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ABSTRACT Automated classification of fetal movements in ultrasound (US) videos is critical for assessing
fetal well-being and detecting potential complications during pregnancy. This study introduces FetalMovNet,
a novel deep learning model that incorporates an attention mechanism to improve the classification of
fetal movement in US video sequences. The model integrates convolutional neural networks (CNN) for
feature extraction and an attention mechanism to capture spatio-temporal patterns, significantly improving
classification performance of fetal movements. To evaluate FetalMovNet, we construct a new dataset
containing fetal movements in US across seven different anatomical structures-head, body, arm, hand, heart,
leg, and foot. Experimental results show that FetalMovNet achieves an accuracy of 0.9887, precision of
0.9871, recall of 0.9910, and an F1-score of 0.9891, outperforming state-of-the-art CNN and CNN-LSTM
architectures. Ablation studies confirm the effectiveness of the attention mechanism, with FetalMovNet
achieving an area under curve (AUC) score of 0.9957, compared to 0.9471 for CNN and 0.9543 for CNN-
LSTM. The proposed FetalMovNet model provides a robust and clinically applicable tool for real-time fetal
movement monitoring, reducing the need for manual assessment and improving prenatal care.

INDEX TERMS Fetus, fetal movement detection, US video, deep learning, CNN, attention mechanism.

I. INTRODUCTION
The assessment of fetal movements is a crucial aspect of
prenatal care, serving as an important indicator of fetal health
and well-being. Fetal movements typically become notice-
able by 15 weeks of gestation [1], [2]. These movements
can include kicks, rolls and flutters and vary in strength
and frequency depending on the fetus’ age and activity
level. Abnormal patterns or reduced frequency of fetal
movements can signal potential complications, including
fetal distress, growth restrictions, or even stillbirth [3].
Traditionally, the monitoring of fetal movements has relied
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on maternal perception and manual observation by healthcare
professionals, methods that are inherently subjective and
prone to variability.

The ability to detect, recognize and classify fetal tissue
movements can be useful in monitoring fetal development
and detecting abnormalities. Movement of fetus is a measure
of fetal health [4]. Normal fetal movements reflect a properly
functioning central nervous system and a healthy, risk-free
fetus [5]. Therefore, fetal movement is an important indicator
of healthy development. There is limited understanding of
the relationship between fetal behaviour and fetal brain
development. However, it is thought that fetal movements are
fundamental to the development of most parts of the nervous
system and muscle development [6].
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Monitoring fetal movement is an important parameter
in a healthy pregnancy. Fetal movements can be divided
into general movements and movements that may be of
concern. While general movements are a sign of a healthy
process, worrying movements can be a sign of poor fetal
health [7]. Reduced or absent fetal movements can be a sign
of serious fetal risks [8]. It is therefore very important to
understand how the fetus moves and to extract quantitative
and qualitative patterns of movement during pregnancy. The
fetus may respond to sound with different movements [9].
In this case, these movements can be used to check hearing
health. On the other hand, some excessive fetal movements
may be a sign of serious fetal disorders. As it is difficult for
mothers to recognize this, intervention may be delayed [10].
Real-time ultrasound (US) has made it possible to assess
large motor movements in healthy and intact fetuses in their
natural environment. This has allowed the characterization of
fetal movements in fetuses with growth restriction, fetuses
destined for preterm delivery and fetuses with chromosomal
abnormalities [11].

When US images are combined with appropriate image
processing techniques, the images can be processed more
efficiently and can assist professionals in diagnosis and
treatment. US imaging is one of the most widely used
diagnostic and therapeutic modalities in medicine [12]. US is
preferred in most parts of the world, especially in prenatal
imaging, because it is relatively safe, inexpensive and easy to
use [13]. The advent of US technology has greatly improved
the ability to visualize and monitor fetal movements in real
time, but the interpretation of these movements remains
largely manual, requiring expert analysis that can be both
time consuming and prone to human error.

For large datasets, image-level labelling for classifica-
tion and pixel-level labelling for segmentation are time-
consuming operations. Working with US images involves
more complex operations than working with other medical
imaging images. Because the resolution of US images is
very low, there is a lot of noise and no visual sign. For
this reason, more appropriate specific algorithms need to
be used to analyze US images [13]. Two-dimensional (2D)
images of the fetus are obtained by placing an US transducer
on the maternal abdomen along the axis of the fetal thorax
and abdomen. The frequency, intensity and duration of
fetal movements are related to the maternal perception of
the movements. Movements of a certain shorter duration
or intensity observed during the US scan is usually not
perceived [11]. Although some work has been done to
describe the pattern of fetal movements, a general framework
has not yet been defined or is very limited in terms of the
amount, ideal number and when these movements need to be
assessed.

As deep learning algorithms have developed, their use
in gesture recognition has become widespread. Many deep
learning models have been proposed for movement classifi-
cation. CNN and attention mechanisms are used to classify
human movements and to detect specific movements from

video [14], [15], [16]. On the other hand, it has also been
shown that the combination of CNN and LSTM works
effectively for video motion recognition tasks such as human
action recognition [17]. The performance improvement from
deep learning depends on the large datasets used for training.
The generation of high-quality datasets for fetal movement
detection and classification is an important process in this
field. Although there are many publicly available datasets in
the medical field, the available fetal datasets are very limited
and this is one of the main bottlenecks in the development
of deep learning applications in this field [18]. Therefore,
there is a need for large datasets of standardized US images
annotated with the fetus and fetal movements. However, there
are a number of previous databases on the fetus. One of
these, the HC18 dataset, has been created for the automatic
measurement of fetal head circumference, annotated by
experienced experts [19]. In another dataset, six different
tissues in the fetus, such as the abdomen, brain, femur, thorax
and chest, were annotated for classification from the fetal
anatomical plane [20].

It has been observed that previous studies proposed for the
evaluation and classification ofmovements on fetal videos are
limited. Previous studies on the fetus have proposed clinical
measurements of the fetus, segmentation of fetal tissues and
evaluation of the quality of fetal images. Methods have also
been developed to measure fetal head circumference, detect
fetal lateral ventricles, and detect and measure fetal anatomy
from 2D fetal images [19], [21], [22], [23], [24]. On the other
hand, for tasks based on US images, it has been shown that
direct analysis of video, rather than examining still images,
is more successful [25]. Therefore, this study proposes a
new model based on CNN and attention deep learning
architectures for the classification of fetal movements from
US videos. A study-specific dataset consisting of sequences
of video frames for each of the fetal structures is generated.
The contributions of this study are summarized below:

• A novel dataset of seven different anatomical structures
of the fetus is generated from US movement videos.

