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Abstract

Fetal abdominal subcutaneous soft tissue thickness (FASSTT) is a key indica-

tor in evaluating fetal growth, development, and nutritional status. Currently,

manual measurement in FASSTT faces the problems of difficulty in position-

ing, time consumption, and inaccurate measurement. Therefore, this article

proposes an automatic measurement scheme for FASSTT. Firstly, a U-shaped

attention network VGG-SeUnet is proposed to automatically segment the sub-

cutaneous soft tissue area of the fetal abdomen. Secondly, based on the seg-

mentation results, a morphological method is proposed to obtain FASSTT.

Specifically, the segmentation network uses VGG16 as the encoder and con-

nects the decoder through jump connections for multi-scale fusion. We intro-

duce channel attention to jump connections, which enables the model to

select key channels for feature fusion. At the same time, the model uses the

proposed DF_Loss function for training to solve the problem of sample imbal-

ance. Based on the segmentation results, a morphological distance transforma-

tion algorithm is proposed to obtain FASSTT by drawing the maximum

inscribed circle and calculating its diameter. The method is evaluated on a fetal

abdominal circumference ultrasound dataset containing 135 samples. The

DSC, mIOU, mPA, Precision and Recall of the segmentation experiments

reache 88.9%, 81.02%, 90.44%, 86.38%, and 90.44% respectively. The difference

between FASSTT's result from that provided by radiologist is 0.0615 cm in

Average Error (AVE) and 0.081 cm in Root Mean Square Error (RMSE). The

overall performance of this algorithm is superior to existing methods with

excellent performance, and the measurement error is less than 1 millimeter.

This result proves that the proposed scheme in this paper can achieve auto-

mated measurement of FASSTT and assist doctors in subsequent evaluation of

fetal development and nutritional status.
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1 | INTRODUCTION

Fetal growth and development in the uterus is a
complex process, and imbalanced intrauterine nutri-
tion (including intrauterine malnutrition and overnu-
trition) can lead to fetal underdevelopment and have
a negative impact on fetal growth.1,2 However, tradi-
tional examination methods are difficult to directly
obtain the growth and development status of the
fetus in the uterus. Therefore, ultrasound imaging
has become an important clinical method for evaluat-
ing fetal growth because it is non-invasive, non-
radioactive, and easy to perform.3 In previous studies,
the fetal abdomen subcutaneous soft tissue thickness
(FASSTT) has been found to be significantly corre-
lated with the actual birth weight (ABW) of the
newborn.4–6 Therefore, measurement of FASSTT in
ultrasound image is significant for evaluating fetal
nutritional status.

The current method of manually measuring FASSTT
firstly locates the subcutaneous soft tissue area of the
fetal abdomen to be measured, and then measures
the length of the thickest part of the area, which is
FASSTT. However, the subcutaneous soft tissue area of
the fetal abdomen only accounts for 10% of the entire
abdominal circumference (AC) ultrasound image, with a
thickness of only 4–7 mm. In ultrasound images with a
resolution of 96dpi, manual measurement annotation
errors of 3–4 pixels will result in an error of 1 mm, which
reaches 14.3%–25% of the entire thickness. The current
manual measurement methods largely depend on the
experience of doctors. Therefore, achieving rapid auto-
matic localization and accurate measurement of fetal
subcutaneous soft tissue thickness is of great clinical
significance.

In recent years, deep learning methods, especially
convolutional neural networks (CNN), have been suc-
cessfully applied to fetal biometrics. The current
research mainly focuses on automatic measurement of
fetal head circumference (HC), biparietal diameter
(BPD), femoral length (FL), and AC,7 and it still lacks
effective automatic solutions for FASSTT measurement.
The reason is two-fold. First, due to the complexity of
fetal organs and tissues, the subcutaneous soft tissue
region could not be observed with clear boundaries and
there was a sample imbalance problem that means the
pixels in the tissue region (positive samples) were mas-
sively smaller than those in the background region (neg-
ative samples). This problem makes segmentation and
localization of this region difficult. Secondly, there is a
lack of effective measurements to find the thickest part
of the subcutaneous soft tissue region. To this end, we
propose a U-shaped attention network VGG-SeUnet

with morphological method for FASSTT measurement.
First, the subcutaneous soft tissue region of the fetal
abdomen is automatically segmented by the VGG-
SeUnet network. The encoder part of the network per-
forms feature extraction via VGG-16 and connects to the
decoder via jump connections with channel attention
(Se-Blocks8) to form a multilevel U-shaped structure.
Secondly, a morphology-based distance transformation
algorithm is proposed to find the minimum distance
(MD) from each non-zero pixel inside the segmented tis-
sue to the zero pixel outside of the tissue. The maximum
value of MD is the radius of the maximum inscribed cir-
cle inside the tissue, and we take the diameter as the
FASSTT.

