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ABSTRACT Skeletal muscle segmentation of the L3 slice can be used to estimate total body skeletal muscle
mass. However, site-specific three-dimensional (3D) segmentation of each region, such as the erector spinae,
quadratus lumborum, psoas major, oblique muscle, and rectus abdominis, in the L3 slice has not yet been
achieved for the accuratemeasurement of skeletal musclemass. Herein, we propose amethod for site-specific
3D segmentation of skeletal muscles in the L3 slice from body CT images. We focused on the characteristics
of the erector spinae muscle (ESM), which can be simultaneously observed with other skeletal muscles on
craniocaudal slices and can be accurately segmented using machine learning. We introduce a segmentation
method with ESM (w/ESM) using 2D U-Net for the simultaneous learning of the erector spinae and skeletal
muscles, which are recognized as targets. In a three-fold cross-validation using 30 CT image cases, the mean
Dice value of the baseline method, without ESM (wo/ESM), was 0.637, whereas that for the segmentation
of skeletal muscles by w/ESM was 0.864, an improvement of 0.227. Our method improves the accuracy
of site-specific segmentation of skeletal muscles within the L3 slice and helps evaluate the skeletal muscles
through 3D imaging. This effect of w/ESMwas confirmed for the skeletal muscles within the L3 slice as well
as the trapezius and supraspinatus muscles. These results demonstrate the effectiveness of simultaneously
learning the erector spinae and skeletal muscles in improving the accuracy of site-specific segmentation of
skeletal muscles.

INDEX TERMS Erector spinae muscles, L3 slice, simultaneous learning, skeletal muscles, U-Net.

I. INTRODUCTION
The evaluation of skeletal muscle mass and adipose tissue
within skeletal muscles helps understand the skeletal muscle
health and function [1], [2], [3], [4], [5], [6]. For example,
sarcopenia is a condition wherein the skeletal muscle mass
significantly decreases with age, leading to reduced muscle
strength and functionality [1]. This may further result in
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physical and functional disabilities [2]. In addition, decreased
skeletal muscle mass in lung cancer patients is caused
by cancer-associated cachexia (CAC) [3]. In patients with
chronic obstructive pulmonary disease (COPD), a correlation
has been observed between disease severity and decrease in
the cross-sectional area of the erector spinae [4]. Moreover,
the erector spinae plays a crucial role in spinal disorders
[5]. These findings illustrate the significance of measuring
skeletal muscle characteristics such as muscle mass, muscle
density, and fat infiltration (FI) [6]. These skeletal muscle
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features can be measured using CT images and can be useful
in disease prediction and patient prognosis through diagnostic
imaging [6]. The skeletal muscle mass index (SMI), which
is the amount of skeletal muscle mass in the third lumbar
vertebra (L3) section normalized by the square of the height,
is used to quantify skeletal muscle mass [7]. This index is
used because the skeletal muscle mass in the L3 cross-section
correlates with the total body skeletal muscle mass [8].
Previously, the semi-automatic segmentation of skeletal

muscles in L3 cross-sections has been performed using
software-based thresholding [9], and automatic segmentation
has been performed using deep learning [10], [11], [12]. In the
automatic segmentation of skeletal muscles using deep learn-
ing, multiple skeletal muscles within the L3 cross-section are
segmented as a single region [10], [11]. In other words, the
erector spinae, quadratus lumborum, psoas major, external
oblique abdominis, internal oblique abdominis, transverse
abdominis, and rectus abdominis were segmented into the
same skeletal muscle region without any distinction. Addi-
tionally, multiple skeletal muscles within the L3 cross-section
have been site-specifically segmented [12]. Moreover, these
techniques are limited to segmentation within the L3 cross-
section and do not allow a three-dimensional (3D) evaluation
of individual skeletal muscles.

In contrast, the method for site-specific 3D segmenta-
tion of skeletal muscles involves automatic segmentation by
constructing shape models that mathematically represent the
general form of skeletal muscles [13]. In such shape-model-
based muscle segmentation, origins and insertions, which
are the anatomical attachment points of muscles, are used
to locate individual skeletal muscles. These points must be
recognized as landmarks (LMs) in a computational environ-
ment. The skeletal muscle is segmented by placing a shape
model along the centerline connecting these LMs. However,
muscle segmentation based on shape models presents two
challenges. First, it is limited to skeletal muscles, where
LM recognition is possible. Second, the accuracy of skeletal
muscle segmentation depends on the accuracy of the shape
model placed on the centerline, which indicates the direc-
tion of the muscle fibers generated from the obtained LMs
[13]. Therefore, machine learning-based skeletal muscle seg-
mentation that does not rely on these handcrafted features
has been investigated. For example, while segmenting the
erector spinae using random forests, iterative learning with
multiple resolutions resulted in an accuracy of 93.0% [14].
Additionally, the use of deep learning technology has led
to the segmentation of the supraspinatus and erector spinae
muscle (ESM) using a two-dimensional convolutional neural
network [15], [16]. In the lower limbs, the simultaneous
segmentation of 19 skeletal muscle regions has been achieved
[17]. Thus, the possibility of site-specific skeletal muscle
segmentation has increased significantly compared to shape-
model-based methods because of the automatic acquisition of
features through machine and deep learning. Moreover, while
3D recognition of skeletal muscles has been conducted, albeit