• A new deep learning model FetalMovNet based on
attention and CNN is proposed for fetal movement
classification. This model offers higher performance
compared to existing state-of-the-art methods such as
CNN and CNN-LSTM by effectively processing both
spatial and temporal information.

• Thanks to the attention mechanism, the proposed model
achieves more accurate and reliable classification results
by focusing only on important regions and movements
in sequential US frames.

• By considering the temporal characteristics of fetal
movements, the FetalMovNet model is able to capture
critical patterns in movement sequences. This con-
tributes to a more accurate understanding of sequential
movements, especially in US videos.

• By providing a practical solution in a clinical setting,
the model can help clinicians minimize inaccuracies
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due to manual assessment. This enables faster and more
objective analysis of fetal movement in prenatal care.

• The study provides a new state-of-the-art application
example by demonstrating the potential of deep learning
and attention mechanisms in US video classification.

This study consists of the following sections. Section II
reviews the related work previously proposed for the
classification of fetal movements. Section III is materials
and methods and includes the architecture of the proposed
FetalMovNet deep learning network for classification of fetal
movements. In addition, the US video dataset specific to
the study and the architecture of the proposed FetalMovNet
model are presented in detail in this section. In Section IV,
experimental studies are performed to evaluate the perfor-
mance of FetalMovNet and the results are compared with the
results of state-of-the-art CNN andCNN-LSTMarchitectures
through detailed analyses and ablation studies. In Section V,
the results are discussed, the obtained results are compared
with literature results, and the spatio-temporal features
extracted for FetalMovNet are represented by heatmaps using
Grad-CAM. The last section is the conclusions, where the
strengths and limitations are highlighted and an overall
evaluation of the study is provided.

II. RELATED WORKS
Obtaining fetal biometric measurements from 2D US scans
is essential for fetal monitoring. However, the acquisition of
standardized head, abdominal and femoral planes is difficult
due to variable image quality [26]. It has been shown that
measurements obtained from first-trimester US scans can be
used to predict high-risk pregnancies [27]. US images can be
used to monitor the pregnancy process by detecting critical
anatomical structures and tracking fetal movements. Fetal
movement is an important process as it is used to detect an
inactive heartbeat [28]. For these reasons, many studies have
been conducted using fetal US scans to assist experts in fetal
assessment [29].

Sobhaninia et al. [30] used a deep learning CNN architec-
ture to measure fetal biometrics. In their study, they evaluated
the measurement of head circumference for monitoring
fetal growth and health. On the other hand, fetal heart
movement is an important indicator for the detection and
assessment of heart disease. Dozen et al. [31] performed
image segmentation in fetal heart US videos using time
series information and special region information. In the
study, fetal heart beats and dynamically changing and small
cardiac substructures were detected. They also presented
a deep learning-based method for detecting the ventricular
region. In addition, analysis and monitoring of fetal heart
movements can also be performed using echocardiography
data [32], [33], [34]. However, it has been shown that
the evaluation of fetal cardiography is difficult due to the
involuntary movements of the fetus, the very small size of
the heart and the lack of expertise and experience in fetal
cardiography [35].

Ishikawa et al. [36] proposed a CNN architecture based
fetal part detection and classification method to estimate
fetal position. In the study, fetal anatomical structures were
classified as head, body, legs and other parts. In another study,
van den Heuvel et al. [37] proposed a VGG-Net inspired
deep learning CNN method to measure head circumference
in each frame using US images. Ravishankar et al. [38]
combined traditional anatomical structure detection and deep
learning methods to detect and measure the abdominal region
of the fetus from 2D US images. By using a CNN-based
model, they were able to detect the abdominal region with
higher performance than traditional methods. Yaqup et al.
[39] proposed a deep learning method to detect possible
brain abnormalities in the fetus. They developed a system
that automatically detects whether the US images of the fetal
brain are accurate and meet the required clinical standard.
The study involves the correct localization of the fetal brain,
the detection of the region where the structures of interest
are located, and the recognition of the acoustic pattern in
the regions that provide planar verification. Chen et al. [40]
proposed a recurrent neural network-based hybrid method for
accurate acquisition of fetal planes in US images, detection
of the standard plane and accurate biometric measurements.
In another study, Gustavo et al. [22] presented a method to
detect and measure fetal anatomical structures in US images.

Chen et al. [21] proposed a deep learning-based framework
that detects and quantifies the lateral ventricles from 2D US
scans. In the study, after pixel-based segmentation of the
lateral ventricle images, the number of pixels per centimeter
was calculated by morphological operations in the light
of previously determined information. It was highlighted
that the experiments achieved more successful results than
manual measurements. Arnaout et al. [41] proposed a
deep learning method to detect congenital heart defects in
the fetus from US images. In the study, the hearts with
defects were detected in a test set obtained from the fetal
examination. In addition, the cardiac measurements were
correlated with measurements from normal and abnormal
hearts. Plotka et al. [42] developed a model for estimating
fetal weight by measuring fetal anatomical structures. The
study compared the proposed deep learning predictions
with manual measurements made by six human readers
with different levels of expertise. It was confirmed that
the difference between the expert measurements and the
predictions of the deep learning model was 2.5%.

Previously proposed studies for fetal movement on US
images can be broadly classified as fetal standard plane
detection, anatomical structure analysis and biometric param-
eter estimation [23]. Considering these tasks, it is clear
that there are few studies on movement detection of fetal
anatomical structure. Although studies on the classification
of fetal movement provide important benefits in prenatal
care, the existing methods have significant limitations and
shortcomings. Traditional approaches do not effectively
combine the spatial and temporal information in US images.
They often focus on a single image frame and do not
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FIGURE 1. Architecture of the proposed FetalMovNet deep learning network for classification of fetal movements.

capture the full dynamics of movement, which can lead
to misclassification. On the other hand, manually extracted
features are often used to classify fetal movements. However,
these features are usually insufficient to describe a limited
number of movements and are subjective as they are based on
human intervention. In addition, the data used to classify fetal
movements are limited and often not accurately annotated.
The lack of large and balanced datasets, especially for rare
fetal movements, limits the performance of the models. The
majority of existing studies do not take advantage of the
attentional mechanism, which allows attention to focus only
on specific regions to capture important information. This
causes the model to focus equally on the whole image, which
can lead to critical details being missed.

