence, as it is

generally associated with specific underlying health issues.

Although comprehensive population data on fetal cardiome-

galy is scarce, estimates indicate that it affects approxi-
Figure 1. The training and validation loss of YOLOv8, YOLOv8.2, YOLO
mately 0.05%–0.1% of pregnancies, varying by geographic

location and diagnostic criteria. Undetected fetal cardiome-

galy can lead to significant health complications for the child

post-birth, highlighting the need for a thorough investigation.

Therefore, an in-depth study of fetal heart enlargement is

essential to enhance detection and improve outcomes.

RESULTS

YOLO with CBAM
This study has experimented with the YOLOv8, YOLOv8.2,

YOLOv9, and YOLOv11 to make the result analysis compre-

hensive.44 The YOLO algorithm excels in instance segmenta-

tion, which entails identifying and outlining individual objects

within an image. There are 356, 48, and 24 fetal heart ultra-

sound images for training, validation, and testing (unseen)

sets. The results, including the predictions generated by

each model, their corresponding ground truths, and predic-

tion labels, are displayed in Table 1. In the validation set

for all classes, YOLOv8 with CBAM performed better than

the existing models in terms of mAP—with scores of

95.50% (YOLOv8), 98.45% (YOLOv8.2), and 98.01%

(YOLOv9). Also, YOLOv8 with CBAM performed better than

the existing models in terms of IoU—with scores of 67.53%
v8 with CBAM, YOLOv9, and YOLOv11
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Figure 2. Representative examples of the HC and CC segmentation by the existing models

(A and B) validation set and (C and D) testing set.
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(YOLOv8), 73.38% (YOLOv8.2), and 68.41% (YOLOv9). In

addition, for the testing set, YOLOv8 with CBAM has also

outperformed in terms of mAP and IoU. YOLOv8 with

CBAM integrates channel and spatial attention mechanisms

to efficiently highlight important features in fetal heart ultra-

sound images while minimizing unnecessary noise. This

combined attention approach significantly improves detec-

tion accuracy and efficiency, particularly in intricate and

changing ultrasonography, making CBAM a crucial compo-

nent in advanced image-based fetal heart enlargement

detection.

To evaluate its performance, the proposed model was also

tested against YOLOv11. YOLOv11 is the latest series of real-

time object detectors that enhances feature extraction capabil-
4 iScience 28, 112288, May 16, 2025
ities for more precise object detection and complex task

performance. Such model incorporates a self-attention mecha-

nism known as the Cross-Stage Partial with Spatial Attention

(C2PSA). This mechanism is designed to enhance feature rep-

resentation by selectively focusing on spatially significant re-

gions within the input data, improving the model’s ability to

detect and localize objects with higher precision. As shown in

Table 1, although both models achieved an equivalent mAP

of 99.50% during training, the proposed model’s mAP was

4% lower during testing. However, YOLOv8 with CBAM out-

performed YOLOv11 in IoU during both validation and

testing, achieving 8% and 12% higher scores, respectively.

These results indicate that the proposed model, with its higher

IoU, produces segmentation results with greater accuracy in



Algorithm 1.Medical_Rules_Fetal_Heart_Enlargement_Condition

Input: chest_cavity_segment, heart_circle_segment

Output: "Fetal Heart Enlargement" or "Normal"

BEGIN

# Function to calculate IoU between two bounding boxes function

calculate_IoU(box1, box2):

x1_min, y1_min, x1_max, y1_max ) box1

x2_min, y2_min, x2_max, y2_max ) box2

x_inter_min ) max(x1_min, x2_min)

y_inter_min ) max(y1_min, y2_min)

x_inter_max ) min(x1_max, x2_max)

y_inter_max ) min(y1_max, y2_max)

inter_width ) max(0, x_inter_max - x_inter_min)

inter_height ) max(0, y_inter_max - y_inter_min)

inter_area ) inter_width * inter_height

box1_area ) (x1_max - x1_min) * (y1_max - y1_min)

box2_area ) (x2_max - x2_min) * (y2_max - y2_min)

union_area ) box1_area + box2_area - inter_area

IoU ) inter_area/union_area

return IoU

# Calculate IoU between CC and HC

IOU ) calculate_IoU(chest_cavity_box, heart_circle_box)

# Check if the IoU is greater than 0.3

if IOU > 0.3 then

return "Fetal Heart Enlargement"

else

return "Normal"

END
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delineating object boundaries, leading to more precise and reli-

able predictions.