for limited targets, there is a lack of research elucidating the
effects of simultaneously learning multiple skeletal muscles.

In this study, we propose a method for 3D site-specific
segmentation of skeletal muscles in an L3 cross-section using
deep learning. We focused on the erector spinae, which is the
largest skeletal muscle located on the back [18]. Many skele-
tal muscles can be simultaneously observed with the erector
spinae in the craniocaudal cross-section. Moreover, machine
learning-based methods have achieved high accuracy in seg-
menting the erector spinae (93.0% [14] and 93.4% [16]).
Therefore, we expect to use the erector spinae to improve the
3D segmentation accuracy of site-specific skeletal muscles in
the L3 cross-section. We compared the accuracy of segment-
ing each skeletal muscle in the L3 cross-section, including the
quadratus lumborum, psoasmajor, obliquemuscle, and rectus
abdominis, by using the proposed method of simultaneous
learning with the erector spinae (w/ESM) and individual
learning without the erector spinae (wo/ESM).

II. METHODS
A. OVERVIEW
In this study, we propose a method for the automatic seg-
mentation of skeletal muscles in the L3 cross-section in body
CT images. We used 2D U-Net [19]—which is widely used
for automatic segmentation in medical imaging [20]—as our
deep learning framework. An outline of the proposed method
is shown in Fig. 1. It is a general training test model wherein
the ESM and a target skeletal muscle are selected, and both
skeletal muscle regions are learned simultaneously. Conse-
quently, a segmentation network of the erector spinae and
target skeletal muscle is constructed. In the segmentation
results, only the target skeletal muscle is extracted and
integrated, which enables site-specific segmentation of the
skeletal muscles depicted in the L3 cross-section. A detailed
explanation of the proposed method is given below.

B. SITE-SPECIFIC SEGMENTATION WITH SIMULTANEOUS
LEARNING OF ERECTOR SPINAE MUSCLES (w/ESM)
We performed site-specific segmentation of the quadratus
lumborum, psoas major, oblique muscles (internal oblique,
external oblique, and transverse abdominal muscles), and
rectus abdominis in the L3 cross-section. In the site-specific
segmentation of skeletal muscles, the key point is to simulta-
neously learn the erector spinae and skeletal muscles in the
L3 cross-section. During training, simultaneous learning was
performed by selecting a region of the skeletal muscle to be
segmented from the body CT images and one of quadratus
lumborum, psoas major, oblique muscles, and rectus abdomi-
nis, and then inputting the two regions together with the ESM
into 2D U-Net. Each skeletal muscle was then segmented
on the input CT image, which was unknown during testing.
The 2D U-Net consists of an encoder and a decoder. In the
encoder, 3 × 3 convolution is applied twice and max pooling
once, and this process is repeated four times followed by
a 3 × 3 convolution twice to the feature map. In the decoder,

VOLUME 12, 2024 15469



M. Kawamoto et al.: Simultaneous Learning of ESM for Automatic Segmentation

FIGURE 1. Overview of proposed method for automatic segmentation of skeletal muscles via simultaneous learning of erector spinae in body CT images.

the feature map is combined with the corresponding feature
map of the encoder using up convolution, and a 3 × 3 convo-
lution is repeated twice. In the sequence, batch normalization
[21] and rectified linear unit (ReLU) [22] are applied. Finally,
a 1 × 1 convolution and the softmax activation function
are applied. In this network, the target skeletal muscles and
erector spinae are segmented. Therefore, only the region of
the target skeletal muscle is selected from the segmentation
results and used as the site-specific segmentation result of
the skeletal muscle. The target skeletal muscles and erector
spinae are assigned different label values and could be distin-
guished, thus configuring a multiclass classification problem
that classifies the two skeletal muscle areas and background.
The loss function employed is the same as that used in [15];
we combined Cross Entropy (CE) and Dice, with weights of
0.5 and 1 assigned to CE and Dice, respectively, as shown
below:

lossCE = −

∑C
j=0

∑N
i=0 yij log

(
ŷij

)
N

, (1)

lossDice = −
1
N

2 ×
∑C

j=0
∑N

i=0 yijŷij + smooth∑C
j=0

∑N
i=0 yij +

∑C
j=0

∑N
i=0 ŷij + smooth

,

(2)

loss = 0.5 × lossCE + lossDice, (3)

whereN refers to the number of pixels,C refers to the number
of classes to be classified, yij and ŷij indicate the ground
truth and prediction probability, respectively, at coordinate i

in class j, and smooth is a constant to avoid division by zero,
which was set to 1 in this study.