III. MATERIAL AND METHODS
In this study, a new deep learning model FetalMovNet was
developed to classify the movements of fetal anatomical
structures from US videos. In the process of fetal movement
classification, an attention mechanism was applied to the
frames used as input to the model, and movement classifi-
cation was performed by combining with CNN. In addition,
a new dataset was created from US videos containing the
movements of 7 different fetal anatomical structures. The
video frame sequences in this dataset were used as input to
the proposed model and the model was used to classify fetal
movements. The architecture of the proposed FetalMovNet
deep learning network for fetal movement classification is
shown in Fig. 1.

A. FETUS US DATASET
Creating an original dataset is an important step for deep
learning applications. In previous studies, there are no or
very limited datasets created from US videos to detect and
classify the movements of many anatomical structures of the
fetus. In this study, an original study-specific dataset was
created using US videos of seven different fetal anatomical
structures for fetal movement classification. Fetal images and
videos were collected from Kütahya Evliya Çelebi Training
and Research Hospital. Fetal US scans were obtained from
105 healthy pregnant women aged between 21 and 40 years.
The fetuses ranged in age from 16 to 23 weeks, and the
pregnant women’s US scan dates ranged fromMarch 2021 to
April 2024. On the other hand, according to the decision of
Ethics Committee of Non-Interventional Clinical Research of
Kütahya University of Health Sciences dated 08.07.2021 and
numbered 2021/12-07, the conduct of this study was ethically
approved. Informed consent was obtained from all volunteer
pregnant women.

In the proposed study, all pregnant women were selected
from cases in the second trimester of pregnancy to facilitate
assessment of fetal movements and consistency of patterns.
The main extremities, diaphragm, swallowing and body, head
and heart, movements were recorded as US video for all
fetuses in the dataset. Fetal US evaluations in the dataset
were performed using a Siemens Acuson S3000 with a 6C1
HD transducer. The US system used in the study includes
a convex transducer with a frequency of 4-4.5 MHz and an
obstetric US preset.
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As part of the dataset creation process, fetal anatomical
structures were first extracted from the US videos and
sequential images of each anatomical structure were selected.
The US scans of the fetal anatomical structures were then
annotated by 2 experts to create true class labels for the
anatomical structures. The images of each annotated anatom-
ical structure of the fetus were divided into video sequences
of 10 frames according to the sequential order of the video
frames. As a result, a total of 587 video frame sequences were
created with the help of 2 different experts for 7 different
anatomical structure movements of the fetus, including head,
body, arm, heart, hand, foot and leg, using videos collected
from different patients during healthy pregnancy. The image
sequences were created without skipping any frames while
obtaining images from the video. Four random US frames
representing fetal movements for the anatomical structures
of head, body, hand, arm, heart, leg and foot in the dataset
created for the study are shown in Fig. 2.

B. PRE-PROPOCESSING
To ensure high-quality input data for FetalMovNet, a struc-
tured pre-processing pipeline is essential. As part of the
study, frames obtained from US videos of fetal anatomical
structures such as head, body, arm, hand, heart, leg, foot in
the dataset were annotated by experts prior to classification.
Labelling was performed using frame-by-frame manual
annotation based on movement patterns observed in US
videos. In addition, 2 annotators cross-validated labels to
reduce inter-observer variability. Afterwards, the US frames
used for annotation in the dataset were resized to 300 ×

300 to standardize input image dimensions for computational
efficiency and consistency. Furthermore, the smaller sized
frames were padded and the larger sized frames were resized
accordingly. On the other hand, the frames from the US
videos were used in greyscale. Finally, the video frames were
normalized to floating-point values in the 0-1 range before
being applied to the network to provide pixel intensity values
to improve model generalization.

C. ARCHITECTURE OF PROPOSED FETALMOVNET MODEL
Discriminative feature extraction in US videos is known
to be a powerful approach for object recognition and
detection. CNN networks are highly complex and non-linear
models with strong feature representation capacity [43].
The combination of attention and CNN layers can be a
suitable model for motion classification. The CNN can be
used to determine the distinctive features of objects, and
the attention process can be used to distinguish important
patterns of change that the motion reveals in each frame.
Using the attention mechanism in a neural network allows
different regions of the image to be weighted. It allows the
network to focus on more significant features rather than
unimportant features such as background. Attention also
reduces the weight of unimportant parts and increases the
weight of important parts. This makes it possible to focus on
areas that are important for learning. Therefore, the attention

mechanism can be applied to the frames to learn the important
and distinctive features of the changes between fetal US video
frames.

Traditional, simpler CNN-based architectures extract hier-
archical features but lack temporal awareness for move-
ment classification. Attention mechanisms improve feature
selection by ensuring that the model focuses on relevant
fetal structures rather than irrelevant regions. Integrating
attention mechanisms improves feature representation and
improves classification performance inmedical imaging [44].
Similarly, a hybrid deep learning model can outperform con-
ventional CNNs for complex biomedical applications [45].
On the other hand, CNN-LSTM models can capture tem-
poral dependencies, but have higher computational costs
and require longer training times. Consequently, attention
mechanisms for US applications are computationally more
efficient, focusing on critical frames without the overhead of
sequential memory models such as LSTM.