Figure 1 presented the learning curves for the training and

validation loss in YOLOv8, YOLOv8.2, and YOLOv8 with

CBAM, YOLOv9, and YOLOv11 models. A learning curve

was derived from the training dataset, providing insight into

the model’s learning progress, and from a hold-out validation

dataset, offering insight into the model’s generalization

capability. As seen in Figure 1, a training and validation

loss for YOLOv8 with CBAM model decreases to a point of

stability, with a minimal gap between the two final loss

values. The performance of the proposed model changes

gradually and consistently as it goes through training. Such

model on validation loss curve shows a smooth learning

curve that suggests the model is learning in a stable and

consistent manner. The results of YOLOv8, YOLOv8.2, and

YOLOv8 with CBAM, YOLOv9, and YOLOv11, along with

the corresponding ground truths and prediction labels, are

shown in Figure 2, for validation and testing set, respectively.

The red circle of ground truth represents the head circumfer-

ence (HC). YOLOv8 with CBAM mostly successfully detect

the fetal heart enlargement, where IoU value between chest

circumference (CC) and HC is more than 0.3. Analysis of

instance segmentation results on fetal heart ultrasound im-

ages is effective for YOLOv8 with CBAM in detecting fetal

heart enlargement.

To measure fetal heart enlargement, an IoU value can be

used. By using Algorithm 1, the normal and abnormal condi-

tion is decided. The normal condition is achieved, if the cen-

troids of the CC and HC are far apart; it generally indicates
that the heart is appropriately sized and positioned within

the chest cavity. Although the heart enlargement condition

is decided, if the centroids of the CC and HC are close

together, it suggests that the heart is enlarged, potentially

indicating swelling or other abnormalities. This method pro-

vides a quantitative way to assess the relative size and posi-

tioning of the fetal heart within the chest cavity, helping to

detect signs of fetal heart enlargement. It can be observed

in Figure 3 that IoU of YOLOv8 with CBAM (Algorithm 2) rea-

ches 0.33 and the distance between CC and HC centroid is

close to around 13.81, and the other IoU is about 0.38 and

the distance between CC and HC centroid is close to around

19.91. It means the fetal heart is enlarged, because the HC is

close to the CC. Similarly, YOLOv8 with CBAM, which has

an IoU value of 0.14 and a distance of approximately 60.92

between the CC and HC centroids, indicates that the fetal

heart is normal. This is because the ratio involving HC is

small, leading to a greater distance between the two

centroids.

Some examples of frames that failed detection can be seen in

Figure 4, clearly indicating that the decisions made by the pro-

posed model were incorrect. Ultrasound, the primary imaging

modality for fetal assessment, has limitations in resolution and

image quality.15,17 Factors like the position of the fetus, maternal

body habitus, and the quality of the ultrasound machine can

affect the clarity of the images.6,45 Additionally, measuring the

exact size of the heart on ultrasound can be challenging due to

the small movement of the fetus.46 Fetal heart enlargement

can be a nonspecific finding and may be associated with a

wide range of underlying conditions, such as fetal anemia, heart

defects, or infections.47,48 This makes it harder to detect and

interpret as a singular finding, as it requires correlation with other

clinical and ultrasound findings. The segmentation process on

unseen data evaluates the proposed model’s prediction accu-

racy for each frame, ensuring its ability to generalize beyond

the training dataset. By incorporating the CBAM, the YOLOv8

model demonstrates enhanced performance on unseen inputs.

Without CBAM, YOLOv8 correctly predicts 12 frames and incor-

rectly predicts 12, achieving an accuracy of 53.84%.With CBAM

integration, the model correctly predicts 16 frames, increasing

accuracy to 66.67% (Table 2).

To validate our approach, we also tested the latest

YOLOv9 and YOLOv11 models. As shown in Table 2,

YOLOv8 with CBAM outperformed these models in predic-

tion accuracy and reliability. Specifically, YOLOv8 with

CBAM achieved superior IoU, resulting in only eight false

negatives (FNs) compared to 12 errors for both YOLOv9

and YOLOv11. The higher IoU enabled the model to more

accurately delineate object boundaries, providing precise

heart size measurements. Minimizing the FN rate is critical

in detecting fetal heart enlargement, as missed diagnoses

pose significant risks. The reduced FN rate of our proposed

model reflects its robust capability to reliably identify cases

of heart enlargement, thus improving diagnostic confidence.