It is worthwhile to highlight several aspects of the
proposed method:

1. This paper proposes a new U-shaped Attention
Network-based fetal abdominal subcutaneous soft tis-
sue region segmentation network named VGG-
SeUnet. We use VGG16 as the encoder and the Unet
upsampling structure as the decoder, and connect
them by a jump connection for better feature extrac-
tion capabilities. A channel attention mechanism
(Senet) is added to the jump connection to enhance
the fusion of shallow and deep features, reduce the
number of parameters, and model the complex corre-
lation between channels. A 1 � 1 convolution opera-
tion is performed in the classifier to reduce the
channel and enable cross-channel information
interaction.

2. The loss function DF_LOSS is constructed to solve
the problem of sample imbalance by combining simi-
larity calculation and giving different weights to diffi-
cult and easy samples. This overcomes the
shortcomings of the similarity-based loss function
and improves the overall segmentation performance
of the model.

3. The distance transformation algorithm can not only
measure the thickness of the fetal abdomen subcuta-
neous soft tissue but also indicate the location of the
maximum inscribed circle within soft tissue area. By
plotting the maximum inscribed circle, we provide
intuitive auxiliary information for the final decision of
doctors.

The rest of the paper is organized as follows: Section 2
summarizes the related works. Section 3 introduces the
VGG-SeUnet, DF_LOSS loss function, and distance
transformation-based maximum inscribed circle location
in detail. Section 4 demonstrates the experimental results
and discussion is shown in Section 5. Section 6 concludes
the paper.
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2 | RELATED WORK

In the study of automatic measurement of fetal bioindica-
tors, several methods for automatic measurement of fetal
HC and BPD in ultrasound images have been proposed
in recent years. Zeng et al.9 proposed a deeply supervised
attention-gated (DAG) V-Net network that enhances the
V-Net model with attention and trains the model through
multi-scale loss function for automatic segmentation of
the fetal head from ultrasound images, which is followed
by morphological processing with ellipse fitting to per-
form HC measurements. Zeng et al.10 proposed to incor-
porate separable convolutions into a sequential
prediction network to improve the speed and accuracy of
the fetal head segmentation. Morphological processing
with least squares ellipse fitting is subsequently con-
ducted to obtain fetal HC. Oghli et al.11 proposed a deep
learning-based fetal head segmentation method for auto-
matic BPD and HC measurement, which overcomes the
weakness of U-net by multi-feature pyramidal scheme
(MFP). This model was validated on the HC18 challenge
dataset and demonstrated superior performance on auto-
matic measurement of BPD and HC. Similarly, ultra-
sound image-based biometry has been studied in femur
length and AC. Zhu et al.12 proposed a deep learning
approach to automatically measure the fetal femur
length. They used SegNet network to segment the fetal
femur and obtained the femur length by calculating the
intersection of the skeletal curve of the segmented femur
with the femur contour and locating the final endpoint of
the femur. Compared with random forest regression
model, SegNet yields much better performance. Kim
et al.13 used a hierarchical identification method to corre-
late multiple CNN models to perform AC measurements
after semantic segmentation from 2D ultrasound image.
The validity of the proposed method was verified by clini-
cal data. A Dice similarity measure of 92.55 ± 0.83 was
achieved in AC measurements, with an accuracy of
87.10% in the acceptance examination of the standard
planes of the fetal abdomen.

While the above researches have shown good results
in automating the measurement of the biological parame-
ters of fetal BPD, HC, AC, and FL, there is still a lack of
effective automated measurement method for the mea-
surement of subcutaneous soft tissue thickness in the
fetal abdomen. The segmentation and measurement of
abdominal subcutaneous soft tissue thickness still face
great challenges due to the complex surrounding tissues,
unclear edges, uneven sample distribution, and lack of
effective morphological measurement methods. There-
fore, it is of great research value and clinical significance
to propose a method that can accurately measure subcu-
taneous soft tissue thickness in the fetus.