III. EXPERIMENTS
A. IMAGE DETAILS AND EXPERIMENTAL ENVIRONMENT
This study was approved by the ethical review committees
of Gifu University (28-120, December 9, 2022) and Aichi
Prefectural University (Jo2022-049, January 4, 2023). In this
study, we used 30 unenhanced body CT images obtained
using a LightSpeed Ultra 16 (GE Healthcare, Chicago, IL,
USA) at Gifu University Hospital. The image size was
512 × 512 × 802 - 1104 [voxel], and the spatial resolu-
tion was 0.625 × 0.625 × 0.625 [mm]. The ground truth
was created by manually segmenting the erector spinae,
quadratus lumborum, psoasmajor, obliquemuscle, and rectus
abdominis.

Experiments were conducted on a computer with four Tesla
V100 (32 GB) graphics processing units (GPUs). We used
TensorFlow 2.6.0 [23] and Keras 2.6.0 as machine learning
libraries. Furthermore, during learning, the parameters of 2D
U-Net were set as follows: 50 for the number of epochs,
3×10−4 for the learning rate, 4 for the batch size, and Adam
[24] was used as the optimization function. In this study,
we used data augmentation for the training images during
learning. The shear transformations of random angles from
−π /8 to π /8, rotations from −10◦ to +10◦, enlargements
and reductions to ensure that the length of one side of an
image changes from 0.65 times to 1.35 times, and a horizontal
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TABLE 1. Evaluation results.

flipping were applied. The volume of training data was set to
eight times the number before augmentation.

B. EVALUATION
We used Dice, precision, and recall to evaluate the similarity
between the segmentation results of the skeletal muscles in
the L3 slice and ground truth. The metrics are defined as
follows:

Dice =
2 × |Res ∩ GT |

|Res| + |GT |
, (4)

Recall =
|Res ∩ GT |

|GT |
, (5)

Precision =
|Res ∩ GT |

|Res|
, (6)

where Res is the segmentation result, GT is the ground
truth, and | | returns the number of voxels contained in the
region. The segmentation accuracy of the skeletal muscles
was evaluated using three-fold cross-validation using 20 of
the 30 images as training data and 10 images as test data.

The proposed method was compared with the learning
of skeletal muscles recognized within the L3 slice alone
(wo/ESM). The segmentation of each skeletal muscle repre-
sents a two-class classification between the skeletal muscle
and the background. A sigmoid function was applied as the
activation function of the 2D U-Net. The loss function used
was a combination of binary cross entropy (BCE) and Dice.

lossBCE =−

∑N
i=1

[
yi log

(
ŷi

)
+ (1 − yi) log

(
1 − ŷi

)]
N

, (7)

lossDice = −
2 ×

∑N
i=0 yiŷi + smooth∑N

i=0 yi +
∑N

i=0 ŷi + smooth
, (8)

loss = 0.5 × lossBCE + lossDice, (9)

where yi and ŷi indicate the ground truth and prediction prob-
ability at coordinate i, respectively, and the other variables
have the same meaning as that described in (1)–(3).

IV. RESULTS
Table 1 presents a baseline comparison of the site-specific
segmentation accuracy of each skeletal muscle by w/ESM
and wo/ESM. The mean Dice value for all skeletal muscles
obtained using the proposed method was 0.864 (SD:0.098).
By contrast, the mean Dice value for all skeletal muscles

using the baseline was 0.637 (SD:0.371). The distributions
and densities of the Dice values for w/ESM and wo/ESM
are shown in the violin plot in Fig. 2. Fig. 2 shows that the
mean Dice values for all skeletal muscles (quadratus lum-
borum, psoas major, oblique muscle, and rectus abdominis)
were higher in the w/ESM group, and the distribution of
data in the w/ESM group was more concentrated than in the
wo/ESM group, indicating less variability in the distribution.
Particularly, the w/ESM group showed a higher distribution
peal in the quadratus lumborum and oblique muscles, nar-
rower width, and greater improvement. The outliers were also
improved by w/ESM for all skeletal muscles, indicating the
effectiveness of the proposed method.