In this study, a new deep learning model, named Fetal-
MovNet, is developed using a combination of CNN and
attention to classify the movements of fetal anatomical
structures in US videos. In the architecture, firstly, regions
of different fetal tissues are extracted from US videos in
sequential frames and 10 consecutive frames are acquired
to obtain a sequential of movements of each structure.
Furthermore, in the proposed architecture, each frame is
not only considered as an independent input. By evaluating
10 sequential frames together, the time-dependent changes
of the movement are learned. An attention network is added
to focus on the significant changes between frames and
to highlight the distinctive features in the classification of
fetal movements. Each of the 10 frames applied to the
input of the attention network is flattened with the Flatten
layer, multiplied by the Query and Value matrices, and
then attention is applied. The attention process, applied
to 10 sequential frames, generates an attention score for
each frame. The Conv process, applied together with the
sequential frames, allows the distinctive movement patterns
in the image to be learned. The FetalMovNet model is then
used to classify the movements of 7 different anatomical
structures annotated from the fetal videos. The classification
is completed by combining the output of the convolution
(Conv) network with the output of the attention network.
In themodel, Conv layer and the attention layer, which extract
the features of fetal anatomical structures, are applied to the
input US frames obtained from US videos, and the outputs
of these layers are combined and the classification process
is performed with softmax using a fully connected network.
The block diagram of the proposed FetalMovNet network for
fetal motion classification from US video frames is shown
in Fig. 3.

1) ATTENTION NETWORK
In this study, the attention mechanism was used to capture
important variations between fetal US video frames. There-

52512 VOLUME 13, 2025



M. Turkan et al.: FetalMovNet: A Novel Deep Learning Model Based on Attention Mechanism

FIGURE 2. Frames representing movements and changes in US videos for each anatomical structure in the dataset.
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FIGURE 3. Block diagram of the proposed FetalMovNet network for
classification of fetal movement from US video frames.

fore, in order to detect fetal movement, the attention network
is used in the model to detect important movement-specific
variations. The attention network of the proposed Fetal-
MovNet architecture consists of a Flatten block, an Attention
block and a Fully Connected Layer (FCL), as shown in
Fig. 4. The Flatten block in the attention network is a critical
step that facilitates the transition from high-dimensional
feature representations to a format that can be processed by
subsequent layers, thereby enhancing the model’s ability to
focus on relevant features while minimizing the impact of
less important information. For tasks such as fetal movement
classification in US, the output of an attention block needs
to be flattened before being applied to the final layers of the
network that perform the classification task.

FIGURE 4. Components of the attention layer in the proposed
FetalMovNet architecture.

When the human eye looks at an image, it perceives
only the important parts and defines the image in this
way. Similarly, the human brain pays attention to only
the important parts of the incoming information. The
attention mechanism works in a similar way to the human
cognitive method [46]. Attention mechanism has been used
in many machine learning tasks, such as classification, visual
recognition, and text processing, due to its ability to process
deep learning and large data inputs, and to capture long-
term dependencies and relationships in data. In particular,
the attention mechanism is used in image classification to
highlight the important pixels in the image and suppress
the unimportant ones. Although the attention mechanism is

mainly developed for text translation, it is also widely used
in image recognition tasks [47], [48], [49].

The Attention mechanism allows inputs to interact with
each other to decide which need more attention. The outputs
are the sum of these interactions and the Attention scores.
It improves the performance of the network by determining
which of the different input features require selective
attention. Traditionalmodels reason by giving equal weight to
all inputs. Attention-based models, on the other hand, assign
different weights to inputs according to their importance. This
process allows unnecessary information to be discarded and
only the important input features to be focused on. Attention-
based systems contribute to higher accuracy by reducing the
computational cost of video recognition [16], [49].

The query (Q), key (K) and value (V) matrices used in the
attentionmechanism are shown in Fig. 5. Here the normalized
input value, denoted by X, represents each of the US video
frames applied to themodel. The 10 input frames representing
the movement of the fetal anatomy are flattened using the
Flatten layer to obtain the input values for Wq, Wk and
Wv, which represent the weight values. Thus, each input
multiplied by the weight matrices Wq, Wk andWv is applied
to the fully connected layer to obtain the matrices Q, K, V.
As a result, for each frame in the US video, the attention
mechanism captures the highlights of the entire fetal motion
change as it is processed by looking at other sequential
frames.

FIGURE 5. Creation of query (Q), key (K) and value (V) matrices in
attention mechanism.

A typical Attention module receives n inputs and produces
n outputs. In the Attention mechanism, as shown in Fig. 6,
first 10 frames representing fetal movement are sequentially
selected from the input US videos. Then, each frame is
normalized and flattened by the Flatten layer to complete the
preparation of the inputs. In the next step, the weights are
multiplied by the prepared inputs to form the Q, K and V
matrices. In the next step, the Q and Kmatrices are softmaxed
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and an attention score is calculated for each input US frame.
This score is multiplied by the V matrix and the output Z in
Fig. 7 is obtained.

FIGURE 6. Attention block internal structure and functioning mechanism.

FIGURE 7. Obtaining the attention score by passing the Q, K and V
matrices through the softmax unit in the attention mechanism.

The scores obtained in the attention mechanism produce
results that allow focusing on important points in the image
or on a feature map. In the attention structure, the dot product
operation is applied. Thus, attention produces results that
focus on the important points between US video frames.
In the proposed study, the output produced by the attention
network and the output produced by the Conv network are
combined and the classification process is completed with
softmax.

2) CONVOLUTION NETWORK
The convolutional network (Conv), which is a typical CNN
model of the FetalMovNet architecture proposed in this
study for the classification of fetal movements, consists
of 5 different convolutional and pooling layers, as shown
in Fig. 8. This network is designed to work with inputs
consisting of 10 frames of 300 × 300 size. US video frame
sequences of each anatomical structure of the fetus are
provided as input to the Conv network. In the FetalMovNet
architecture, an attention score is assigned to each frame
applied to the input. These scores are passed through the
fully connected layer and combined with the output of the
convolution layer, and then the output is obtained with the
softmax classifier. In parallel with the Conv layer, which
learns the features of the input images, the attention process
applied to each video frame allows the connections between

the video frames to be learned. Thus, the intention is to
focus on the motion-defining features for the video frames in
the network. In the conv network, pooling layers are added
between the conv layers to reduce the computational load.
On the other hand, a 3 × 3 filter is used in the convolution
process.

FIGURE 8. Conv layer used in the proposed FetalMovNet model.

3) FULLY CONNECTED NETWORK (FCN)
At the output of the attention and Conv networks shown in
Fig. 9, the FCN used for classification produces a softmax
layer that produces outputs for 7 different classes. In the
layers of the FCN, the ReLU activation function is applied,
except for the output. Prior to the classification stage, the
outputs of the Conv and attention networks are combined and
applied to the FCN as an input of size 512 and reduced to
256, 128, 64 and 7 respectively. Dropout layers of 0.2 are also
added to prevent the network from memorizing.