3 | METHOD

Inspired by the clinical manual measurement method of
FASSTT, this paper proposes an automatic FASSTT mea-
surement method consisting of two modules. The first
module uses a new VGG-SeUnet model to extract multi-
scale features from ultrasound images. Training is per-
formed through the proposed DF_Loss function to
achieve automatic segmentation of subcutaneous soft tis-
sue areas and solve the problem of sample imbalance.
VGG-SeUnet utilizes VGG1614 as the encoder for feature
extraction and gradually fuses its intermediate output
with the decoder to upsample the features to the original
size. This is a typical U-net15 structure. In order to
enhance the interaction between different scales, this
paper introduces a channel attention module (SeNet) in
the feature fusion skip connection and introduces dimen-
sionality reduction convolution in the classifier. The sec-
ond module applies morphological methods to the
segmented ROI area to find the location with the maxi-
mum thickness of the subcutaneous soft tissue area of
the fetal abdomen, and draws the maximum inscribed
circle to visually display the measurement location, and
finally obtains the FASSTT. The overall framework is
shown in Figure 1.

3.1 | VGG-SeUnet

It is very difficult to automatically segment fetal ablevel-
dominal subcutaneous soft tissue from ultrasound images
because different organs and tissues are intricately inter-
twined and it is difficult to determine tissue boundaries.
At the same time, highly complex networks may not be
appropriate for this task because the lack of rich training
samples may lead to overfitting. To this end, we propose
a U-shaped attention network VGG-SeUnet with skip
connections to extract multi-scale feature information
reflecting high-level and low-level semantics of tissue
segmentation. In addition, the channel attention in skip
connections and the dimension reduction in classifier
enhances multi-level feature fusion and reduces the
amount of parameters to lower the risk of overfitting.
The detailed structure of VGG-SeUnet is shown in
Figure 2.

In the feature extraction network, this paper divides
VGG16 into 5 modules (Block1-5) as the encoder part.
The decoder part also contains 5 Blocks with one-to-one
correspondence with the encoder blocks. The encoder
block at each layer is connected to the decoder counter-
part through jump connection. We use pre-trained
weights to initialize the multi-layer encoder to enhance
the multi-level feature learning ability. The VGG16
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network consists of convolutional layers and pooling
layers. The network input data is the image of (512, 512,
3). In Block1, the input image is processed twice with
3 � 3 convolution and ReLu activation function to obtain
the feature maps of (512, 512, 64), which are down-
sampled through a 2 � 2 max pooling layer to yield the
input of Block2 with size (256, 256, 128). Block2 is
the same as Block1. The input of Block3 obtained by
downsampling is of size (128, 128, 256). Each of Block3,
Block4 and Block5 performs three 3 � 3 convolution and
ReLu activation based on the input data, and the output
feature maps of Block5 with size (32, 32, 512) are fed to
the decoder part. In each layer of the decoder, the feature
maps are upsampled through transposed convolution

and passed to the upper layer where the features are
merged with the features obtained by the encoder block
at this layer through skip connection.

Considering that the convolution operation16 inevita-
bly introduces information decay and different channels
may contribute differently to the segmentation task, we
therefore introduce a channel attention scheme for
re-weighting the new feature maps during each jump con-
nection so as to highlight the channels with key informa-
tion and suppress those without key information for better
feature fusion. Actually, the channel attention is realized
through Se-Block whose structure is shown in Figure 3.
Firstly, each feature map is compressed by global average
pooling to obtain a 1 � 1 � C vector, which is normalized

FIGURE 1 The framework of the proposed approach.

FIGURE 2 VGG-SeUnet network structure in which purple arrow indicates 3 � 3 convolution with ReLU activation function, gray

arrow indicates jump connections, red arrow indicates down-sampling, green arrow indicates up-sampling, yellow arrow indicates 1 � 1

convolution with Leaky ReLu activation function, and orange arrow indicates 1 � 1 convolution.
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by two fully connected layers with sigmoid activation to
obtain the weight of each channel. Subsequently, the reca-
libration of the channels is achieved by multiplying the
weights with the original input channels.

In order to reduce the computational complexity of
the network and reduce the feature dimension, we per-
form 1 � 1 convolution on the output classifier part to
reduce the dimension from 64 channels to 32, and use
the LeakyReLU function for activation before outputting
the required number of categories. This allows the net-
work to further reduce the complexity of operations
while maintaining high-level features, and improve the
segmentation performance and generalization ability of
the model.

