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Abstract—To investigate whether an improved U2-Net model could be used to segment the median nerve and
improve segmentation performance, we performed a retrospective study with 402 nerve images from patients
who visited Huashan Hospital from October 2018 to July 2020; 249 images were from patients with carpal tunnel
syndrome, and 153 were from healthy volunteers. From these, 320 cases were selected as training sets, and 82
cases were selected as test sets. The improved U2-Net model was used to segment each image. Dice coefficients
(Dice), pixel accuracy (PA), mean intersection over union (MIoU) and average Hausdorff distance (AVD) were
used to evaluate segmentation performance. Results revealed that the Dice, MIoU, PA and AVD values of our
improved U2-Net were 72.85%, 79.66%, 95.92% and 51.37 mm, respectively, which were comparable to the
actual ground truth; the ground truth came from the labeling of clinicians. However, the Dice, MIoU, PA and
AVD values of U-Net were 43.19%, 65.57%, 86.22% and 74.82 mm, and those of Res-U-Net were 58.65%,
72.53%, 88.98% and 57.30 mm. Overall, our data suggest our improved U2-Net model might be used for segmentation of ultrasound median neural images. (E-mail: gengdy@163.com) © 2022 The Author(s). Published by
Elsevier Inc. on behalf of World Federation for Ultrasound in Medicine & Biology. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Key Words: Image segmentation, Ultrasound, Median nerve, U2-Net model, Computer-aided diagnosis.

At present, artificial intelligence has been widely
used in various imaging diagnoses and treatments, and
the analysis of images by computer-aided diagnosis
(CAD) was first reported in the early 1960s (Mendelsohn
et al. 1965). For the past few years, deep learning has
become an important research area of machine learning
and has been involved in remarkable achievements in
the field of computer vision. Deep learning has thus been
applied to medical image segmentation, positioning,
detection and image fusion, and has facilitated the rapid
diagnosis of lesions (Shen et al. 2021). As a new biomedical image processing technology, medical image segmentation has made major contributions to sustainable
medicine and has become an important research direction in the field of computer vision (Kaluarachchi et al.
2021). Currently, image segmentation is being used to
assess the breast and thyroid system, the abdomen and
pelvis, obstetric heart and blood vessels, the musculoskeletal system and other organs (Bargsten et al. 2021;
Lang et al. 2021; Lee et al. 2021; Lian et al. 2021; Wang
et al. 2021a, 2021b; Zeng et al. 2021; Zhuang et al.

INTRODUCTION
Carpal tunnel syndrome (CTS) is a disease in which the
median nerve is compressed in the carpal tunnel, disrupting sensation and function in the innervation area (Pempel et al. 1998). It is the most common nerve
compression disorder, and often occurs in women
between 40 and 60 y of age (Alfonso et al. 2010). The
typical clinical manifestations of CTS are numbness in
the radial three and a half fingers and a representative
history of waking up with numbness in the middle of the
night (de Krom et al. 2008). In recent years, ultrasound
has become the main diagnostic method for CTS because
of its low cost and convenience (Cartwright et al. 2012).
However, ultrasonic examination also has its disadvantages; sometimes local compression is difficult to detect,
and the examination results can be subjective.
Address correspondence to: Dao-Ying Geng, Department of
Radiology, Huashan Hospital, Fudan University, 12 Middle Wulumuqi
Road, Shanghai, 200040, China E-mail: gengdy@163.com
1
Co-first author.

2512

Improved U2-Net model  J. SHAO et al.