FIGURE 9. The structure of the FCN used for classification at the output of
attention and Conv networks.

IV. EXPERIMENTAL AND RESULTS
In this study, we developed a novel deep learning model,
FetalMovNet, improved by an attention mechanism, to clas-
sify fetal movements in US videos. The FetalMovNet
model was trained on a carefully curated dataset comprising
different fetal tissue movements captured in US video frame
sequences.

Several experimental analyses were performed to evaluate
the performance of the proposed FetalMovNet deep learning
model with attention mechanism in classifying fetal move-
ments. In addition, the effect of the model components was
also evaluated in the experimental studies using an ablation
study. The ablation study compares FetalMovNet, which
consists of CNN and attention structures, with CNN-LSTM,
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a combination of CNN and long short-term memory (LSTM)
architectures [50], and typical CNN architectures used for
classification. The experimental studies were performed on
the generated US video dataset and the performance of the
model was analyzed according to key performance metrics.
In the FetalMovNet architecture, ∼70% (410) of the dataset
was used as the training set and the remaining∼30% (177) as
the test set for the training and test phases. Table 1 shows the
number of video training and test sets for each anatomical
structure of fetus. For all experimental studies in the study,
a computer with Intel Core i5 4.10 GHz CPU, 16GB RAM,
NVIDIA RTX A4000 16GB GPU and 1TB HDD + 500GB
SSD disc hardware was used.

TABLE 1. The number of video training and test sets for each anatomical
structure of fetus.

To ensure optimal performance and generalizability,
FetalMovNet was trained using a well-defined strategy,
incorporating hyperparameter tuning, optimizer selection,
batch size considerations, activation functions, and training
epochs. The proposed FetalMovNet deep learning network
was trained for 50 epochswith the parameters given in Table 2
Model training was performed in the Keras environment
using the Python programming language. During training,
overfitting was prevented by using the early stopping method
and training was stopped at the iterations where the model
performed best. Batch size plays a crucial role in training
efficiency, model performance and memory usage. When
training the FetalMovNet network, the batch size was set
to 4. This can lead to smoother convergence and improved
generalization by introducing more noise into the gradient
estimation, which prevents the model from overfitting.
In addition, root mean square propagation (RMSprop) was
used as an optimizer in the training of the network. RMSprop
adjusts the learning rate for each weight based on the average
of the recent magnitudes of the gradients for that weight.
As CNNs often havemany layers and parameters, RMSprop’s
ability to adjust learning rates helps to avoid vanishing or
exploding gradient problems. RMSprop was chosen because
it performs adaptive learning rate adjustments and works well
with noisy datasets such as US videos. Categorical cross
entropy is commonly used as a loss function for classification
problems and measures the difference between the actual
class and the predicted class for each class produced by

the model. Categorical cross entropy is also suitable for
multi-class classification. ReLU activation function avoids
the vanishing gradient problem and speeds up convergence
when used in the FCN block.

TABLE 2. Some hyperparameters and their values used in the training
phase of the proposed fetalmovnet deep learning network.

In this study, the layer structure in the architecture of
the FetalMovNet deep learning network, which enables the
classification of fetal movements from US video frames,
is detailed in Table 3. In the model, each input video frame
is subjected to attention processing with other frames in
the sequence and a score is generated. These scores are
passed through fully connected layers and combined with
the result of the convolution layers. The softmax function is
then used to complete the classification of fetal movement.
By evaluating the loss and accuracy progress graphs in
Fig. 10, it can be seen that the proposed FetalMovNet
network can perform generalized learning on the sequential
US image data generated when trained for 50 epochs. When
the training time of the proposed FetalMovNet architecture
in this study is evaluated, it is observed that the validation
accuracy stabilizes after approximately 30 epochs. Similarly,
it is observed that the training loss does not change much
at the end of 30 epochs. Thus, it can be concluded that the
proposedCNNand attention-based FetalMovNet architecture
has a high performance in fetal movement detection from US
videos on the generated dataset.

To evaluate the performance of the proposed attentional
deep learning model FetalMovNet in classifying fetal move-
ments, the outputs of different layers of the architecture can
be considered. Fig. 11 shows some of the filters obtained
at the output of the Conv4 layer of the FetalMovNet
architecture. These filters can give a first idea of the training
of the network and the results of the classification. The filters
obtained from the Conv4 layer of the architecture extract
more abstract, high-level features depending on the depth of
the network. In particular, in deeper layers such as Conv4, the
features presented by the filters highlight object parts, texture
details, shapes or unique structural features in the input data
due to the model’s attention mechanism. Thus, the output of
these filters may also contain the attentional focus that the
model uses to identify salient and critical regions in the input
data.

In the experimental studies, the key metrics Accuracy,
Precision, Recall and F1-score were used to evaluate the
performance of the proposed FetalMovNet architecture and
other state-of-the-art models in the classification of fetal
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TABLE 3. Layer structure of the fetalmovnet deep learning network for
classification of fetal movements from us video frames.

anatomical structures. These metrics are calculated using
true positive (TP), true negative (TN), false positive (FP)
and false negative (FN) obtained from the confusion matrix.
Accuracy in Eq. (1) represents the correct prediction rate of
the proposed model in all classifications, while Precision in
Eq. (2) evaluates the correct positive predictions of the model.
Recall in Eq. (3) gives the proportion of all positive examples
correctly predicted by the model. Finally, the F1-score is the
harmonic mean of the Precision and Recall. As this study is a
multi-class classification problem, the average values of the
metrics were taken into account by using macro-averaged in
the calculation of the key metrics of Precision, Recall and F1-
score. In the macro-averaged approach, when calculating a
metric for all classes, the average of the values of this metric
calculated on a class basis is taken into account [51].

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(1)

Precision =
TP

TP+ FP
(2)

Recall =
TP

TP+ FN
(3)

F1 − score = 2 ∗
Precision ∗ Recall
Precision+ Recall

(4)

FIGURE 10. Variation of loss (a) and validation accuracy (b) values during
the training of the proposed FetalMovNet architecture for 50 epochs.

FIGURE 11. Filter patterns learnt at the output of the Conv4 layer of the
FetalMovNet architecture.