3.2 | DF_Loss function

Automatic measurement of FASSTT relies on accurate
distinction between the abdominal subcutaneous soft
tissue area and the background area. However, the
number of pixels in the tissue region to be segmented
(positive samples) is significantly less than the number
of pixels in the background region (negative samples).
The problem of sample imbalance will decrease the
applicability of traditional cross-entropy loss function

to the training of segmentation networks. Dice loss
function17 considers only positive samples by evaluat-
ing the ratio between the intersection of the predicted
with true tissue region and the union of the two
regions such that the sample imbalance problem is
avoided. However, dice loss does not consider the
extent to which the predicted tissue pixel deviates from

the ground truth. Focal loss function18 mitigates the
problem by assigning different weights to the pixels
that are highly probable to be misclassified and pixels
that tend to be correctly classified, thus emphasizes
the performance improvement from the pixels that are
hard to distinguish. In addition, focal loss also adopts
weighting mechanism to deal with large discrepancy in
the number of positive and negative samples.

Based on the aforementioned reasons, we combine
the dice loss function and the focus loss function to
construct a DF_Loss to guide the training of VGG-SeUnet
network. Specifically, let Xp ¼ xpi

� �
i¼1,…,Np

be the
predicted tissue region where xpi denotes pixel,

Yg ¼ ygi
� �

i¼1,…,Ng
be the ground truth tissue region

defined by annotation and X ¼ xif gi¼1,…,N be all the pixels

in the ultrasound image. The dice loss function can be
denoted as follows:

Ldice ¼ 1�2 jXpTYg j
Xpj jþ Ygj j , ð1Þ

where j � j computes the cardinality of a set. The focal loss
function can be represented as follows:where cϵ 1,0f g is
the ground truth label, P xið Þ is the probability that xi
belongs to the tissue, γ is a hyper parameter controlling

the contribution of the error-prone pixels to the classifica-
tion loss value and α is also a hyper parameter control-
ling the contribution of positive and negative samples
that can be computed through α

1�α¼
N�Ng

Ng
. It is obvious

that if Yg accounts for very small region of the image,
N�Ng

Ng
will be very large such that α is also large. This guar-

antees that the pixels potentially correlated to the

FIGURE 3 Se-Block in which GAP denotes the aggregation method through global average pooling (GAP), FC � 2 denotes two fully

connected layers to produce the channel weights, and Scale denotes the point-wise multiplication of the weights to the input channels to

achieve recalibration of the channels.

Lfocal ¼
PN

i¼1 �α � c � 1�P xið Þð Þγ log P xið Þð Þ� 1�αð Þ 1� cð ÞP xið Þγ log 1�P xið Þð Þð Þ
N

, ð2Þ
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interested tissue region contributes more in the loss func-
tion. In addition, if xi is predict as background but sup-
posed to be the tissue, log P xið Þð Þ will be unfortunately
small. However, the coefficient 1�P xið Þð Þγ is enlarged to
highlight the misclassified pixel xi. On the contrary, if xi
is correctly classified as tissue, P xið Þ will approach 1 and
1�P xið Þ is accordingly very small. By using a large γ, the
correctly classified pixels will receive less attention in
the subsequent training. We combine dice loss function
and focal loss function to construct the final DF_Loss:

The VGG-SeUnet is trained by DF_Loss for 60 epochs,
with a batch size of 2 and a learning rate of 5� e�4. The
model is fitted using the Adam optimizer.

3.3 | Automatic morphology-based
measurements

In order to measure the thickest subcutaneous soft tis-
sue areas from the segmentation results, this paper
establishes a morphology-based processing scheme. To
avoid the interference of the background, the seg-
mented image is converted into a binary map to facil-
itate further processing. In the binary map, the ROI
region (tissue region) is represented by 1 and the
background region is denoted by 0. A distance trans-
formation algorithm is adopted to store the MDs
between each non-zero pixel and all the zero pixels,
and then retrieve the maximum value from the
records. We regard the pixel where the maximum dis-
tance is retrieved as the center of the maximum
inscribed circle, and draw this circle whose radius

equals the maximum distance. The diameter stands
for the FASSTT. The distance transformation algo-
rithm can be interpreted by Figure 4.

The automatic measurement of FASSTT can be sum-
marized as Algorithm 1, where p represents the position
of the pixel.

