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Abstract

The automatic extraction o muscle thickness is an important application in the clinical routine
that has been studied extensively in recent years. Following this trend, the well-established UNet
and other state-o-the-art convolutional neural networks are assessed or automating this task. A
two-step approach is presented to extract the muscle thickness. As the rst step, dierent
segmentors are incorporated to delineate the deep and supercial aponeurosis eortlessly.
Aterwards, the muscle thickness is calculated by taking the average distance between the two
aponeuroses at dierent muscle points. The examined dataset to evaluate this method consists
o ultrasound images o gastrocnemius medialis o 116 young and healthy subjects o dierent
sex. Regarding the results, the deep learning architectures used in this study have achieved
similar to human- level perormance. In particular, an overall discrepancy between the automatic
and the manual muscle thickness measurements equal to 0.11 mm is reported, a signicant
result that demonstrates the easibility o automating this task. Furthermore, the Bland-Altman
analysis o the measurements exhibits no systematic errors since most dierences all between
the 95% limits o agreement. Finally, the two readings have a 0.99 Pearson's correlation
coeicient (p < 0.001, validation set) and the ICC (2, 1) has surpassed 0.99, showing the reliability
o this approach.

1.  Introduction

Musculoskeletal ultrasonography (MSK-US) has proven eective in assessing skeletal muscle
structure [1] and provides multiple advantages relevant to other medical image modalities.
Specically, it is a non-invasive, sae, portable, low cost examination that provides a detailed
imaging o the human muscles. An important application o MSK-US in clinical routine is the
muscle thickness measurement due to its correlation with specic muscle disorders. In
particular,muscle hypertrophy [2], disuse atrophy [3], ageing [4,5] and pathological conditions [6]
have been reported to aect muscle thickness. Furthermore, more recently, in [7], the relation o
sarcopenia (a common disease in the elderly) with muscle thickness was studied in the head,
neck, upper and lower limbmuscles or using this measurement as a potential diagnostic tool.
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However, or the operator to perorm the measurement, the visual identication o the deep and
supercial aponeuroses is needed. The above is a time-consuming task that requires specialised
knowledge and multiple years o experience, thus making it user-dependent and error prone. For
this reason, dierent types o sotware have emerged in recent years to standardise andautomate
these measurements and to assist the doctor in clinical practice [8–12]. In particular, in [12],
Muscle Ultrasound Analysis (MUSA) is proposed, a ramework that delineates the deep and
supercial aponeuroses with gradient- based ltering. Aterwards, the muscle thickness and
pennation angle measurements are extracted with a heuristic approach. Notably, this study
revealed the easibility o automating these measurements using machine learning techniques.
However, their approach's downside is that it is based exclusively on gradient-based ltering,
which can be error-prone in low- contrast images, a common characteristic o ultrasound
recordings omuscles suering rom neuromuscular conditions.

In [13], adeep learning approachwasused to automatically extract themuscle thickness, ascicle
length and pennation angle rom ultrasound longitudinal scans o three dierent muscles to
tackle the diiculties in low contrast images. The authors utilised Attention-UNet [14] to initially
segment the deep and supercial aponeuroses and then the measurements were extracted by
incorporating a heuristic-based approach. This study can be seen as an extension o the [13],
where dierent deep learning topologies are used to extract muscle thickness in ultrasound
images o gastrocnemius medialis. Since the deep and supercial aponeurosis is extracted, the
muscle thickness can be calculated by taking the averagedistancebetween the two aponeuroses
at several muscle points. The main aim o this study is to improve the existing sotware by
introducing state-o-the-art deep learning techniques or calculating, important or diagnostic
purposes muscle characteristics, in a better and more reliable way. Such improvement would be
o high value since it will allow ultrasonographers to calculate muscle thickness aster, more
accurately and in a more standardised ashion.

2.  Methods & Materials

2.1  Database

The database used in this study consists o ultrasound recordings o gastrocnemius medialis
(GCM) o 116 young and healthy volunteers (49males and 67 emales with amean age o 25.33 ±
4.92 y) also presented in [15–17]. The ultrasound examinations were perormed using a Logiq P9
ultrasound system (GE Healthcare GmbH, Freiburg, Germany) along with a ML6-15 linear array
transducer, operating at 10-MHz requency. All image optimisation modes were switched o to
avoid alteration o image characteristics by sotware processing, except or harmonic tissue
imaging. In addition, the gain was set to 50, the dynamic range at 66dB and both were kept
constant throughout the examination o all subjects. In Table 1, the demographic characteristics
o the dataset are demonstrated.