2021). With improvements in resolution, an increase in
the utilization of ultrasound in musculoskeletal system
imaging has been observed; however, the correct segmentation of neural ultrasound images has remained a
challenge (Shin et al. 2021). Automatic detection of
median nerve structure from medical images is a key
step in early diagnosis of carpal tunnel syndrome. Proper
segmentation of median nerve provides clinicians with
information on the mechanism, diagnosis and treatment
of carpal tunnel syndrome. Correct identification of the
median nerve is the first step in the diagnosis of CTS.
For beginners, it is very time consuming to identify the
correct median nerve image, because it is difficult to distinguish the median nerve from the flexor tendon of the
finger. For experienced operators, it is time consuming
to measure the median nerve. An artificial intelligencebased segmentation algorithm allows accurate localization of the median nerve and faster and more standardized measurements of the median nerve, eliminating
operator dependence and inter-observer variability in
standardized measurements.
Algorithm updates, the strengthening of computing
power and the availability of large-scale data are three
factors that have facilitated the continuous improvement
of image segmentation. At present, U-Net networks are
used mainly for image segmentation, and various other
networks based on U-Net networks have been proposed
(Shelhamer et al. 2017). Fang et al. (2021) proposed a
new learning conceptual model, the generalized linear
model (GLM), which effectively overcomes the influence of poor quality and further improves the accuracy
of segmentation. Su et al. (2021) proposed a multiscale
U-Net (Msu-Net) for medical image segmentation,
which has been found to have the best performance using
different data sets (Su et al. 2021). Traditional image
segmentation methods (U-Net) have been used for
median nerve segmentation (Festen et al. 2021) and can
be reliably used to assess median nerve size obtained by
ultrasound, thus greatly reducing labor. U-Net is a convolutional neural network that was created by O. Ronneberger, P. Fischer and T. Brox. In this model, the feature
maps are extracted by four subsampling and restored to
original size by four upsampling, which eventually yield
segmentation results. When Festen et al. (2021) used the
U-Net network to segment the median nerve, the Dice
coefficient reached 0.88. When Huang et al. (2019) used
the U-Net network, its accuracy was 88.4%. Horng et al.
(2020) proposed a new coiled neural network framework
based on the U-Net model to segment median nerve, and
the Dice coefficient reached 0.8912, which improved
segmentation performance and generated satisfactory
results. Although U-Net (Ibtehaz et al. 2020) networks
have been used for median nerve image segmentation,
the inherent noise of ultrasound images (Gerritsen et al.
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1968; George et al. 1976; Yan and Zhuang 2003; Sites
et al. 2007; Fu et al. 2019; Pissas et al. 2020) greatly
impedes the clinician’s ability to distinguish carpal tunnel syndrome and segment and measure the median
nerve. In addition to median neural segmentation based
on a neural network, there are also many non-neural-network algorithms, such as threshold-based methods
(Rodrigues et al. 2011), which consider only gray statistics without considering spatial location information.
The graph-based method (Huang et al. 2012) requires
the operator to have rich inspection experience; the
active contour model (Huang et al. 2007) easily reduces
segmentation accuracy because of the false edge and
image noise of the ultrasound image. Because of the specific characteristics of ultrasound such as attenuation,
penetration, uniformity, shadow, real time and operator
dependence, as well as different image characteristics on
different devices, it is necessary to develop a rapid, accurate and automated screening tool to identify the median
nerve. The purpose of this study was to retrospectively
study the role of the U2-Net model in median neural
image segmentation.
METHODS
Data set
From October 2018 to July 2020, a total of 249
patients with carpal tunnel syndrome diagnosed by electromyography and operated on by the Department of
Hand Surgery, Huashan Hospital, Fudan University,
were selected, including 51 men and 198 women ranging
in age from 38 to 79 y (average: 55.39 § 7.98 y).
Another 153 healthy volunteers who visited during that
same period also participated, including 45 men and 108
women, ranging in age from 54 to 66 y (average: 56.20
§ 6.18 y) (patient demographics are summarized in
Table 1). A total of 402 cases were included in our study.
In addition, we cropped all images to 400 £ 300 to eliminate unnecessary information such as device ID and
acquisition time. Approximately 320 and 82 cases were
randomly used as the training and test sets.
An experienced ultrasound practitioner used an
acoustic (EPIQ5 diagnostic ultrasound scanner, Philips,
Bothell, WA, USA) S15-4 linear array probe to record a
transverse 2-D ultrasound image of the median nerve at
the level of the peas bone and delineate the nerve boundary in the 2-D ultrasound image. This retrospective study
was approved by the medical ethics committee of
Table 1. Patient demographics
Group