The automatic measurement of FASSTT can be
depicted by Figure 5. Compared with clinical manual
measurements, our method has higher operational effi-
ciency and better generalization ability.

To give the readers better insight, we conduct unit
conversion from length in pixels to centimeters. The con-
version depends on the number of pixels per inch (DPI):

Lc ¼ Lp�2:54=DPI

where Lp denotes the length in pixels, Lc stands for the
length in centimeters and 2.54 means one inch equals
2.54 centimeters. As the image resolution is 96 DPI, 1 cm
can be approximated by 38 pixels in the conversion to
obtain the actual subcutaneous soft tissue thickness for
simplicity.

4 | EXPERIMENTS AND RESULTS

4.1 | Datasets and pre-processing

All experiments conducted in this paper used ultrasound
imaging data of fetal AC from Hangzhou Women's Hos-
pital, China. These data were collected from August 2020
to November 2021, and the segmentation boundary and

FIGURE 4 The pipeline of the distance transformation algorithm.

DF_Loss¼ 1� 2 XpTYgj j
Xpj jþ Ygj jþ

XN

i¼1

�α � c � 1�P xið Þð Þγ log P xið Þð Þ� 1�αÞ 1� cð ÞP xið Þγ log 1�P xið Þð Þð Þ
N

�
:

�
ð3Þ
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tissue thickness in each image were annotated by two
senior ultrasound chief doctors. The data have been
reviewed by the Ethics Committee under the approval
number 2023 Medical Ethics Review A (042). The mea-
surements were annotated in the form of file names and
the data were desensitized, as shown in Figure 6. The file
names consist of a number and length in centimeters.
The data set contains 135 fetal AC images and 135 seg-
mented and annotated images in JPG and PNG formats,
respectively, with a resolution of 1280 � 872 and 96 pixels
per inch (DPI). Data inclusion criteria: (1) Intrauterine
singleton pregnancy; (2) Chinese nationality, living in
East China for more than 2 years; (3) The time between
the last ultrasound examination before delivery and the
delivery time is less than or equal to 3 days; (4) Definite
gestational week, confirmed by fetal head-rump length
measured by ultrasound examination before
13 + 6 weeks of gestation; If ultrasound CRL results were
not obtained, gestational week could be confirmed by
fetal BPD, HC, AC and FL by mid-trimester ultrasound
examination; (5) Completion of pregnancy documenta-
tion in our hospital. Exclusion criteria: (1) Intrauterine
multiple pregnancy; (2) Week of gestation unknown;
(3) Presence of one or both spouses of non-Chinese
nationality; (4) Fetal abnormalities suggested by ultra-
sound or chromosomal examination.

In order to reduce the computational complexity of
the model and improve performance, the images of the
dataset were normalized and converted to a resolution of
512 � 512 before they were sent to the network for

FIGURE 5 Automatic measurement process (under 96DPI image resolution).

ALGORITHM 1 Automatic measurement
of FASSTT

Input:
Segmented ultrasound image S
Output:
Maximum inscribed circle image and

FASSTT
1: Initialize M¼ to store the minimum

distance
2: While there are still non-zero pixels in

S do:
3: Select one non-zero pixel sn
4: InitializeD¼ to store the distance
5: For each zero pixel sz do
6: Calculate dz ¼

���psn �psz

���
7: D¼D[dz
8: End for
9: Retrieve the minimum value dmin from D
10: M¼M[dmin

11: End while
12: Retrieve the maximum value dmax from M
13: Locate the pixel position [x, y] where dmax

emerges
14: Draw the maximum inscribed circle with

center [x, y] and radius dmax

15: FASSTT¼ dmax �2

YUAN ET AL. 7 of 13
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training. Note that altering the image resolution will not
change the DPI because DPI denotes the number of
pixels that can be rendered in each inch output of the dis-
play devices. The designated resolution meets the
requirements of the model, satisfactorily preserves the
structural details of the images, and significantly reduces
the computational cost of the model. In terms of dataset
partitioning, 20% of the images were randomly selected
as the test set and 80% as the training set. Also, consider-
ing the small number of datasets, the training images are
randomly enhanced by flipping, scaling, aspect warping,
and color gamut transformation to avoid overfitting and
enhance the generalization ability of the model.