Subjects 116
Examinations 155
Age (years) 25.33 ± 4.92
Sex (M/F) 49 / 67
Weight (kg) 68.65 ± 12.32
Height (cm) 172.62 ± 9.37

Table 1. Demographics o the dataset
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Regarding the examination protocol, the longitudinal ultrasound scans o the bulkiest part o the
medial head o the Gastrocnemiusmuscle were considered. Furthermore, a generous quantity o
ultrasound gel (CLEAR ECO Supergel, Ceracarta S.p.A., Forli, Italy) was used to achieve the best
possible ultrasound beampenetration and prevent deormation o the sot tissues, attributable to
transducer pressure during the examination.

In total, 310 images rom the 155 examinations were included in the evaluated dataset, randomly
split (80%-20%) between the training and validation set with the well- established hold-out
protocol. In particular, 244 images were selected as training set and 66 as validation, in which the
results are reported. In addition, the annotation procedure o the deep and supercial
aponeurosis was perormed with the guidelines and overview o a specialised doctor. In Fig. 1, an
image oGCM is presented along with their annotated aponeuroses.

To measure the muscle thickness, we ollow the basic (MUSA) pipeline procedure described in
[12]. It is known that the muscle thickness in the longitudinal plane is dened as the distance
between the supercial and deep aponeuroses. Still, due to its variability along the longitudinal
axis, it can be better approximated by cutting the muscle into a ew sectors, computing each
sector's distance and taking their mean value as output. For doing so, we initially drew two
guidelines on the muscle contours to highlight the aponeuroses. Secondly, multiple connecting
the two aponeuroses line segments are drawn and rom their endpoints we calculate the
distances. The average distance is the muscle thickness. The number o sectors is chosen to be
ve, and the procedure is illustrated in Fig. 1.

Figure 1: Annotation o the supercial (a) and deep (b) aponeuroses. Themuscle thickness is
measured rom the average distance o the yellow dash lines.

2.2  Database

2.2.1  Introduction

Dierent state-o-the-art deep-learning architectures, used or automatically extracting the deep
and supercial aponeuroses are presented in this section. In particular, UNet[18], Attention-
UNet[14], UNet++[19] and UNeXt[20] have been incorporated or this task. These architectures
have been recently applied successully in dierent elds omedical segmentation. Our goal is to
evaluate and compare them in the examined dataset o gastrocnemius medialis.

2.2.2  UNet

The UNet is maybe themost successul segmenter in recent years or its ability to be trained end-
to-endwith very ew images. Its architecture consists o a contracting path to capture context and
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a symmetric expanding path that enables precise localisation. Specically, in the contracting
path, network's input is repeatedly applied to two 3x3 convolutions, each ollowed by a rectied
linear unit (ReLU) and a 2x2 max pooling operation with stride 2 or down sampling. Next, in the
expansive path, an up-sampling o the eature map is applied, ollowed by a 2x2 convolution that
halves thenumbero eaturechannels, a concatenationwith thecorrespondingly cropped eature
map rom the contracting path, and two 3x3 convolutions, each ollowed by a ReLU. Finally, a 1x1
convolutionmapseach 64-component eature vector to thedesired number o classes at thenal
layer.

2.2.3  Attention-UNet

The Attention-UNet is a variant o the original UNet architecture, boosted with attention gates to
highlight better salient eatures passed through the skip connections. According to the authors,
these attention gates can lter irrelevant and noisy responses in skip connections o the
convolutional network. The above is perormed beore the concatenation operation tomerge only
relevant activations. Additionally, AGs lter the neuron activations during the orward pass aswell
as during the backward pass. Gradients originating rom background regions are down-weighted
during the backward pass, allowing model parameters in shallower layers to be updated, based
mostly on spatial areas relevant to a given task.

2.2.4  UNet++

The UNet++ architecture is essentially a deeply-supervised encoder-decoder network where the
encoder and decoder sub- networks are connected through a series o nested, dense skip
pathways. The re-designed skip pathways aim at reducing the semantic gap between the eature
maps o the encoder and decoder sub-networks. The underlying hypothesis behind the
architecture is that the model can eectively capture ne- grained details o the oreground
objects when high-resolution eature maps rom the encoder network are gradually enriched
beore usion with the corresponding semantically rich eature maps rom the decoder network.

2.2.5  UNeXt

The UNeXt still ollows a 5-layer deep encoder-decoder architecture o UNet with skip
connections but changes the design o each block. In particular, a convolutional stage with a
smaller number o lters in the initial and nal blocks o the network, ollowed by an MLP stage,
exists in UNeXt. In the bottleneck o the network, a novel Tokenized MLP is proposed which is
eective at maintaining less computation burden, since it reduces the number o parameters
signicantly, while also maintaining a good perormance.