Number

Age (y)

Sex (M/F)

Education (y)

Case
Volunteer

249
153

55.39 § 7.98
56.20 § 6.18

51/198
45/108

15.00 § 3.00
15.60 § 3.00
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Huashan Hospital, Fudan University, and informed consent was obtained from each patient.
Pre-processing algorithms
Histogram equalization. In this study, we applied
contrast-limited adaptive histogram equalization
(CLAHE) (Pizer et al. 1987) and a 2-D filter to enhance
the image contrast. The CLAHE algorithm comprises
the following steps:
Step 1: Transform the original ultrasonic images
into gray-scale images B and divide B into several image
blocks b. The size of each b is k  k. The following
equations were used:
scale ¼

255
k  k



limit  scale
threshold h ¼ max 1;
256
Step 2: Compute histograms for each image block.
Step 3: Count the number of pixels u that exceed the
threshold h for each gray level of every sub-block histogram.
Step 4: Define the cumulative histogram of each
subblock as ’; ’ ¼ u  scale.
Step 5: Iterate over each point of the original image
and calculate the ’ values of the four vertices of the subblock where the point is located; then perform the bilinear interpolation to achieve the gray value of the transformed point. The medical image before and after
applying CLAHE are provided in Figure 1.
2-D filter. The 2-D filter uses a 3  3 convolution
to check the original image for convolution operation, and
the value of center pixel R5 = R1G1 + R2G2 + R3G3 +
R4G4 + R5G5 + R6G6 + R7G7 + R8G8 + R9G9, where
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R denotes the 3  3 image region, and G is the convolution kernel. The convolution operation can eliminate the
noise caused by the CLAHE algorithm and smooth the
image.
U2-Net. In this study, we modified U2-Net (Qin
et al. 2020), which was originally used for target detection, and combined this with the Adam optimizer to
form a modified U2-Net. As illustrated in Figure 2, our
model is a two-layer nested U-shaped structure, and the
outer layer is a large U-shaped structure consisting of 11
layers. Each layer is a small U-shaped structure L-RSU
(L is the number of layers in the encoder, Cin and Cout
denote input and output channels, respectively, and M
denotes the number of channels in the internal layers of
L-RSU). It includes six layers of encoding, five layers of
decoding and a feature fusion module. RSU can obtain
local and global contextual information, which is important for segmentation tasks.
We applied the L-RSU module in stages 14 and
replaced the pooling operations in the RSU module with
dilated convolutions in stages 5 and 6, in which the feature maps of the RSU module can be of the same size to
prevent the loss of important information. Each decoding
layer has a structure similar to that of the corresponding
encoding layer and receives the feature map of the coding layer as input. The feature fusion module was used
to generate segmentation results. The fusion module
resamples the six masks generated from the right side of
the model into a uniform input size through the 1  1
convolution and generates the final probability map
Rf use .
In addition, it is essential to select an optimizer to
update the parameters in our networks. Stochastic gradient descent (SGD) is the most popular optimizer for its
generalization. In this study, we used the Adam optimizer to accelerate the convergence.

Fig. 1. (a) Original image. (b) Contrast limited adaptive histogram equalization (CLAHE) image. (c) Image after 2-D filter. The arrows indicate the carpal tunnel syndrome lesions.
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Fig. 2. Structure of U2-Net.