4.2 | Evaluation criteria

In order to objectively and quantitatively measure the
effectiveness of the model, seven representative evalua-
tion metrics are used, including Average Error (AVE),
Root Mean Square Error (RMSE), Dice Coefficient (DSC),
Mean Intersection Ratio (mIou), Mean Pixel Accuracy
(mPA), Precision and Recall. AVE evaluates the measure-
ment results by comparing the actually measured thick-
ness with the labeled thickness. RMSE reduces the
impact of the error about individual sample to the total
error to improve the objectivity. Lower value of AVE and
RMSE denotes better result. The AVE and RMSE can be
computed through formula (4) and (5) respectively.

AVE¼ 1
n

Xn
i¼1

xilabel� xipred

��� ���, ð4Þ

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

xilabel�xipred

	 
2
,

s
ð5Þ

where xilabel denotes the truth thickness and xipred denotes
the predicted thickness. The remaining evaluation met-
rics are used to evaluate the segmentation result of the
model, and the higher the value is, the more accurate
the segmentation is. DSC can be computed as follows:

DSC¼ 2� ylabel
T
ypred

�� ��
ylabelj jþ ypred

�� �� , ð6Þ

where ylabel represents the annotated ROI (tissue) region
(pixel set) and ypred denotes the segmented tissue
region (pixel set). The principle about DSC has been
explained in Section 3.2. mIou can be computed as
follows:

mIou¼ 1
kþ1

Xk
i¼0

TPi

FNiþFPiþTPi
, ð7Þ

where k is the category ID, and category 0 denotes the
background class. In formula (7), TPi, FNi, FPi stands for
the number of True Positive, False Negative, and False
Positive samples with respect to each category. Similarly,
by defining TNi as the number of True Negative samples,
we obtain the mPA:

mPA¼ 1
kþ1

Xk
i¼0

TPiþTNi

TPiþTNiþFPiþFNi
: ð8Þ

Precision and Recall are used to evaluate the segmen-
tation performance of all categories:

Precision¼ TP
TPþFP

, ð9Þ

Recall¼ TP
TPþFN

: ð10Þ

4.3 | Ablation experiments

Tables 1 and 2 show the results of the ablation experi-
ment by comparing the segmentation and measurement
evaluation indicators of different module method

FIGURE 6 Fetal abdominal circumference ultrasound image dataset from Hangzhou Women's Hospital.
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configurations. Table 1 shows the segmentation results,
while Table 2 shows the FASSTT measurement results.
In these two tables, Unet means that the original Unet
network structure is used and the cross-entropy loss func-
tion is used for training; VGG-Unet means that the VGG-
16 network used for feature encoding is merged into
Unet; VGG-SeUnet means that the channel Attention
(Se module) is introduced into each jump connection in
VGG-Unet; VGG-SeUnet-DF_Loss means replacing the
cross-entropy loss function in VGG-SeUnet with
the DF_Loss function, the best results in the table are in
bold mark.

Table 1 indicates that the VGG-Unet outperforms
U-net considerably with DSC increasing from 78.2% to
86.7%, and the rest segmentation metrics also rise appar-
ently except that the Precision decreases slightly. The rea-
son is two-fold. First, there is usually a trade-off between
Precision and Recall, that is, higher Recall usually leads
to lower Precision. More importantly, the lower Precision
is caused by the additionally segmented soft tissue area
compared with the manually labeled ground truth. The
subcutaneous soft tissue is the peripheral annular region
that surrounds the entire abdomen of the fetus, and we
have to enlarge the segment area to guarantee that it con-
tains the thickest location of the subcutaneous soft tissue.
For the thickness measurement task, improving the per-
formance of the Recall is more important and more criti-
cal than improving the Precision.

Table 2 shows that the AVE of VGG-Unet is
reduced to 0.087 cm, which is far less than that of
U-net, that is, 0.17 cm. Similarly, the RMSE decreased
from 0.23 cm to 0.1 cm. Both measurement metrics are

reduced by more than 50%. Except for the significant
improvement of the holistic measurement result, the
VGG-Unet does not produce large errors for individual
images with measurements difference greater than
0.3 cm, which further demonstrates that a good
encoder can effectively improve segmentation and mea-
surement result. By incorporating the channel attention
that highlights the important channels to segmentation
and the DF_Loss that mitigates the sample imbalance
problem into VGG-Unet, the measurement results yield
further improvements. Specifically, the AVE of VGG-
SeUnet-DF_Loss is reduced to 0.065 cm and the RMSE
decreases to 0.081 cm, both of which are less than
0.09 cm. The ablation experimental results prove that
our model has higher segmentation performance and
measurement accuracy. To facilitate visual observation,
the absolute values of the differences between the pre-
dict and label thicknesses in the ablation experiment
are rendered into histograms and shown in Figure 7,
where the horizontal axis denotes the sample ID while
the vertical axis stands for the measurement error in
length (cm). As VGG, channel attention, and DF-Loss
are successively incorporated into the basic U-Net, the
measurement error is continually decreasing and there
are no longer individual samples with large errors,
which prove the validity of each module.

