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1. Introduction

Proper positioning of the scapula during arm
movements is crucial to ensure a safe shoulder function
(Forthomme, Crielaard, & Croisier, 2008). An
alteration of the scapula position or motion is termed
as a scapular dyskinesis (Kibler & McMullen, 2003).
The later is observed in 57% of symptomatic general
orthopedic population and its prevalence increased up
to 81% in symptomatic athletes. Nevertheless, 48% of
the asymptomatic population display also scapular
dyskinesis (Salamh et al, 2023). Although the
relationship between scapular dyskinesis and shoulder
pathology may not be always straightforward, its
assessment remains paramount for  patients
experiencing shoulder troubles.

Scapular dyskinesis can be assessed qualitatively
during arm elevation by assessing the presence or
absence of abnormal scapular positioning. However,
these approaches exhibit low-to-moderate reliability.
In contrast, quantitative methods display excellent
reliability (Paraskevopoulos, Papandreou, & Gliatis,
2020). These methods involve identifying anatomical

landmarks of the scapula and thorax, and then
quantifying the bilateral differences in their 2D
locations. Nevertheless, this method requires the
clinician to palpate the patient, and manually conduct
measurements, increasing therefore the time required
for the procedure. Automatic identification of scapular
landmarks would therefore assist clinicians in saving
time during the assessment of scapular dyskinesis.
This study aimed to develop and validate a deep neural
network for 2D identification of shoulder anatomical
landmarks with a single video camera.

2. Methods

2.1 Participants

Fifty healthy participants (18 women, age: 23.7+4.1 yr,
height: 174.849.2 cm, mass: 71.3£9.3, body fat:
17.6£6.7 %) signed an informed consent and were
included in this study, which was approved by the local
ethical committee (CER-UdL n°2022-10-13-002).

2.2 Procedure

The participant was asked to hold 13 static postures,
usually considered for scapular dyskinesis assessment.
The first pose corresponded to a 90° bilateral arm
elevation in the sagittal plane with palm hands facing
each other and holding a 2 kg barbell in each hand.
Then three poses of the lateral scapular slide test were
maintained (Kibler, 1998). The last set of poses
corresponded to bilateral arm elevations at 45°, 90°
and 135° in the sagittal, frontal and scapular planes.
For each pose, an image using a tablet (iPad, Apple,
Cupertino USA, 1080x1920) was taken without
markers, and a second image was taken with markers
placed after having palpated 10 anatomical landmarks:
7" cervical vertebra (C7), 8™ thoracic vertebra (TS),
and bilaterally the posterior part of the acromion (AC),
trigonum spinae (TS), scapular inferior angle (IA) and
lateral epicondyle (EpL). A scale was positioned in the
thorax plane for metrics conversions.

2.3 Deep neural network training and evaluation
For each image, coordinates of the 10 anatomical
landmarks were digitalized with DeepLabCut (Mathis
et al., 2018; Nath et al., 2019). Then the coordinates
were transferred to the corresponding image without
marker using an optical flow algorithm. One shuffle of
the DLC ResNet-50 deep neural network (Lauer et al.,
2022) was reinforced over 100 000 iterations with 80%
of the dataset (316 images), and tested on 20% of the
dataset (79 images) selected randomly.

The Euclidian distances were computed for each image
and marker by comparing the labeled coordinates to
the coordinates predicted by the deep neural network.

3. Results and discussion

The median errors were inferior to 14mm for all the
anatomical landmarks. C7 displayed the smallest
median error, whereas Al and TS presented the highest
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ones. Maximal errors near 60mm were observed for
TS, Al and EpL (Table 1). Errors seemed to be
randomly distributed around each anatomical
landmark, except for T8 which displayed errors mostly
oriented in the cranio-caudal direction (Figure 1).
These outcomes highlighted that the greatest errors
were found for anatomical landmarks known for
presenting the highest soft tissue artefacts (Yoshida et
al., 2022). Nevertheless, errors of the deep neural
network were lower than those observed with marker-
based approaches (Yoshida et al., 2022).

Table 1. Euclidian distances in mm between the
landmark coordinates obtained with labelling and
with the deep neural network
credit: Blache

median min max

C7 5.5 0.3 31.2

T8 9.8 0.2 52.9

AARr 7.5 04 24.6
TSr 12.6 0.6 62.7
Alr 13.5 0.2 55.4

EpLr 7.7 04 57.2
AAL 79 0.2 18.4
TSL 12.5 1.3 39.6
AlL 13.7 0.1 57.5
EpLL 5.5 0.1 48.8

R and L for the right and left sides, respectively
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Figure 1. 2D coordinates of the labeled landmarks
(linked by black lines). Arrows represent for each
image the error vector between labeled and predicted
coordinates
credit: Blache

4. Conclusions

This study is a first step in the development and
validation of a deep neural network for automatic 2D
identification of shoulder anatomical landmarks. These
findings could serve as a benchmark for future

development, including the addition of new
participants for external validation of the deep neural
network. In the medium term, once anatomical
landmarks will be detected automatically, their
coordinates could be used to quantify potential 2D
scapular dyskinesis.
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