For the FetalMovNet model proposed in this study, ablation
was performed as part of experimental studies to evaluate the
effect of different layers on performance results. The ablation
process is used to evaluate the robustness of deep learning
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models and to understand which module shows how it
works [52]. Firstly, in the FetalMovNet architecture proposed
for ablation, a typical CNN model was created by removing
the attention layer and using only the Conv and FCN layers.
Secondly, another state-of-the-art architecture for ablation
assessment was developed by combining a typical CNN
architecture with the LSTM model. The performance of the
results obtained with FetalMovNet, typical CNN and CNN-
LSTM architectures were then compared. The confusion
matrices showing the results obtained in classifying the
anatomical structures of the fetus such as head, body, arm,
heart, leg, foot and hand are shown in Fig. 12. While
Fig. 12(a) shows the results obtained with only one CNN
network, Fig. 12(b) shows the confusion matrix values of
the classification results obtained with CNN-LSTM model.
On the other hand, Fig. 12(c) denotes the confusion matrix
for the results obtained using the proposed FetalMovNet
architecture. With a typical CNN architecture, 1 US video
for head, 4 for body, 3 for arm, 2 for leg, 2 for hand, 1 for
heart and 2 for foot were misclassified. As a result, the
CNN architecture misclassified 15 of the 177 US videos in
the test set that contained movements of fetal anatomical
structures. In addition, using CNN-LSTM, 13 out of a total
of 177 US sequences in the test set were predicted to the
wrong class. TheCNN-LSTMarchitecturemisclassified 3 for
head, 2 for body, 3 for arm, 2 for leg and 3 for hand in US
sequences in test set. On the other hand, for the classification
of fetal movements, only 2 out of 177 US videos in the
test set were misclassified using the proposed attention-
based FetalMovNet architecture. 1 movement video in the
head class was predicted in the body class and 1 movement
video in the arm class was predicted in the hand class.
When these three confusion matrices are evaluated together,
it can be seen that the proposed FetalMovNet architecture
is more successful than the typical CNN and CNN-LSTM
architectures in classifying US videos consisting of 10-
sequential frames containing fetal movements.

Table 4 shows the performance results of the typical
CNN and the proposed FetalMovNet architectures for the
test set using confusion matrices with key metrics. While
the typical CNN and CNN-LSTM architectures achieved an
average accuracy of 0.9153 and 0.9265, respectively, for
anatomical structures in classifying fetal movements, the
proposed FetalMovNet architecture achieved an accuracy of
0.9887. On the other hand, for the key metrics of precision,
recall and F1-score, 0.9871, 0.9910 and 0.9891 scores were
obtained using the proposed FetalMovNet architecture. These
results show that the proposed FetalMovNet architecture is
more successful in detecting and classifying the movements
of fetal anatomical structures compared to CNN and CNN-
LSTM architectures.

Receiver operating characteristic (ROC) curve can be
used to assess the ability of the model to correctly classify
fetal movements in US videos. It illustrates the balance
between true positive and false positive rates. ROC curves
provide a standardized way to compare their classification

TABLE 4. Comparison of the results obtained with typical CNN and
proposed FetalMovNet architectures on the basis of key metrics after
ablation procedure.

performance. The area under the curve (AUC) can be used
as a summary metric, with a higher AUC indicating a
model that is better at discriminating between movement
classes. Fig. 13 shows the AUC values obtained from the
ROC curve for each anatomical structure in the test set.
As can be seen in Fig. 13(a) and Fig. 13(b), an average
AUC score of 0.9471 and 0.9543 for CNN and CNN-LSTM
were obtained for the head, body, arm, hand, heart, leg and
foot anatomical structures in the test set, respectively, while
using the proposed FetalMovNet architecture, an average
AUC score of 0.9957 is obtained for the same anatomical
structures of the fetus, as seen in Fig. 13(c). On the other hand,
using the proposed FetalMovNet architecture, AUC scores
of 1.0 are achieved for the body, leg, heart, hand and foot
movement classes, confirming the successful classification of
fetal movements from US videos.

V. DISCUSSION
In this study, we introduced FetalMovNet, a novel deep
learning model designed to classify fetal motion in US
videos. The model uses a CNN-based architecture improved
by an attention mechanism, which provides significant
improvements in the accurate detection and classification
of fetal anatomical movements compared to traditional
CNN and CNN-LSTM architectures. The key advantage of
FetalMovNet is the use of an attention mechanism that allows
the model to focus on spatial and temporal patterns that
are most relevant to fetal movement. This attention-based
approach, combined with CNN layers, results in a model
that can more accurately classify dynamic movements across
frames, overcoming the limitations of conventional CNN
models that can struggle to capture temporal dependencies
in video data. Through a number of experiments, we have
observed that FetalMovNet can distinguish between different
fetal anatomical structures with high accuracy and reliability.

The ablation study showed that the inclusion of the
attention mechanism is crucial for improving classification
performance. When the attention layer was removed, leaving
only the CNN and fully connected layers, the accuracy of
the model decreased significantly, and the AUC for most
classes also decreased, as shown in our confusion matrices.
In addition, by using the CNN-LSTM architecture, which
is a combination of CNN and LSTM, it was observed that
the performance was slightly improved compared to the
typical CNN. However, the results obtained with CNN-
LSTM were still lower than the proposed FetalMovNet
model. In contrast, FetalMovNet’s attention layer allowed the
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FIGURE 12. Confusion matrix results achieved using the models in test
for the classification of the movements of the anatomical structures of
the fetus. (a) a typical CNN architecture, (b) CNN-LSTM architecture, and
(c) the proposed FetalMovNet architecture.

model to dynamically focus on relevant image sequences and
regions, ensuring more accurate classification by minimizing
false positives and false negatives. However, for these results

to be meaningful, the statistical significance of the results
obtained with CNN, CNN-LSTM and FetalMovNet needs to
be evaluated and the results considered accordingly. There are
many tests that can be used to assess the significance between
data. The Wilcoxon signed-rank test is a non-parametric
statistical test that evaluates the difference between the
medians of two variables [53]. In this study, a two-sided
Wilcoxon signed-rank test was used for the comparison and
statistical significance of the results obtained using CNN and
CNN-LSTM and the proposed FetalMovNet architectures.
When comparing the results, the averages of the macro-
averaged F1-scores obtained for each class using each model
were taken into account. The comparison of typical CNN
and FetalMovNet according to the results of the Wilcoxon
signed-rank test yielded a p-value of 0.012. On the other
hand, when comparing the Wilcoxon signed-rank test results
of CNN-LSTM and FetalMovNet, the p-value was 0.028.
Since the p-values obtained in both comparisons are less than
0.05, it can be said that the results obtained are statistically
significant according to the Wilcoxon signed-rank test.