The results demonstrate that our model effectively general-

izes to unseen data, learning new patterns in fetal

heart images and offering reliable performance for clinical

applications.
iScience 28, 112288, May 16, 2025 5



Algorithm 2. Convolutional Block Attention Module (CBAM)

Input:

d x: feature map (tensor) extracted from the input image

d channels: number of channels in the feature map x

Figure 3. The visualization used to assist in making decisions about an enlarged fetal heart
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YOLOv8 with CBAM demonstrates an improved ability to pre-

dict the fetal heart’s enlargement, even in cases where YOLOv8,

YOLOv8.2, YOLOv9, and YOLOv11 fail (Figure 5). However, un-

der normal conditions, all models are successful in detection.

CBAM enhances YOLOv8 by focusing on crucial channels and

spatial regions, leading to improved detection accuracy. By

concentrating on essential spatial features, CBAM also aids

the model in better localizing objects, particularly useful for de-

tecting small or overlapping objects. The difficulty in recognizing

the fetal heart may be due to its small size and the presence of a

complex, dark background.15,17
d r: reduction ratio for the channel attention module
Output: "Feature map with applied channel-wise and spatial

attention"

BEGIN

function CBAM(x, channels, r)

# Initialize modules

cam = ChannelAttention(channels, r)

sam = SpatialAttention()

# Channel attention

channel_attention_map = cam(x)

x = x * channel_attention_map

# Spatial attention

spatial_attention_map = sam(x)

x = x * spatial_attention_map

return x

end function

END
Improved CBAM with residual network block
In this study, we use the attention mechanism because it can

be easily incorporated into YOLO architectures by wrapping

convolutional blocks, allowing the model to learn which parts

of the input are more relevant to the given task. However,

this model produces errors in some images, which can reduce

the performance of the proposed model (Table 2). To enhance

the performance of the attention mechanism, a residual block

(ResBlock) architecture is integrated with CBAM.44,49,50 Now,

the attention mechanism has a ResBlock. This helps prevent

gradient vanishing and improves information flow in deeper

networks.44 This hybrid block leverages the residual structure

while incorporating attention maps to refine feature represen-

tations, allowing the model to selectively enhance relevant
6 iScience 28, 112288, May 16, 2025
parts of the input and suppress irrelevant details.49 The

custom architecture of our proposed model is named

ResNeXt. The CBAM block structure in Figure 6 is replaced

with ResNeXt block with the structure as seen in Figure 7 in

YOLO backbone.



Figure 4. The sample frames with wrong decision
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ResNeXt is an extension of the Residual Network architecture

that introduces the concept of cardinality. In ResNeXt, features

are processed by dividing them into multiple parallel network

paths, each undergoing a transformation process through iden-

tical layer configurations but with distinct parameters. These

paths are then recombined through summation.31 This cardinal

mechanism enhances learning capacity without substantially

increasing computational complexity.32 Each ResNeXt block in-

corporates three convolutional processes with different kernel

sizes, and the outputs from these paths are aggregated and

then added back to the input feature via a shortcut connection,

similar to the residual mechanism in ResNet. This approach

allows efficient data processing, leading to improved generaliza-

tion capabilities.32 By using ResNeXtBlock and CBAM,

enhancing each block’s capacity for selective feature attention,

and improving the overall model performance. The results indi-

cate significant improvements with the use of unseen data.

The overall mAP performance using ResNeXtBlock and CBAM

increased from 84.10% to 88.90%, whereas the IoU value

improved from 64.14% to 77.40% (Table 3). Additionally, the

performance of the Yolov8 with ResNeXtBlockCBAM model

saw a reduction in prediction errors, decreasing from 50% to

25% (Table 4). The predictions result using the proposed model

indicate that ResNeXt block contributes robust feature extrac-

tion, whereas CBAM helps filter out irrelevant details, both of

which significantly enhance the accuracy in YOLO object detec-

tion tasks (Figure 8). By using such combination, this fine-

grained attention helps improve accuracy by allowing the

model to emphasize key object regions, especially in

cluttered or high-density images like fetal heart object. It can

be observed that five models failed to detect the presence
Table 2. Prediction results with unseen data

Notation YOLOv8.0 YOLOv8.2 YOLOv8.

Frames True False True False True

Validation 50 18 51 17 52

Testing 12 12 13 11 16
of cardiomegaly condition, whereas YOLOv8 with ResNeXt-

Block and CBAM successfully identified the condition with satis-

factory performance, achieving confidence values above 90%

(Figure 9).

DISCUSSION

Generalization ability
To ensure that the proposed ‘‘YOLOv8 and CBAM’’ model

achieves good generalization ability, we evaluated it using

K-fold validation, where the dataset was split into K subsets

(folds) with K=10. The most appropriate comparison during

testing was with YOLOv11, as it represents the latest

YOLO architecture incorporating self-attention mechanisms.