The loss function of U2-Net is based on the Dice
similarity coefficient (DSC), which is defined as
L ¼

M
X

ðmÞ ðmÞ

wpart ‘part þ wf use ‘f use

ð1Þ

m¼1
ðmÞ

where l part (M = 5) is the loss of the side output mask
ðmÞ
map Rpart and AptCommandmathcallf use is the loss of the
ðmÞ
fusion results Rf use . wpart and wf use are the weights of
each loss l . We used the DSC to calculate loss
P
2 Ni¼1 pi qi þ e
‘ ¼ 1  PN 2
ð2Þ
PN 2
i¼1 pi þ
i¼1 qi þ e
where N is the number of total pixels on the segmentation output; pi and qi are the pixels of predicted segmentation results and the ground truth label, respectively;
and e is a small value to prevent the denominator from
being zero. Figure 3 illustrates the loss during training
through 250 training epochs.

Implementation details
The iteration of the segmentation network is 250,
and the batch size is 8. We used the Adam optimizer to
update the gradient with an initial learning rate of 0.0001
and a momentum b1 = 0.9. The experiment was
deployed under the Pytorch framework and trained with
NVIDIA Titan GPU.
Evaluation metrics
Four evaluation metrics were used to evaluate the
performance of the segmentation network in this study:
Dice, PA, MIoU and AVD (Taha and Hanbury 2015).
Among these, Dice is the most frequently used metric in
validating medical pixel segmentations, and measures
the similarity between the ground truth (the ground truth
boundary comes from the labeling of clinicians, and we
selected three clinicians for labeling, including two for
labeling and one for auditing) and segmentation result
and is defined as
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¢ k is the Euclidean distance. The lower the AVD value,
the closer is the segmentation result to ground truth.
Statistical analysis
We used analysis of variance (ANOVA) tests and ttests to verify whether the segmentation performance of
our proposed method is significantly different from that
of the other networks. These tests were statistically analyzed using Python 3.8 and GraphPad Prism 8.
RESULTS

Fig. 3. Train loss through 250 training epochs.

Dice ¼ PN

2

PN
i¼1

2
i¼1 pi þ

pi qi
PN
i¼1

ð3Þ

q2i

where N is the number of total pixels on the prediction
masks; and pi and qi are the pixels of the predicted segmentation result and the ground truth label, respectively.
PA is given by the expression
PA ¼

TP þ TN
TP þ TN þ FP þ FN

ð4Þ

where TP, TN, FP and FN represent the amounts of truepositive, true-negative, false-positive, and false-negative
results, respectively.
MIoU is the ratio of the intersection and union of
predicted results and the ground truth, and can be
expressed as
MIoU ¼

TP
FN þ FP þ TP

ð5Þ

AVD describes the degree of similarity between
two sets of points and is defined as
8
< H ðA; BÞ ¼ maxðhðA; BÞ; hðB; AÞÞ
hðA; BÞ ¼ maxða 2 AÞminðbeBÞa  b
ð6Þ
:
hðB; AÞ ¼ maxðb 2 BÞminðaeAÞb  a
where A and B are the sets of predicted results and the
ground truth, a and b are members of sets A and B and k

Because previous studies did not perform CTS segmentation, to verify the superiority of our model we
compared it with classical segmentation networks such
as U-Net (Ronneberger et al. 2015) and Res-U-Net
(Xiao et al. 2018). Of these, U-Net is a semantic segmentation algorithm using fully convolutional networks.
Res-U-Net is based on the original U-Net model and
adds a weighted attention mechanism.
As outlined in Table 2, when compared with the
other networks, our proposed modified U2-Net achieved
the best segmentation performance values, including
Dice (72.85%), the best MIoU (74.36%), the best PA
(87.92%) and the best AVD (113.65 mm), which are
closest to the ground truth. In addition, the metrics of
Res-U-Net were significantly better than those of U-Net.
These findings indicate that local and global contextual
information is more important for segmentation tasks.
In Figure 4 are the boxplots of the different
networks’ evaluation metrics. The boxplot is a statistical
chart that depicts the distribution of data, including the
maximum, minimum, median and upper and lower quartiles of a set of data. The results of U-Net and Res-U-Net
reveal a wide range of distribution, which indicates their
test results are largely influenced by the test samples. In
contrast, the results of the modified U2-Net are more
concentrated and have the best data distribution results,
which indicates that our model is more robust. As outlined in Table 3, the p values of ANOVAs and t-tests are
all <0.05, which indicates that our model has a significantly better performance.
The segmentation results of the different networks
are illustrated in Figure 5. The (a) U-Net and (b) Res-U-