2.2.6  Post-Processing

The predictionmasks, that the deep learning architectures produce during inerence, can contain
artiacts. These artiacts are mostly small areas that do not belong to aponeuroses, but the
segmentation networks alsely label them as so. Additionally, irregularities in the boundaries o
the aponeuroses can also deteriorate the results. Both can be tackled by using image processing
techniques. First, the contours o the structures o the prediction masks are extracted to remove
themislabeled areas, andonly the two structureswith the largest areas in termsopixels are kept.
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Furthermore, morphological operations are induced to improve the results or the boundary
irregularities o aponeuroses.

2.2.7  Training Strategy

All the above-mentioned models were trained in the same ashion. In particular, the input o the
networks was resized to be 256x256 with batch size 8 and number o epochs 300. The selected
loss unction was the Dice Loss, and an ADAM optimiser was used or the training process.
Regarding the learning rate policy, a stepwise decrease o the learning rate was ound best tted.
Furthermore, augmentation was perormed or all the images during training with the ollowing
operations: vertical/horizontal fip, scaling, rotation and sharpening.

2.2.8  Evaluation Metrics

Several evaluation metrics were used to assess the proposed method's perormance. First,
regarding the image segmentation problem, ve well-established indexes were incorporated [21].
Firstly, the Dice Coeicient (DSC) index, which measures the pixels overlap between two sets o
data and secondly, (similarly to the DSC) the Intersection over Union (IoU) index. Furthermore,
Precision and Recall o the segmentation maps were also reported between the manual and
automaticmeasurements, as well as theHausdor distance (HD95) at the 95th percentile, which
computes the highest distance between the two segmentation maps. Additionally, the mean
discrepancy between the measurements was calculated in terms o the root mean square error
(RMSE) in physical units (mm). Furthermore, the Intra-class Correlation Coeicient (ICC), type
ICC (2, 1), and Pearson Correlation coeicient were used to evaluate the results statistically.
Finally, Bland-Altman analysis was incorporated to evaluate possible bias and systematic error in
the manual vs automaticmuscle thickness measurements.

3.  Results

Table 2 demonstrates the image segmentation task results or the our examined network
topologies. In all the ve metrics, the UNet exhibits superior perormance in relevance with the
other networks. In particular, the best reported Precision is 0.93, and the Recall is 0.84 showing
the network's capability to accurately localise the deep and supercial aponeuroses.
Furthermore, in terms oDSC the reported result equals 0.88, and the corresponding accuracy in
HD95 is only 2.80, another indicator o the good perormance o the segmented masks o the
validation set.

UNet Att-UNet UNet++ UNeXt
Precision 0.93 ± 0.05 0.92 ± 0.04 0.92 ± 0.05 0.92 ± 0.05
Recall 0.84 ± 0.05 0.84 ± 0.06 0.84 ± 0.05 0.81 ± 0.05
DSC 0.88 ± 0.03 0.88 ± 0.04 0.88 ± 0.03 0.86 ± 0.03
IoU 0.79 ± 0.05 0.78 ± 0.05 0.78 ± 0.05 0.76 ± 0.05
HD95 2.80 ± 1.46 4.47 ± 10.37 2.89 ± 1.68 3.59 ± 3.57

Table 2. Image Segmentation Metrics

Continuing our analysis, Table 3 compares the proposed method and a human operator or
calculating muscle thickness. It presents the (mean ± standard deviations) or the muscle
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thickness measurements and their discrepancy in RMSE and its reliability as measurement in
terms o ICCmetric.

Manual Automatic RMSE (mm) ICC(2,1)
18.88 ± 2.30 18.82 ± 2.31 0.11 ± 0.11 0.99

Table 3. Muscle Thickness Measurements.

The evaluation results which have an extremely low RMSE and an ICC close to 1 in the evaluated
dataset, are onemore indicator o the usability o the proposedmethod or this task. It must also
be highlighted that the dierence between the proposed automated process and the
measurements extracted rom the operator is equal to 0.11 mm, a signicant result that can be
used or uture automation o this clinical task.

Another useul analysis presented in Fig. 2 is the Bland- Altman plot o the muscle thickness
measurements. The plot shows negligible additive bias since themean value o all the readings is
only 0.07 mm. Furthermore, the mean dierences between the automatic and manual
measurements o all the muscles are in the range o -0.20 – 0.34 mm. Most o the dierences all
between the 95% limits o agreement. Finally, there are no distinguishable patterns depicted in
the plots.