The model was trained multiple times, with the validation

set rotating across different folds in each iteration. This

approach helps in reducing bias and improving model reli-

ability. The results indicate the YOLOv8 with CBAM model

achieved an average AP of 68.12% for CC and 97.4% for

HC, whereas the YOLOv11 model achieved a higher average

AP of 72.99% for CC and 98.76% for HC (refer to Table 5).

Despite the lower mAP, YOLOv8 with CBAM might still offer

advantages in terms of IoU. The model attained IoU scores of

73.58% for HC and 47.42% for CC, PA values of 81.39% for

HC and 65.40% for CC, and confidence scores of 89.95% for

CC and 83.78% for HC. In contrast, YOLOv11 achieved

slightly lower IoU scores of 71.09% for HC and 47.46% for

CC, PA values of 79.25% for HC and 64.88% for CC, and

confidence scores of 86.69% for CC and 77.24% for HC,

despite achieving higher AP values (refer to Table 6). In fetal

heart organ segmentation for cardiomegaly assessment, a
0 and CBAM YOLOv9 YOLOv11.0

False True False True False

16 51 17 52 16

8 12 12 12 12
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Figure 5. The decision with unseen data
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high IoU is crucial due to the heart’s small size and dynamic

shape. The model must accurately detect the boundaries of

the CC and HC areas with high precision. A low IoU may

cause misalignment in the bounding box or mask, potentially

leading to incorrect clinical decisions.

Benchmarking against other datasets
To evaluate the proposed model’s performance across diverse

environments, we tested it using an independent dataset

comprising fetal ultrasound images of various organs. The data
Figure 6. The proposed architecture

8 iScience 28, 112288, May 16, 2025
include 12,400 two-dimensional images from 896 pregnant

women, which was divided into five objects, i.e., thorax,

femur, abdomen, brain, and head. In our experiment, we

compared several YOLO models, i.e., YOLOv7, YOLOv8,

YOLOv8 with CBAM, YOLOv8 with ResBlockCBAM, YOLOv8

with ResNeXtBlockCBAM, YOLOv9, YOLOv9 with CBAM, and

YOLOv11, including cross-stage partial with spatial attention

module. It can be seen by using the proposed YOLOv8 and

CBAM, it still produces good performance. The resulting mAP

is 99.50% for fetal heart enlargement and 95.10% for fetal organ,



Figure 7. ResNeXtBlock and CBAM structure
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meaning that the proposedmodel can identify or classify objects

in the dataset very well (Table 7). The proposed YOLOv8 with

CBAMmodel, compared to YOLOv11 with a self-attention mod-

ule, achieved a nearly equivalent mAP value but produced an IoU

score that was 2% higher. It means the model has more accu-

rately localized the object within the image. These results sug-

gest that YOLOv8 with CBAM provides a robust foundation for

integrating computer vision into healthcare applications. By of-

fering reliable predictions, this approach can support healthcare

providers in making timely, informed decisions and improving

patient outcomes.
Benchmarking with existing studies
Recent studies have focused on the segmentation of the fetal

heart from ultrasound videos49,51 in Table 8. Yan et al.49 exam-

ined the segmentation of critical fetal heart structures, including

the pulmonary artery, aorta, and superior vena cava, using the
Table 3. Performance comparison of YOLOv8 and CBAM with