Table 2. Evaluation metrics for different segmentation networks
Segmentation network
U-Net
Res-U-Net
U2-Net

Metric
Dice (%)

MIoU (%)

PA (%)

AVD (mm)

43.19 § 0.31
58.65 § 0.27
72.85 § 0.25

65.57 § 0.15
72.53 § 0.13
79.66 § 0.13

86.22 § 0.19
88.98 § 0.12
95.92 § 0.01

74.82 § 66.49
57.30 § 55.54
51.37 § 49.54

AVD = average Hausdorff distance; Dice = Dice coefficient; MIoU = mean intersection over union; PA = pixel accuracy.
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Fig. 4. Boxplots of different networks’ evaluation metrics. AVD = average Hausdorff distance; Dice = Dice coefficient;
MIoU = mean intersection over union; PA = pixel accuracy.

Net misclassified areas that were not lesions in case 1
and divided the region of interest into background sections in case 2 (c). U2-Net performs well in both cases 1
and 2, which exhibits minimal undersegmentation and is
closer to the ground truth. In case 3, the three models
cannot segment the region of interest because of the
extreme similarity between background and foreground,
but U2-Net is more stable in various ultrasound cases
compared with the other models.

DISCUSSION
Our study describes a new image segmentation
method that first uses CLAHE and a 2-D filter to enhance
image contrast, then uses coil weaving to eliminate noise
generated by the CLAHE algorithm to generate
smoother images and combines this with the Adam optimizer to optimize the algorithm to form an improved
U2-Net model. As outlined in Table 1, the performance
of U2-Net is significantly better than that of the U-Net

Table 3. ANOVA test and t-test on metrics for different segmentation networks
U2-Net vs. U-net

U2-Net vs. Res-U-Net

p Value

Levene’s test

ANOVA

t-Test

Levene’s test

ANOVA

t-Test

Dice
MIoU
AVD
PA

0.235
0.058
0.765
0.126

0.027
0.003
0.014
0.039

0.038
0.001
0.031
0.002

0.079
0.308
0.473
0.075

0.016
0.005
0.031
0.024

0.005
0.007
0.026
0.039

ANOVA = analysis of variance; AVD = average Hausdorff distance; Dice = Dice coefficient; MIoU = mean intersection over union; PA = pixel
accuracy.
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Fig. 5. Columns from left to right are the segmentation results of carpal tunnel syndrome lesions by different networks
and the ground truth. (a) Original image. (b) U-Net. (c) Res-U-Net. (d) U2-Net. Rows from up to down are the samples
(cases 13).

and Res-U-Net models. As illustrated in Figure 4, the
U2-Net model mitigates the disadvantage of U-Net’s
and Res-U-Net’s ability to be influenced by test samples,
and its results are denser and generate the best data distribution. These results indicate that the improved U2Net model used in this study enhances the accuracy of
median nerve segmentation.
The U-Net model is one of the most popular whole
rolls of woven network models and has been widely
used in medical image segmentation, including both the
encoder and the decoder, between which layers are
skipped to connect the two (Ronneberger et al. 2015). It
can extract image features with limited samples and
achieve high segmentation accuracy, exceeding the
accuracy of traditional methods, and it illustrates the
potential of efficient automatic segmentation. It can
reduce delineation time and eliminate differences
between and within observers (Young et al. 2011;
Daisne and Blumhofer 2013). At present, there are
many variant networks of U-Net such as Res-U-Net,
HDA-Res-U-Net (Wang et al. 2021a, 2021b), CS2-Net
(Mou et al. 2021) and UV-Net (Zhang et al. 2021), all
of which have achieved good segmentation results. UNet can be realized in 2-D or 3-D format, both of which

