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1. Introduction

The holy grail of biomechanical analyses in tennis serve
is to measure players motions during real matches (Lester
et al., 2023) thus monitoring the effects of fatigue or
pressure induced by stressful points. To this day, tennis
biomechanical investigations were mostly confined in the
laboratory using a 3D motion capture (MoCap) system
based on markers placed on players skin, racket and
ball. Marker positions are used to extract performance
indicators like ball speed, impact height and racket head
velocity to assess serve effectiveness (Fourel et al., 2024).
If this tool is still considered the most accurate, it is
clearly not suited for in-situ assessment. Instead, mark-
erless MoCap, a recent MoCap system based on video
and artificial intelligence, offers the enticing possibility
to measure people motions in ecological situations. But
most of the available 3D Markerless MoCap cannot be
easily adapted to reconstruct objects in 3D such as the
ball and racket. The aim of this study is to develop a
method based on DeepLabCut (DLC), an open-source
pose estimator of user-defined key points (Mathis et al.,
2018), to track and reconstruct racket and ball in 3D
from videos of a tennis serve and to compare it to the
reference MoCap system.

2. Methods
2.1 Participants and task

Thirteen right-handed tennis players (6 women and
7 men, age: 31.5%11.4yr, height: 173.949.3cm, mass:

69:1+11.7kg) performed 42 serves on the deuce and
advantage sides.

2.2 Experimental set-up

A motion capture system with 10 optoelectronic cameras
(Arqus A12, 300Hz, Qualisys AB, Goteborg, Sweden)
recorded the trajectories of five markers placed on
the racket (Fourel et al., 2024) and four markers posi-
tioned on the outer surface of the ball. Simultaneously,
a markerless system consisting of 10 video cameras
(Miqus Video, 540p resolution, 300Hz, Qualisys AB,
Goteborg, Sweden) recorded each serve.

2.3 Markerless Model

Following (Torvinen et al., 2024), one DLC model was
trained for each of the 10 points of view. One serve
from each subject on each side (deuce and advantage)
was randomly selected to train the DLC models. From
each video, 20 frames were extracted using k-means
method. This amounts to a total of 520 labelled images
for each point of view (only ~0.2% of all the frames
recorded). On each image, nine racket key points were
manually labelled (handle-shaft junction, shaft-frame
junctions, and 6 points equally distributed around the
frame) and one was placed on the ball centre. Each of
the 10 DLC models was fine-tuned using a ResNet50
architecture with a 95-5 train-test split and trained
for 500,000 iterations. The average test error over the
10 models was 3.8 pixels.
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Table 1. Bland-Altmann biases, LoA and reference values from the marker-based system.

Mean values measured by the marker-

Bias 95% LoA L .
based system [minimum; maximum)]

%r’:ﬁsa location  \1e dio-lateral axis 1.1 [403:38.0] 1953  [-1418.9; 1700.8]
Antero-posterior axis 9.4 [-21.3; 40.1] 347.0 [-401.6; 991.0]
Height -1.8 [-29.3; 25.8] 2507.7 [1932.2; 2799.6]

Ball velocity (km.h-") 0.7 [-9.6; 10.9] 111.5 [18.7; 182.1]

Racket . . . )

orientation (°) Medio-lateral axis 2.9 [0.0; 5.8] 6.4 [-14.8; 27.6]
Antero-posterior axis 0.8 [-2.3; 4.0] -12.5 [-50.2; 30.8]
Longitudinal axis 1.7 [-8.1; 11.5] 9.1 [-20.7; 39.5]

Racket head velocity (m.s™) -0.2 [-4.3; 3.8] 28.0 [14.2; 45.2]

The Weighted Direct Linear Transform was used
to make the 3D reconstruction of each point (Pagnon,
Domalain, & Reveret, 2021). A rigid body racket model
was then fitted to the 3D points to ensure the absence
of racket deformation.

2.4 Statistical Analysis

From both systems, ball location at impact, ball speed
(computed over 5 frames), racket orientations and racket
head linear velocity at impact were extracted and com-
pared using Bland-Altman analysis. The Euclidean
distances of the ball at impact between both MoCap
systems was computed. Impact in the marker-based
system was identified as the frame where the ball was
closest to the racket plane.

3. Results and discussion

The mean Euclidean distance of the ball at impact
between the two systems was 29.0£9.5 mm, approxi-
mately half of the diameter of the ball (65 mm). This
result was expected, as the markers were placed on
the outer surface of the ball, and only one of the four
markers was tracked by the marker-based system.
Consequently, the amplitude of the limits of agreement
(LoA) for the impact location in all axes is within the
range of the ball’s diameter (Table 1). For the ball veloc-
ity, the large LoA could be explained by the movement
of the tracked marker from one side to the opposite
side of the ball (through the ball’s rotation), which can
result in a 14 km.h™! difference from the ball’s centre

velocity. Regarding the racket orientation at impact, the
biases were relatively small across all axes. However, the
high LoA observed along the longitudinal axis could
be attributed to the fact that this rotation is mostly
defined by the medio-lateral axis of the racket, which
is shorter than the longitudinal axis. Consequently, an
equal placement error on both axis results in a larger
angular deviation along the longitudinal axis.

4. Conclusions

A markerless approach for reconstructing the ball and
racket during a tennis serve was developed and vali-
dated. It demonstrated good agreement compared to
marker-based system. Coupled to markerless MoCap,
this method lays the foundations for tennis serves per-
formances analyses during official tennis matches.
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