residual network

Validation

Metrics Class YOLOv8

with CBAM

YOLOv8 with

ResBlockCBAM

YOLOv8 with

ResNeXt

BlockCBAM

mAP All 99.50 95.50 95.59

HC 99.50 99.50 99.50

CC 99.50 91.50 92.40

IoU All 80.52 81.50 80.80

HC 78.69 71.50 69.20

CC 82.36 91.50 92.40

Testing

mAP All 84.10 86.70 88.90

HC 89.50 89.10 91.30

CC 78.70 84.40 86.60

IoU ALL 64.14 76.10 77.40

HC 68.98 71.80 72.60

CC 53.30 80.40 82.20
ultrasound three vessel view (3VV). They employed YOLOv5

and Deeplabv3 in their approach. The proposed framework

demonstrated strong performance, achieving an average IoU

value of 74.51% across all three vessels (3V). Both studies

highlight the advancements in DL models for fetal heart seg-

mentation, underscoring their potential to enhance prenatal

care by providing more accurate and reliable assessments dur-

ing ultrasound screenings. Balasubramani et al.51 introduced

the YOLOv8n segmentation model specifically for the left

ventricle (LV) in echocardiogram images. This model achieved

a mAP of 98.31% at a 50% IoU threshold (mAP50) and a

mAP of 75.27% across IoU thresholds ranging from 50% to

95% (mAP50:95). The architecture of YOLOv8n-seg for LV seg-

mentation was significantly improved through their work. In

another study, however, these studies are somewhat limited

in scope, focusing only on specific structures like the LV or

the pulmonary artery, aorta, and superior vena cava. In this

study, we propose an approach combining YOLOv8 with

ResNeXtBlock and CBAM for segmenting the fetal heart from

ultrasound videos and to assess enlargement. Our model

achieved an mAP of 75.27% at a 50% IoU threshold (mAP50)

and an IoU of 64.14%. These results indicate a robust perfor-

mance in detecting fetal heart enlargement, offering a reliable

tool to assist sonographers with initial computer-aided assess-

ments during prenatal screenings. This proposed model

not only builds upon the existing methodologies but also

expands the scope of segmentation to include fetal heart

enlargement and other fetal organ objects, thereby addressing

the limitations of previous studies. By incorporating advanced

techniques, YOLOv8 with ResNeXtBlock and CBAM, our model
Table 4. The prediction result

Prediction

Result

YOLOv8

with CBAM

YOLOv8 with

ResBlockCBAM

YOLOv8 with

ResNeXt

BlockCBAM

Condition T F T F T F

Validation 42 6 43 5 46 2

Unseen 16 8 17 7 20 4

iScience 28, 112288, May 16, 2025 9



Figure 8. Confusion matrix of YOLOv8 with ResNeXtBlock and CBAM on validation and unseen dataset
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demonstrates improved accuracy and reliability, showcasing

significant potential for clinical applications in prenatal care.

Limitations of the study
In summary, recognizing structural abnormalities in fetal heart

enlargement is particularly challenging.6,8,15,47 The model’s ability

to predict these abnormalities is limited, so it must adhere to the

guidelines established by obstetrics and gynecology consul-

tants.7,11,45 The identification of an enlarged fetal heart by these

experts is crucial,29,30 and we incorporated this rule when devel-

oping the YOLOv8 model with ResNeXtBlock and CBAM.44,49

The DL algorithm demonstrated strong performance on commu-

nity-acquired images from a low-risk population, including lesions

it had not previously encountered. Additionally, when both the

model andblindedhumanexpertswere limited to reviewing stored

images—without the comprehensive set of images available to a

clinician during a live scan—the model outperformed the human

experts.19 Although the results obtained were satisfactory, this

study encountered several limitations such as the following:
Figure 9. The sample of YOLOv8 with ResNeXtBlock and CBAM performa

10 iScience 28, 112288, May 16, 2025
(1) The medical datasets, especially those involving rare

conditions like fetal heart enlargement, are often limited

in size, leading to an imbalance in the dataset. YOLO

might struggle to detect cardiomegaly accurately if

the model is biased toward more common classes

(e.g., normal heart) due to this imbalance. In this study,

we attempted to balance normal data with abnormal

conditions; however, adding more abnormal data

would provide a better testing environment.

(2) The added parameters using CBAM with the residual

network can increase the risk of overfitting, especially

on small datasets. This happens as the model may

become more specific to training features rather than

generalizing to new data. CBAM may amplify certain

noise patterns if they are mistakenly identified as impor-

tant features. This could reduce YOLOv8’s detection ac-

curacy in noisy or low-quality images.

(3) DL models are often considered ‘‘black boxes’’ beca-

use their decision-making processes are not easily
nce result



Table 5. mAP value for k = 10

mAP (%)

YoloV8 YoloV8.2 YOLOv8-CBAM YOLOv9 YOLOv11

Fold CC HC CC HC CC HC CC HC CC HC

1 57.3 86.2 46 97.7 99.5 99.5 49.4 95.5 75.3 93.5

2 59.4 98.6 50 87.5 99.5 99.5 62.5 92.6 83.1 99.1

3 54.9 92.2 54.6 66.66 99.5 99.5 77.3 92 81.6 99.3

4 57.6 81.8 39.9 95.4 90.2 92.7 82.6 99.3 59.1 99.5

5 54.4 84.8 59.3 67 27.8 99.5 59.1 99.5 68.5 99.5

6 55.4 88.8 70.1 94.8 72 93.6 63.6 88.2 83.1 99.1

7 56.5 94.8 63 82.8 54.4 95.5 44.3 89.1 59.1 99.5

8 54.4 84.8 50 86.5 38.3 97.5 50 79.89 68.5 99.5

9 55.4 88.8 63.18 63.8 56.8 97.2 49.8 88.33 83.1 99.1

10 56.5 94.8 58.6 63.6 43.2 99.5 55.23 80.01 68.5 99.5

Average 56.18 89.56 55.468 80.576 68.12 97.4 59.383 90.443 72.99 98.76
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interpretable. In medical applications, where understand-