Using the FetalMovNet architecture proposed in this study,
175 of the 177 fetal US videos in the test set of fetal
anatomical structures were correctly classified. However,
as can be seen from some of the frames in Fig. 14, 1 US
video containing fetal movement belonging to the Head
anatomical structure was incorrectly classified as Body.
On the other hand, another US video belonging to the
Arm class is also misclassified as Hand. The reason for
the incorrect recognition of these fetal movements by the
proposed FetalMovNet architecture is that the sequential
movement patterns in these videos are similar to the patterns
of the incorrectly recognized class movements.

Previous studies have proposed various approaches to the
detection and measurement of fetal anatomical structures
fromUS scans. Most of these studies generated original study
specific datasets. In one of these studies, Carneiro et al.
[22] used a probabilistic boosting tree to detect and measure
fetal anatomy such as head, body, abdomen, femur and
humerus. Cuingnet et al. [64] used random forests and
template deformation from 3D US images to determine the
position of the fetal head with an average error of 5.8 mm.
On the other hand, Ravishankar et al. [38] provided automatic
segmentation of the fetal abdomen using a CNN-based hybrid
approach. Sinclair et al. [29] proposed segmentation and
detection of fetal head biometrics using CNN architecture
on 2D US images. Alzubaidi et al [65] proposed FetSAM
deep learningmodel for segmentation of fetal head biometrics
from US scans. In addition, there are studies [24] proposed
for quality assessment in fetal US scans and studies [66]
proposed for data augmentation in US data for standard plane
classification. Furthermore, in one of our previous studies,
Dandıl et al. [67] provided anatomical plane recognition in
fetal US scans for head, arm, heart and body using YOLOv5.
In our other study, Turkan et al. [68] proposed fetal motion
detection from trajectories for anatomical structures such as
body, head, arm and heart using YOLOv5 and LSTM. In this
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FIGURE 13. ROC curves and AUC scores of (a) typical CNN, (b) CNN-LSTM and (c) proposed
FetalMovNet architectures for each anatomical structure in the testset for classification of
fetal anatomical structures.
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FIGURE 14. Evaluation of consecutive frames of incorrectly classified fetal movements in the test set using the proposed FetalMovNet architecture.

TABLE 5. Comparison of the results of the FetalMovNet model with existing studies previously proposed for the recognition and classification of fetal
anatomical structures.

study, unlike our previous studies, the classification of fetal
motion by detection of anatomical structures from fetal US

videos is achieved using FetalMovNet, a novel proposed
architecture.
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FIGURE 15. The heatmap of feature outputs of FetalMovNet for fetal anatomical structures such as (a) heart, (b) body, (c) arm,
(d) leg, (e) heart, (f) hand, and (g) foot in a frame of US sequences with Grad-CAM.

The results of the FetalMovNet model are compared
with existing studies previously proposed for the detection
and classification of fetal anatomical structures, as shown
in Table 5. Although CNN and similar architectures have
been used in previous studies to successfully detect and
classify fetal anatomical structures, it is observed that the
classification performance remains within a certain accuracy
and these methods usually focus on basic classification rather
than understanding the anatomical context of the movements.
In contrast, the FetalMovNet model outperforms the other
approaches with an average accuracy of 0.9887, effectively
learning both spatial and temporal features through the
attention mechanism. These results show that the proposed
model makes a significant contribution not only to the

detection of fetal movement, but also to the accurate
classification of anatomical structures.

For clinical adoption, deep learning models need to be
explainable to radiologists and obstetricians. While attention
mechanisms improve accuracy, it is sometimes difficult for
clinicians to trust automated decisions. Therefore, visualizing
how the automated system makes decisions contributes
to the understandability of the process. In this study,
gradient-weighted class activation mapping (Grad-CAM),
a discriminative localization technique, is used to show
which spatio-temporal features the proposed FetalMovNet
architecture takes into account for the classification of fetal
movements using US sequences, and to generate heatmaps
of these important features. Grad-CAM is widely used
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FIGURE 16. The heatmap of feature outputs of FetalMovNet for fetal anatomical structures such as heart, body, arm, leg, heart, hand, and foot in US
sequences with Grad-CAM.

in classification problems to highlight key regions of an
image or video frame to enable prediction of a particular
class [69], [70]. In addition, Grad-CAM can be adapted to any
CNN model on images and can provide a more transparent
heatmap through the generation of visual descriptions of
the images [71]. Grad-CAM provides a mechanism to
highlight the key regions of the image/frame that contribute
to the prediction of a particular class. Rather than being
distracted by surrounding fetal anatomical structures, Grad-
CAM prompts the model to increase its attention to regions
that contribute most to the correct classification of the
fetal movements. Grad-CAM highlights salient regions in
US images that contribute to fetal movement classification
and helps clinicians understand which anatomical features
influence model predictions. Because Grad-CAM provides

spatial heatmaps overlaid on US images, it shows which
temporal frames contribute most to fetal movement classi-
fication. Fig. 15 shows the heatmap of the feature outputs
of FetalMovNet for fetal anatomical structures in one frame
of US sequences with Grad-CAM. It can be seen that the
heatmaps of the fetal anatomical structures of heart, body,
arm, leg, heart, hand and foot from a single frame of US
sequences with Grad-CAM are emphasized and highlighted,
especially the regions of movement. On the other hand,
Fig. 16 shows the heatmap of FetalMovNet’s feature outputs
for fetal anatomical structures such as heart, body, arm,
leg, heart, hand and foot in US sequences with Grad-
CAM. It can be seen that the features of the regions of
interest with Grad-CAM are similar to the heatmaps of the
movements in sequential 10-frame sequences. In conclusion,
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the classification result of FetalMovNet and the heatmap
features output by Grad-CAM are compatible. By integrating
Grad-CAM into the FetalMovNet architecture, the model
gained the ability to better understand and highlight the
characteristic details of fetal anatomical structures.