Fig. 3 shows the site-specific segmentation results on the
L3 section for each skeletal muscle (a) and the areas of over-
and under-extraction (b). In this example, under the proposed
method (w/ESM), the under-extraction of the quadratus lum-
borum and oblique muscles observed at baseline (wo/ESM)
was improved.

V. DISCUSSION
The results demonstrated that w/ESM improved the segmen-
tation accuracy of the skeletal muscles in the L3 section.
First, we discuss the recognition accuracy of the ESM, which
was trained simultaneously with a recognition target. The
mean Dice value of the ESM was 0.930 (SD:0.015) when
trained alone (wo/ESM). By contrast, the mean Dice values
of the ESM when trained simultaneously with the quadratus
lumborum, psoas major, oblique muscle, and rectus abdomi-
nis (w/ESM)were 0.922 (SD:0.023), 0.922 (SD:0.023), 0.924
(SD:0.028), and 0.928 (SD:0.016), respectively. These results
indicate that when the ESM, which has a high segmentation
accuracy and small variance, is solely used for training, it can
be stably recognized and can improve the segmentation accu-
racy of other skeletal muscles.

Next, we conducted simultaneous learning of the erec-
tor spinae muscle (w/ESM) for skeletal muscles other than
those in the L3 section and examined its effects. We targeted
the trapezius, which is a large muscle on the back, and
the supraspinatus—a small muscle in the scapular region. The
skeletal muscles were used for site-specific 3D segmentation
[13], [15]. From the simultaneous learning of the erector
spinae muscle (w/ESM), the mean Dice values of the trapez-
ius and supraspinatus muscles determined using the proposed
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FIGURE 2. Violin plots of Dice values for the quadratus lumborum, psoas major, oblique muscle, and rectus abdominis from the baseline (wo/ESM) and
the proposed method (w/ESM). Dice values of the baseline and proposed methods are shown in red and blue, respectively.

methodwere 0.876 (SD:0.080) and 0.883 (SD:0.068), respec-
tively. However, for the baseline without the erector spinae
muscle (wo/ESM), the mean Dice values for the trapez-
ius and supraspinatus muscles were 0.527 (SD:0.384) and
0.259 (SD:0.375), respectively. Therefore, w/ESM improves
the site-specific segmentation accuracy of skeletal muscles
compared to that of wo/ESM and is not limited to the
skeletal muscles in the L3 section. Fig. 4 shows the 3D
rendered images of the site-specific segmentation results, the
ground truth image obtained by the proposed method, and the
baseline in the same case. The proposed method improved
the under-extraction of the trapezius, quadratus lumborum,
and supraspinatus, with Dice values of 0.904, 0.816, and
0.892, respectively. By contrast, the baseline showed an
under-extraction area in the trapezius with a Dice value of
0.638, and the quadratus lumborum and supraspinatus were
recognized as background area.

Next, we show that in the case of w/ESM, the segmentation
accuracy of each skeletal muscle improved by simultaneously
learning the ESMs. Table 2 presents the skeletal muscle
segmentation results when the model was trained on each
skeletal muscle simultaneously with skeletal muscles other
than the ESMs. The segmentation accuracy for w/ESM was
the highest among all skeletal muscles. Compared to the
baseline, the segmentation accuracy improved for all combi-
nations for the quadratus lumborum and trapezius. However,
for some combinations of the psoas major, rectus abdominis,

oblique muscle, and supraspinatus, the segmentation accu-
racy decreased. In particular, the psoas major and rectus
abdominis muscles showed decreased segmentation accuracy
owing to simultaneous learning for all combinations except
the ESM. Thus, using the ESM as a target for simultaneous
learning is optimal when aiming to improve the segmentation
accuracy of each skeletal muscle.