ing why a model made a particular decision is crucial; this

lack of transparency can be a significant limitation for

solving in the future research.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be

directed to and will be fulfilled by the lead contact, Siti Nurmaini

(sitinurmaini@gmail.com).
Materials availability

This study did not generate new unique materials. The software and model are

available upon request to Siti Nurmaini (sitinurmaini@gmail.com) or at https://

github.com/ISySRGg/Fetal_Enlarge.
Data and code availability

d The dataset used in this study is available at https://github.com/

ISySRGg/Fetal_Enlarge/tree/main/dataset.
Table 6. Performance value for k = 10 Yolov8 and CBAM vs. Yolov1

YoloV8 + CBAM

IoU (%) PA (%) Confidence (%)

CC HC CC HC CC HC

74.56 51.81 84.68 65.42 74.56 51.81

78.38 48.19 84.84 65.16 78.38 48.19

77.14 47.07 84.54 65.44 77.14 47.07

75.76 47.71 84.48 65.49 75.76 47.71

70.32 44.70 75.48 65.77 70.32 44.70

66.70 50.36 76.07 65.35 66.70 50.36

66.72 46.73 75.61 65.22 66.72 46.73

69.98 48.22 78.81 65.08 69.98 48.22

77.46 44.63 84.69 65.61 77.46 44.63

78.80 42.80 84.66 65.50 78.80 42.80

Average

73.58 47.42 81.39 65.40 83.78 89.95
d The deep learning model and code for Computer-aided Assessment for

Enlarged Fetal Heart are available at https://github.com/ISySRGg/

Fetal_Enlarge/tree/main/dataset or upon request.

d Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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Table 7. The benchmarking studies

Model

mAP (%)

Fetal heart

enlargement

(two-classes)

Fetal Organ

(five-classes)

YOLOv7 87.60 80.51

YOLOv8 95.50 94.40

YOLOv8 with CBAM 99.50 95.10

YOLOv8 with

ResBlockCBAM

95.50 93.70

YOLOv8 with

ResNeXtBlockCBAM

95.59 94.20

YOLOv9 98.01 91.90

YOLOv9 with CBAM 99.00 94.00

YOLOv11 with cross-stage

partial with spatial

attention module

99.50 95.40
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Table 8. The benchmarking studies with the recent studies

Author Model

Performance (%)

mAP50 IoU

Yan et al.49 Yolov5 with Deeplabv3 – 74.51

Balasubramani et al.51 YOLOv8n-seg 98.31 –

This study YOLOv8 with

ResNeXtBlock

and CBAM

YOLOv8 and CBAM

95.59

99.50

80.80

80.52
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Software and algorithms

Computer-Aided Assessment for enlarged

fetal heart (Deep Learning Model)

This Paper https://github.com/ISySRGg/Fetal_Enlarge

Python Python software foundation 3.11

Tensor Flow Google, Google Brain 2.14

PyTorch Meta AI 2.5

GPU NVDIA Corporation GForce 2080 Ti 12 GB

CPU Intel Corporation i9-14900K

Memory G.Skil Corporation G.SKIL Trident Z GDDR 5 5600 Mhz

Operating System Mircrosoft Corporation Windows 11
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Numpy Open Source Code (Developed by: Travis

Oliphant and Matti Picus)

2.2
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2.2.3
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Cournapeau)

1.6

Matplotlib Open Source Code (Developed by: Michael
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Community)

0.13.2
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South Sumatera, Indonesia

https://github.com/ISySRGg/Fetal_

Enlarge/tree/main/dataset

DICOM (Digital Imaging and

Communications in Medicine)

NEMA (National Electrical Manufacturers

Association)

Standard for medical imaging
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Fetal enlargement dataset
The sample size of the study was calculated using the Equation 1:47

mk = 43
ð1 � kÞ
W2

k

�
ð1 � kÞð1 � 2kÞ + kð2 � kÞ

2pDisð1 � pDisÞ
�
z21� a

2�
(Equation 1)

where, Wk = IK range, k = precision (10%), and z = degree of confidence. This study uses a significance level of 0.05 and a

confidence interval of 95% (Za = 1.96). Thus, a minimum of 60 samples is required for the study. At Dr. Mohammad

Hoesin Hospital and Bunda Palembang, Indonesia, there were 1,537 deliveries in 2021, 1,628 in 2022, and 1,385 in 2023.