have their advantages and disadvantages. With 2-D
U-Net, numerous samples can be learned, but because
each image is independently processed, the 3-D direction of information is reduced. However, while using 3D U-Net, the number of samples is decreased, but the
amount of information of each sample is increased, and
so the 3-D information direction is enriched. In addition, compared with 2-D U-Net, 3-D U-Net requires a
larger amount of computing resources and longer computing time (Nemoto et al. 2020). In this study, 2-D UNet was adopted to train through slices and make full
use of 2-D plane spatial information in each slice. In
terms of the algorithm, parallel coiling cores of different sizes are used to view the image region of interest
of different scales in the initial block. Currently, 1 £ 1,
3 £ 3, 5 £ 5 and 7 £ 7 coiling operations are commonly
used. The 1 £ 1 coiling operation can reduce the number of parameters and broaden the network channel
with the least parameters. In this study, we used 3 £ 3
volume weaving to reduce computational overhead and
network parameters. We obtained output information
from three volume-weaving blocks, connected them
together to extract spatial features from different scales
and generated good results.

Improved U2-Net model  J. SHAO et al.

The model we proposed not only retains the characteristics of traditional U-Net, but also adds the L-RSU
module to learn low-dimensional and high-dimensional
features. The convergence of the loss function can be
accelerated by calculating the difference between the
segmentation results and the ground truth of each layer.
The models proposed by Festen et al. (2021) and Horng
et al. (2020) were simply applications for U-Net. In addition, our data set contains only 402 images, whereas
those of Festen et al. and Horng et al. contained 5560
and 1680 images, respectively. But our Dice coefficient
is only about 0.1 lower than that for their model. Therefore, our proposed model will definitely perform better
than their algorithms if we have the same amount of
data.
Compared with manual and other automatic segmentation methods, the U2-Net model does have a performance advantage. However, there is room for
improvement in terms of accuracy based on some limitations: (i) Our accuracy is based on the manual segmentation, which is influenced by the user’s variability and
change. (ii) The 3 £ 3 volume weaving operation leads
to relatively few-feature scales and a lack of multiscale
features. (iii) Because U2-Net uses many slices but
ignores the information between slices, the segmentation
accuracy is reduced. (iv) The design of the image segmentation network is usually severely limited by central
processing unit and computer memory. (v) The sample
size of the test is limited, and the segmentation of medical images requires more annotated high-resolution
images, which requires individuals with medical backgrounds to annotate a large number of training image
data sets. (vi) This study only examined only the median
nerve, and thus excluded other peripheral and small
nerves. (vii) This study could only identify the median
nerve, not diagnose disease, and was unable to determine
disease severity.
Ultrasound has been extensively used in routine
peripheral nerve examination. Electrophysiological
examination and magnetic resonance examination are
also two important examination methods. Electrophysiological examination is considered the gold standard for
the diagnosis of peripheral neuropathy, but it can cause
trauma to the patient and may generate false-negative
results. Although magnetic resonance imaging is currently the best imaging test for diagnosing peripheral
neuropathy, it is expensive and unsuitable for patients
with metal implants and claustrophobia. Manual segmentation is generally time consuming and laborious,
and thus the demand for automatic neural segmentation
has increased. Automatic or semi-automatic artificial
intelligencebased segmentation exhibits potential
advantages with respect to peripheral nerve segmentation because of its nearly instant evaluation, cost-
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effectiveness and high reproducibility. Many image segmentation models have been used to segment peripheral
nerves with good results.
CONCLUSIONS
Image segmentation has been widely used in ultrasound. The main contribution of this study was development of an improved model called U2-Net, which was
compared with U-Net and Res-U-Net. The results indicate that the segmentation accuracy of U2-Net is superior, thus providing evidence that our model may be
interchanged with manual segmentation. In view of the
good performance of U2-Net in median nerve segmentation, it would be productive to further study these methods and improve them for potential use in the image
segmentation of other neural entities.
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