Finally, we compared the accuracy of skeletal muscle
segmentation in the L3 cross-section with those achieved
in related studies. The proposed method aims to segment
individual muscles in the L3 cross-section, and it also enables
the segmentation of all muscles in the L3 cross-section.
In other words, the segmentation results of the skeletal mus-
cles in the L3 cross-section obtained using w/ESM can be
treated as one region. The mean Dice value was 0.921 (SD:
0.058), which has a similar accuracy to that of the Dice
value of 0.93 (SD: 0.03) achieved for skeletal muscles by
the method by Castiglione et al. [10]. The proposed method’s
site-specific segmentation in the L3 cross-section achieved
mean Dice values of 0.869 (SD:0.085), 0.916 (SD:0.087),
0.884 (SD:0.182), and 0.837 (SD:0.208) for the quadratus
lumborum, psoas major, oblique muscle, and rectus abdo-
minis, respectively, and the mean Dice value for all skeletal
muscles was 0.891 (SD = 0.141). Furthermore, the mean
Dice value for the 3D evaluation when the skeletal muscles
within the L3 cross-section were integrated into one region
based on the proposed method was 0.902 (SD:0.036), and
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FIGURE 3. Segmentation results for each skeletal muscle in the L3 cross-section. (a) Coincident regions with the correct region for
erector spinae, quadratus lumborum, psoas major, oblique muscle, and rectus abdominis are shown in yellow, red, purple, green,
and light blue, respectively. (b) Over- and under-extraction are shown in pink and brown, respectively.

FIGURE 4. 3D volume rendered images of the segmentation results for each skeletal muscle. (a) Baseline (wo/ESM) segmentation results and Dice
values. (b) Segmentation result using the proposed method (w/ESM) and the Dice value. Erector spinae, quadratus lumborum, psoas major, oblique
muscle, rectus abdominis, trapezius, and supraspinatus muscles are shown in yellow, red, purple, green, light blue, blue, and pink, respectively.

the mean Dice value for all skeletal muscles in site-specific
segmentation was 0.864 (SD:0.098). These results indicate
that the proposed method not only achieves an accuracy
equivalent to those achieved in related research on skeletal
muscles in the L3 cross-section but also achieves site-specific

segmentation accuracy and enables site-specific skeletal mus-
cle segmentation in 3D [12].

This study has some limitations; the improvement due to
w/ESM was evident in the segmentation of skeletal muscles,
which were the target of site-specific segmentation; however,
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TABLE 2. Evaluation results for each skeletal muscle combination.

variability existed in the effects between skeletal muscle sites,
making it challenging to predict the effects of w/ESM quan-
titatively on unknown subjects. Thus, although the effect of
w/ESM on site-specific skeletal muscle segmentation in this
study was most pronounced for the supraspinatus, quadra-
tus lumborum, and trapezius muscles, the effect of w/ESM
on improving the segmentation accuracy was limited to the
psoasmajor and rectus abdominis. Therefore, in futureworks,
in site-specific skeletal muscle segmentation for skeletal mus-
cles within the L3 cross-section proposed in this study and

for skeletal muscles other than the trapezius and supraspina-
tus, the simultaneous learning of the ESM and the target
skeletal muscle by w/ESM should be considered first, along
with a comparison of accuracy with wo/ESM. Furthermore,
the relationship between the ESM and target skeletal mus-
cle must be quantified. The proposed method utilized 2D
U-Net for carrying out 3D recognition. However, in the realm
of medical image segmentation, organ recognition has been
conducted using 3D networks [25]. Therefore, it is essential
to explore whether the insights garnered through w/ESM in
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skeletal muscle segmentation are effective when applied to
3D networks. This has facilitated the need for further investi-
gation to ascertain the applicability of the knowledge gained
from w/ESM in a 3D network setting for skeletal muscle
segmentation.

VI. CONCLUSION
In this study, we proposed a method for the 3D site-
specific segmentation of skeletal muscles within the L3
slice from body CT images using simultaneous learning of
the erector spinae muscle (w/ESM). This method conducts
site-specific segmentation of skeletal muscles by simulta-
neously learning two muscle regions, the erector spinae
and target skeletal muscles, using 2D U-Net. We demon-
strated that the w/ESM achieved a higher segmentation
accuracy with a mean Dice value of 0.864, compared to the
0.637 achieved when the erector spinae was not simultane-
ously
learned.

Additionally, the effect of w/ESM was not limited to
the skeletal muscles within the L3 slice but also improved
the site-specific segmentation accuracy of the back mus-
cles, specifically the trapezius and supraspinatus. Among
the combinations of simultaneous learning, the choice of the
ESM resulted in the most significant improvement in the
segmentation accuracy of each skeletal muscle. Driven by
the ability to recognize each skeletal muscle depicted in the
L3 cross-section in 3D, which is not just limited to the L3
cross-section, we believe that it is possible to explore effective
cross-sections other than the L3 for estimating total body
skeletal muscle volume and to consider the use of 3D region-
specific skeletal muscle volumes.

However, although w/ESM was effective in all regions, its
effect varied among the different muscle sites. A quantitative
prediction of the effects of w/ESM in unknown subjects is
challenging. Future studies should focus on quantifying the
effects of w/ESM on the erector spinae and targeting skeletal
muscles for site-specific segmentation of skeletal muscles.
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