4.4 | Comparative experiments

We compared the segmentation as well as measurement
results of the proposed method with that of several
representative methods including U-net, ResNet5019-
Unet, SegNet,20 Mobilenet-DeepLabV3,21 LedNet,22

ResNet50-Pspnet23 and Segformer.24 The segmentation
comparison is shown in Table 3 and the measurement
comparison is shown in Table 4, where the best results
are shown in bold.

Table 3 shows that our method achieved the highest
DSC (88.9%), mIou (81.02%), mPA (90.44%), and Recall
(90.44%) among all the methods. Although Precision is
slightly lower than ResNet50-Unet, our method achieved
better holistic performance than other methods. We have

TABLE 1 Segmentation performance of different module configurations of VGG-SeUnet.

Method DSC (%) mIou (%) mPA (%) Precision (%) Recall (%)

U-net 78.20% 70.30% 73.07% 88.80% 73.07%

VGG-Unet 86.70% 79.16% 85.02% 88.67% 85.20%

VGG-SeUnet 87.80% 79.64% 86.84% 87.65% 86.84%

VGG-SeUnet-DF_Loss 88.90% 81.02% 90.44% 86.38% 90.44%

Note: The bold values indicate the best results about each evaluation metric.

TABLE 2 Measurement performance of different module

configurations of VGG-SeUnet.

Method AVE (cm) RMSE (cm)

U-net 0.1700 0.230

VGG-Unet 0.0870 0.100

VGG-SeUnet 0.0830 0.097

VGG-SeUnet-DF_Loss 0.0615 0.081

Note: The bold values indicate the best results about each evaluation metric.
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discussed the reason leading to lower Precision in
Section 4.3. Table 4 shows that our method had the smal-
lest AVE (0.0615 cm) and RMSE (0.081 cm), and no sam-
ples with large errors were observed. This proves that our
method achieves superior measurement accuracy to other
methods.

To intuitively show the segmentation results and the
positions where the FASSTTs were measured, we visual-
ized the prediction results by our method and several rep-
resentative methods in Figure 8, where the green circle
indicates the maximum inscribed circle under the doc-
tor's segmentation label (the diameter is the labeled

FIGURE 7 Histogram of the absolute value of the difference between the predicted and labeled thicknesses in the ablation experiment

on the test set.

TABLE 3 Segmentation results of our method and several representative methods.

Method DSC (%) mIou (%) mPA (%) Precision (%) Recall (%)

Unet15 78.20% 70.30% 73.07% 88.80% 73.07%

ResNet5019-Unet 87.70% 80.14% 86.17% 89.2% 86.17%

SegNet20 83.90% 74.90% 81.43% 85.37% 81.43%

Mobilenet-DeepLabV321 82.80% 73.56% 80.71% 83.55% 80.71%

LedNet22 75.40% 67.21% 78.20% 73.61% 78.20%

ResNet50-Pspnet23 81.20% 74.85% 80.81% 86.08% 80.81%

SegFormer24 77.6% 69.89% 74.88% 83.42% 74.88%

VGG-SeUnet-DF_Loss 88.9% 81.02% 90.44% 86.38% 90.44%

Note: The bold values indicate the best results about each evaluation metric.
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thickness), and red circles are the maximum inscribed
circles drawn from the predicted ROI area. As the seg-
mentation area to be measured is small, we have
enlarged and cropped the prediction results and the origi-
nal images to facilitate comparison between different
methods.

The first row shows the original image, the second
row shows the annotated image and the corresponding
positions of the maximum inscribed circles, and the
third to ninth rows show the subcutaneous soft tissue
segmentation results of different methods, and the posi-
tions where tissue thickness was measured. The seg-
mentation result obtained by our method is most
similar to the annotated image with smooth edges. The
locations of the maximum inscribed circles derived
from our method are also closest to that of the labeled
images.