FetalMovNet integrates CNN-based feature extraction
and an attention mechanism, which improves accuracy but
can increase computational requirements. Therefore, as the
number of video in the test set increases, computational time
may increase in real-time clinical applications. The speed at
which the model processes US images is critical. To provide
meaningful clinical insights, FetalMovNet must operate at
real-time or near real-time speeds. The total test/computation
time of the proposed FetalMovNet model on a total of
177 sequential 10-frame US sequences in the test set is
11.6 seconds. This results in an average of 65 ms for a single
US sequence. The latency for a single US frame is therefore
6.5 ms. Latency is critical for real time applications and
the average time taken per frame is acceptable as 10 ms -
50 ms for each frame. Therefore, FetalMovNet meets real-
time requirements (≤ 100ms latency per frame) and can be
integrated into US machines for real-time monitoring. On the
other hand, real-time inference can be achieved by using high-
end GPUs.

VI. CONCLUSION
In this study, a proposed deep learning model, FetalMovNet,
based on the attention mechanism, is used to detect fetal
anatomical structures such as head, body, arm, hand, foot, leg
and heart from US videos and to classify fetal movements
of these structures. A CNN network was used to extract
features at each level in the sequence of US videos. The
attention layer is used to capture the important connections
between the video frames, focusing on the differences caused
by the movements. The results of this study demonstrate
that FetalMovNet is an effective tool for fetal movement
classification, offering higher accuracy and robustness than
traditional CNN approaches. Through the automation of fetal
movement assessment with reliable and interpretable models,
FetalMovNet has the potential to improve antenatal care
and make fetal monitoring more accurate, accessible and
objective.

Fetal movements are an important indicator of fetal well-
being. Recognition fetal movements in this study can help
monitor fetal well-being during pregnancy. In addition to
providing a baseline for automated fetal health assessment,
this study highlights the value of attention-based deep
learning models in medical image analysis. With further
validation and optimization, FetalMovNet could become an
indispensable tool in clinical practice, helping clinicians to
improve pregnancy outcomes through timely and accurate
analysis of fetal movement. The clinical implications of
FetalMovNet are promising. In traditional fetal health
monitoring, the assessment of fetal movement relies heavily
on subjective and manual observation, which is prone to
error and time constraints. By automating this process,

FetalMovNet could help clinicians make faster and more
accurate assessments of fetal well-being, reducing the need
for continuous manual monitoring.

Abnormal fetal movement patterns can indicate conditions
such as fetal distress, neurological and cardiac abnormalities.
In addition, with its high accuracy and precision, Fetal-
MovNet has the potential to alert clinicians to abnormal
movement patterns, enabling earlier intervention in cases
where fetal distress or developmental problems may be
present. In addition, expectant mothers often worry about
fetal activity and rely on subjective perceptions of movement.
FetalMovNet could provide objective feedback, reducing
unnecessary anxiety and helping to detect abnormalities
early.

The FetalMovNet model proposed in this study for
the classification of fetal movements from US sequences
has several strengths. Firstly, the model achieves higher
performance for accuracy, precision, recall, and F1-score,
suggesting excellent classification capability when compared
with state-of-the-art CNN and CNN-LSTM models. On the
other hand, the integration of an attention mechanism into
FetalMovNet improves the spatio-temporal feature extraction
with a higher AUC score. Furthermore, the study introduces
a new dataset with seven different anatomical movements,
ensuring a diverse representation of fetal movements. Using
this dataset, FetalMovNet was shown to generalize well to
different anatomical movements, highlighting its potential as
a tool for real-time clinical monitoring.

Despite its strengths, FetalMovNet has several limitations
that could be acknowledged. Firstly, the model was trained
on a specific dataset, which may limit its generalizability
across different populations and imaging setups. Therefore,
performance may decrease when applied to US devices with
different imaging parameters or when used in real clinical
settings. The model may struggle with unseen real-world
cases and requires further validation in larger, multicenter
datasets. To overcome this, FetalMovNet can be trained
on multi-institutional datasets with different US machines,
imaging protocols and patient demographics, using domain
adaptation techniques such as adversarial training or feature
alignment. In addition, model quantization and pruning
can be used to reduce memory and computational require-
ments. However, data from different hospitals and machines
can have significant variations in resolution, contrast and
noise, requiring robust pre-processing techniques. Secondly,
in experimental studies, the average computation time for
a single US sequence in the test set is 65 ms. The use of
attention mechanisms and deep CNNs increases the com-
putational burden, potentially making real-time deployment
on standard US devices difficult. Therefore, as the number
of video in the test set increases, the computational time of
the FetalMovNet model may increase in real-time clinical
applications. Another limitation is that the study mainly
compared FetalMovNet with CNN and CNN-LSTM, but
not with other state-of-the-art deep learning models used
in medical imaging. This may limit a broader assessment
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of its competitiveness against more advanced architectures.
Finally, the video frame sequences in the dataset are limited
to 10 frames. In this case, it may be difficult to detect long-
period movements that span multiple frames. A solution to
this problem could be to increase the number of frames used
in the dataset or to sample the video frame sequence at a
certain rate. This may lead to overfitting of the model if the
training time is increased.

Future research could extend this study in a number of
ways. First, additional anatomical classes and movement
patterns could be added to the dataset to make FetalMovNet
more comprehensive and adaptable to a wider range of
fetal assessments. In addition, future implementations could
benefit from optimizing the model to reduce inference time
without compromising accuracy, thereby enabling its use
in resource-constrained environments. Furthermore, future
work could investigate the use of alternative attentional
mechanisms, such as self-attention or multi-head attention,
which may provide additional improvements in handling
complex motion sequences. On the other hand, detailed
analyses of fetal US videos may help to identify movements
that are characteristic of different types of disease. The
enrichment of the generated dataset may allow the use of
motion analysis for different tasks. Finally, the nature of
motion of anatomical structures in US videos differs from
normal movement. The movement in the video may vary
depending on how the user uses the US device and the quality
of the device’s detection of anatomical structures. Movement
can be caused not only by the anatomical structure itself, but
also by the movements of the device user.
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