Figure 2: Bland-Altman Analysis o the manual vs automatic measurements.

Finally, in Fig. 3 qualitative results with the predictions o the network are presented. From the
segmentedmasks, it is clear that theUNet can be applied eectively or automating the deep and
supercial aponeuroses delineation.

4.  Discussion

This study incorporated dierent state-o-the-art deep learning architectures to delineate the
deep and supercial aponeuroses o ultrasound images o gastrocnemius medialis. The muscle
thickness measurement was extracted rom the segmented mask by taking the average distance
in several endpoints across the muscle aponeuroses. Our preliminary results, extracted in the
case o a very inormative or the investigation o neuromuscular disorders and sarcopenia [7,22]
muscle, indicate that such an automated approach can be used successully in the clinical
routine.

Regarding the clinical application o the results, it has been presented in [22] that a range in
muscle thickness measurements o 5–10% is clinical relevant in the case o muscle hypotrophy
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anda range above 10% in the caseo severe neuromuscular disorders as sarcopenia. In our study,
the average discrepancy between the automatic and manual measurements was equal to only
0.11 mm (under 0.01%), hence the results o the automatic process do not induce an error to
these measurements, capable o leading to alse diagnosis. Thereore, the proposed method is
not only acceptable but also reliable to be integrated in the clinical routine as an additional
diagnostic tool.

The usage o state-o-the-art deep learning architectures to delineate the muscle aponeuroses
and later extract the muscle thickness, possess several advantages in relevance with the
traditional gradient-based ltering methods, presented in [12,23]. Initially, deep learning
approaches are less sensitive to noise, since during their learning process manage to distinguish
themost relevant inormation to a given task. For example, in our problem, theUNet hasmanaged
to eectively separate the aponeuroses rom the other muscle tissues existing nearby. Secondly,
the proposed method is a purely data driven approach since it learns the best eatures directly
rom the input images. In contrast, designing a lter based approach rom scratch, is a hard and
tedious task that can lead to pure generalisation perormance and overtting. Hence, or these
reasons we rmly believe that the proposed method can improve signicantly the existing
sotware investigation o neuromuscular disorders and sarcopenia [7,22] muscle, indicate that
such an automated approach can be used successully in the clinical routine.

Regarding the clinical application o the results, it has been presented in [22] that a range in
muscle thickness measurements o 5–10% is clinical relevant in the case o muscle hypotrophy
anda range above 10% in the caseo severe neuromuscular disorders as sarcopenia. In our study,
the average discrepancy between the automatic and manual measurements was equal to only
0.11 mm (under 0.01%), hence the results o the automatic process do not induce an error to
these measurements, capable o leading to alse diagnosis. Thereore, the proposed method is
not only acceptable but also reliable to be integrated in the clinical routine as an additional
diagnostic tool.

The usage o state-o-the-art deep learning architectures to delineate the muscle aponeuroses
and later extract the muscle thickness, possess several advantages in relevance with the
traditional gradient-based ltering methods, presented in [12,23]. Initially, deep learning
approaches are less sensitive to noise, since during their learning process manage to distinguish
themost relevant inormation to a given task. For example, in our problem, theUNet hasmanaged
to eectively separate the aponeuroses rom the other muscle tissues existing nearby. Secondly,
the proposed method is a purely data driven approach since it learns the best eatures directly
rom the input images. In contrast, designing a lter based approach rom scratch, is a hard and
tedious task that can lead to pure generalisation perormance and overtting. Hence, or these
reasons we rmly believe that the proposed method can improve signicantly the existing
sotware Although, the results presented here are encouraging, there are some limitations worth
mentioning. One important limitation is that we examined only one muscle rom over than 200
that the human body possess. Thereore, we cannot be ully condent about the generalisation
ability o our algorithm in all o them. Another limitation actor is that all the ultrasound recordings
have been acquired rom the same machine and with the same settings. The alteration o this
setup in real world scenarios, can lead to deterioration o the perormance in a range that we have
not evaluated. Nevertheless, since the results presented in this study have been produced with
ew hundred images, we strongly believe that, provided a suicient number o training examples,
these two limitations can be overcome.
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Finally, as uture work we plan to investigate the automatic extraction o muscle thickness
measurement in more muscles and in a larger dataset o ultrasound images. Signicantly, this
dataset will consist o ultrasound recordings taken rom young, healthy and elderly with
pathological condition subjects. This more diverse and challenging dataset will provide us with a
better understanding o the overall perormance o the proposed method.

Figure 3 Qualitative results in images oGastrocnemius medialis.
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