With an estimated prevalence of congenital heart defects at 9.3 per 1,000 live births, approximately 16 cases of congenital

heart defects are expected annually. This study will use consecutive sampling, inviting every potential respondent who meets

the inclusion criteria to participate. Based on available data, we identified only 10 pregnant women with an enlarged fetal

heart. To balance the dataset, we included 14 pregnant women with normal fetal hearts. The general characteristics of

the research subjects in each group are presented in Table 9. However, due to ultrasound quality issues, we were only

able to use 22 ultrasound videos, indicating that the number of pregnant women with an enlarged fetal heart condition is

limited. All participants were pregnant and self-identifying as female. Participants were also not selected based on race,

ethnicity, or ancestry. In addition, both male and female fetuses were included due to there is no inclusion or exclusion
iScience 28, 112288, May 16, 2025 e1
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criterion for fetal gender. The dataset used in this study is available at https://github.com/ISySRGg/Fetal_Enlarge/tree/main/

dataset.
Table 9. The general characteristic of the subject

Characteristics Frequency (n) Percentage (%)

Age (year)

20–35 19 79.17

> 35 5 20.83

IMT

Normal weight 5 20.83

Abnormal weight 19 79.17

Trimester

Second 9 37.5

Third 15 62.5

Gestation

1–4 23 95.83

>4 1 4.17

Parity

0 9 37.5

1–4 15 62.5

> 4 0 0

Abortion history

No 19 79.17

1 4 16.67

2 1 4.17

3 0 0

4 0 0
Data preparation
Ultrasound videos capturing fetal heart enlargement are scarce due to the difficulty in detecting such abnormalities in fetuses.

Each ultrasound video in this study corresponds to a unique case. To maintain the integrity of the evaluation, all images extracted

from a single video were exclusively assigned to one of three datasets: training, validation, or testing. A total of 22 ultrasound

videos were used: 9 videos of normal cases and 9 videos of cardiomegaly cases for training and validation, while 2 videos of

normal cases and 2 of cardiomegaly were reserved for testing. The full set of ultrasound videos was converted into 450 images,

capturing both fetal heart enlargement and normal conditions. The dataset was then divided into 356 images for training, 48 im-

ages for validation, and the remaining samples for testing. This approach prevents potential data leakage and enables the model

to be evaluated on completely unseen data from different cases, preserving the validity of the results. These ultrasound videos

were collected from Dr. Mohammad Hoesin General Hospital and Bunda Hospital in Palembang, Indonesia. The ultrasound video

recordings were saved in Digital Imaging and Communications in Medicine (DICOM) format, with durations ranging from 15 to 40

seconds and file sizes between two and 50 kilobytes (KB). All examinations were conducted using the GE Voluson V8 device,

measuring cardiac size by dividing the heart area (HA) by the chest area (CA). A sample of the ultrasound fetal heart videos for

both conditions is visualized in Figure 10.
e2 iScience 28, 112288, May 16, 2025
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Figure 10. The sample of fetal cardiac ultrasound images

(A) fetal heart enlargement and (B) normal.
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Data annotation
The ultrasound video is converted frame by frame using Python software to produce two-dimensional images. The labels consisted

of heart circumference (HC) in red color and chest cavity (CC) in green color annotations (Figure 11). The process of generating anno-

tation labels produces ground truth data, which involves using the Python LabelMe library to transform the images into semantic seg-

mentation. The resulting labels are saved through image thresholding and then converted into JavaScript Object Notation (.json). All

ground truth of ultrasound images is available in Joint Photographic Experts Group (.jpeg/jpg) format. The annotation process was

supervised and validated by a fetomaternal specialist from Bunda Hospital, Indonesia, with over 15 years of experience. The fetal

cardiothoracic (C/T) circumference ratio is used to assess fetal heart size by fetomaternal specialists. In this study, we estimate

the size of the fetal heart concerning the CC. If the fetal heart experiences fetal heart enlargement, the heart size will increase

near the CC.
Figure 11. Fetal heart annotation

The green color is the CC, and the red color is the HC
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METHOD DETAILS

The research methodology of this study describes the techniques and procedures used to identify and analyze fetal heart conditions

based on the DL model. The whole explanation of the methodology is described as follows.