Moreover, Figure 8 intuitively explains why our
method yields lower Precisions in Tables 1 and 3. In
Figure 8, the segmented area (rendered in dark gray) by
all the involved methods is a section of subcutaneous soft
tissue, which is usually much bigger than the ground
truth region annotated by the doctor. This is to include
the thickest area of the subcutaneous soft tissue as much
as possible. As a consequence, the segmentation results
inevitably decrease the Precision.

5 | DISCUSSION

Based on an encoder-decoder paradigm, this paper
proposes a new U-shaped attention network, VGG-
SeUnet, for automatic segmentation of the subcutane-
ous soft tissue region of the fetal abdominal and a
morphology-based measurement algorithm to measure
FASSTT. The VGG-16 network in the encoder part
improves the multi-level feature extraction capability
of the model. A channel attention module is used

between the encoder and decoder for re-weighting the
feature maps and highlighting the channels with key
information while suppressing the rest for better fea-
ture fusion. By performing convolution dimension
reduction and LeakyReLU activation in the classifier
before outputting the number of classification chan-
nels, the model complexity is reduced and the seg-
mentation performance is improved. In addition,
the DF_Loss function exploits both dice loss and focal
loss to solve the problem of sample imbalance
between foreground and background regions. Numer-
ous experiments have shown that our method can
effectively solve the segmentation problem with diffi-
culties including complex surrounding tissues, unclear
edges, and unbalanced sample distribution in the sub-
cutaneous soft tissue region.

Based on the segmented ROI region, this paper
proposes a morphological method to automatic mea-
surement of FASSTT. The key to this method is a
Distance Transform algorithm, which allows for sim-
ple and efficient localization of the thickest position
for accurate measurement. Experiments show that our
method not only distinguishes well between subcuta-
neous soft tissue areas and background but also out-
performs existing algorithms in terms of DSC, mIou,
mPA, Recall, AVE, and RMSE. Our method achieves
the lowest measurement error, which is below
0.09 cm, providing the best results in comprehensive
assessment. Due to the limited training samples and
the lack of publicly available datasets for fetal subcu-
taneous soft tissue thickness measurements, we had to
rely on data augmentation to increase the number of
training images, which is a limitation of this paper.
The proposed model would have performed better if it
could have been trained on a larger dataset.

6 | CONCLUSION

In this paper, we combine the VGG-SeUnet network,
DF_Loss loss function, and a morphology-based mea-
surement algorithm to propose an automatic approach
to FASSTT measurement. Our method does not con-
sume a large amount of computational resources. The
VGG-SeUnet network is trained in an end-to-end
manner without the need for manual feature extrac-
tion and possesses superior segmentation performance
compared with existing state-of-the-art networks. The
morphology-based measurement algorithm subse-
quently yields promising measurement results. The
proposed approach enables imaging physicians to
automate the measurement of FASSTT, so as to assist
physicians in the subsequent assessment of fetal devel-
opment and nutritional status.

TABLE 4 Measurement results of our method and several

representative methods.

Method AVE (cm) RMSE (cm)

Unet15 0.1700 0.2300

ResNet5019-Unet 0.0849 0.1100

SegNet20 0.0930 0.1200

Mobilenet-DeepLabV321 0.1800 0.2240

LedNet22 0.3000 0.3500

ResNet50-Pspnet23 0.1100 0.1400

SegFormer24 0.1669 0.2245

VGG-SeUnet-DF_Loss 0.0615 0.0810

Note: The bold values indicate the best results about each evaluation metric.

YUAN ET AL. 11 of 13

 10981098, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/im

a.23031 by H
angzhou N

orm
al U

niversity, W
iley O

nline L
ibrary on [14/03/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



AUTHOR CONTRIBUTIONS
Zhenming Yuan and Jian Zhang: Thesis guidance
and revision; Tianhao Xu: Programming and initial
draft writing; Cheng Yu and Xiaojun Ye: Data collec-
tion and annotation. All authors reviewed the
manuscript.

FUNDING INFORMATION
This paper is supported by the National Natural Sci-
ence Foundation of China under Grant
No. 61972361; Primary Research and Development
Plan of Zhejiang Province in China under Grant
No. 2020C03107.

FIGURE 8 Visualization of the segmentation results yielded by different methods and the maximum inscribed circle subsequently

derived from the segmentation results. Green circles indicate the positions where the FASSTT was annotated by doctors (the diameter is the

labeled thickness), and red circles are the maximum inscribed circles drawn from the predicted ROI area.
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