The proposed architecture
Regarding fetal heart ultrasound, the CC is crucial for evaluating the chest region, as it helps examiners identify the orientation

and size of structures within the chest, which are essential for fetal prognosis. The CC and HC localization with instance seg-

mentation is necessary, which it is not only provides the classes of the CC and HC objects but also provides the location of the

CC and HC objects that have been classified. In this study, we experimented with and proposed YOLOv8 with Convolutional

Block Attention Module (CBAM) to enhance the instance segmentation accuracy of the CC in fetal heart ultrasound images.

The hyperparameter of the YOLOv8.0 model includes 200 epochs, a batch size of 4, and an SGD optimizer with a learning

rate of 0.01 (Figure 6).

By delivering precise bounding boxes and accurate masks, YOLOv8 is an excellent choice for tasks demanding pixel-level anal-

ysis.49 Detecting the CC and HC localization in the fetal heart presents a notable challenge for detection algorithms. To tackle this

issue, the current study suggests incorporating the CBAM attention mechanism during the feature extraction phase of YOLOv8.

CBAM integrates channel and spatial attentionmechanisms, enabling effective identification of crucial image features while reducing

irrelevant noise (refer to Algorithm 2). This dual attention mechanism significantly improves detection accuracy and efficiency, partic-

ularly for intricate and small fetal heart structures. Consequently, CBAM emerges as a crucial component in advanced fetal heart

ultrasound object detection systems.

Fetal heart decision
The fetal heart enlargement and normal condition decision-making based on IoU value are developed based on medical knowledge

consisting of (refer to Algorithm 1):

(1) Enlarged fetal heart: if the IoU value between CC and HC is more than 0.3, and

(2) If the knowledge-based decision is not fulfilled, then the class-predicted is a normal heart.

Platform
The experiment works on Intel(R) Core(TM) i9-14900K(32 CPUs), -3.2GHz RAM, and using NVIDIA GeForce RTX 2080 Ti. All exper-

iments were run onWindows 11 Pro 64 Bit, Python code using VS Code, Pytorch, Numpy, Pandas, ScikitLearn, Matplotlib, Seaborn,

and Roboflow were used (all details have mentioned in key resources table).

QUANTIFICATION AND STATISTICAL ANALYSIS

The evaluation metrics for an object detection model measure its proficiency in correctly identifying and pinpointing objects within an

image. We have used intersection over union (IoU) and mean average precision (mAP) for the performance evaluation of CC and HC

detection. The accuracy metric IoU (known as the Jaccard Index) evaluates the overlap between two bounding boxes—the

predicted one and the ground truth box. IoU for comparing the similarity between two arbitrary shapes A;B4S˛Rn is attained

by Equation 2:20,50

IoU =
jAXBj
jAWBj (Equation 2)

where A is the ground truth, and B is the prediction of the output image. By comparing the IoU with a specified threshold t, We can

determine whether a detection is correct or incorrect. If IoU R t, The detection is considered correct; if IoU < t, The detection is

considered incorrect. The choice of IoU as the primary metric for segmentation in this study is based on its direct interpretation

and effectiveness in evaluating the overlap of CC and HC in decision-making process based onmedical rules. IoUmeasures the ratio

of the intersection of the predicted and true segmentation areas to their union, making it a suitable metric for assessing how well the

model captures the overall shape and area of the target region. ThemAP is ametric used tomeasure the accuracy of object detectors

across all classes. ThemAP takes into account precision and recall for different IoU thresholds and object classes, with a higher mAP

indicating better overall model performance, with the formula as follows52:

mAP =
1

N

XN
i = 1

APi (Equation 3)

with APi being the average precision in the i-th class and N Is the total number of classes being evaluated.
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ADDITIONAL RESOURCES

This study received approval from the Health Research Ethics Committee of Central General Hospital Dr. MohammadHoesin Palem-

bang, Indonesia, under ethical certificate No. 18/keprsmh/2022. The procedures adhered to the principles of the Declaration of Hel-

sinki and International Ethical Guidelines for Biomedical Research Involving Human Subjects.53 Written informed consent to partic-

ipate in the study was obtained from the parents, legal guardian or next of kin of the participants (men and women). Detailed

information about the examination procedures and objectives was provided to all research subjects. Subsequently, their participa-

tion in the research was sought through the signing of a consent form, indicating their agreement to take part. It is important to note

that research subjects participated voluntarily and retained the right to withdraw from the study at any point.
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