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Abstract: Tennis is a famous sport in which players perform high-speed, repetitive movements
that cause significant load to the shoulder and elbow joints, particularly during tennis serve.
Further, the racket design also plays a key role in the efficiency of the player’s performance
through the level of mechanical stress that it places on the player’s elbow joints. Therefore,
analyzing the biomechanical impact of racket types on the load it renders on elbow and
shoulder loading will help optimize the player’s performance and avoid the possibility of risk.
However, there are limited studies that are related to the effect of differences in racket mass,
balance, and inertia over joint force and moment during the phases of serve. To address this
gap, this study employs a Machine Learning (ML)-based model to impact three types of racket
such as head-light, even-balanced, and head-heavy, towards joint moments and forces in the
shoulder, elbow, and wrist during tennis serves. The kinematic data was collected from eight
tennis players, and the collected data was processed using a Long Short-Term Memory (LSTM)
neural network to predict joint moments and forces based on racket parameters and segmental
kinematics. The results have shown that racket design has an excellent impact on a player’s
performance through its impact on shoulder and elbow joints. The head-light racket resulted in
a shoulder adduction moment of 9.4 0.8 Nm and a shoulder joint force of 130.2 £9.4 N
during the acceleration phase, compared to the head-heavy racket, which generated a higher
adduction moment of 11.3 1.0 Nm and a shoulder force of 162.3 £11.4 N. The even-balanced
racket showed intermediate values, with an adduction moment of 10.2 0.9 Nm and a shoulder
force of 142.5 £9.9 N.

Keywords: biomechanical impact and analysis; mechanical stresses; elbow and shoulder
loading; joint force and moment; kinematic dynamics; tennis racket design; long short-term
memory; machine learning

1. Introduction

In the world of games, tennis remains a most famous sport that requires a
combination of technical skill, physical endurance, and strategy [1]. The tennis game
involves the player striking the ball over a net and placing the tennis ball on the
opponent’s side of the court, making them fail to counter-strike the ball [2]. Each game
of the tennis set starts with a serve where the player tosses the ball above the head and
strikes it to serve the ball to the opponent; the phases of a serve (Figure 1) comprise
preparation, acceleration, and follow-through [3], each of these phases places a certain
level of stress on the player’s shoulder and elbow joints [4,5]. The stress on these parts
is so enormous that it is expected to improve player performance, and at the same time,
it also increases the possibility of injury [6,7]. Further, the features of the Racket used
by the player directly move the level of stress induced on these parts [8-11]. This is
why many studies are conducted in the field of racket design, which is to make lighter,
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more maneuverable rackets to reduce the stress load and increase player performance
[12-14].

The racket design directly influences a player’s ability regarding power generated
on the strike, control, and spin [15,16]. The differences between racket designs are
based on their characteristics, such as mass, balance, and moment of inertia, as each
ratio difference between these characteristics has direct implications on the racket’s
behavior during service [17,18]. For instance, a lighter racket will provide faster swing
speed and better maneuverability but requires more control, increasing joint loading
[19]. In the case of heavier rackets, they provide more power as they have higher mass,
but at the same time, they are hard to swing and control, which could be problematic
during the acceleration phase of the serve [20]. No matter what type of design a player
uses, each model exerts its stress level on the shoulder and elbow, and a study on such
implications will help reduce overuse injuries. During a serve, the shoulder and elbow
experience high levels of stress that result in overuse injuries if not properly managed
[21]. The shoulder has to undergo greater rotation velocities, and the elbow has to
extend rapidly during a serve [22,23]. The performance ability of a player is directly
connected with shoulder and elbow movement, particularly during the serve [24,25].
Studying how different racket designs impact joint forces will help develop strategies
to enhance performance while mitigating injury risks.

Acceleration phase Follow-through phase

Figure 1. Phases of tennis serve.

There are multiple studies carried out in this field related to the above problem,
but primarily, they focused on the kinematics of tennis performance that considered
ball speed, accuracy, and spin [26-28], whereas there were few studies on the joint
moments and forces associated with different racket designs. Practical methods
employ inverse dynamics methods that employ laboratory-based motion capture
setups, but such setups limit the perspective as it does not consider the dynamic
conditions of actual gameplay. So, there is a need for methods to predict joint forces
in different phases of the serve and with different racket designs. Recently, Machine
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Learning (ML) models have been used extensively in the field of biomechanical
analysis. A Long Short-Term Memory (LSTM) neural network is a type of neural
network that is capable of processing time-series data and is a capable model for
identifying the sequential dynamics of movements in a tennis serve. The LSTM model
can help predict the joint moments and forces based on racket characteristics and
player kinematics using the kinematic data. ML models provide a scalable solution for
understanding the biomechanical impacts of different racket designs.

This paper addresses the need to study the implications of racket design on elbow
and shoulder loading during the tennis serve. The work employed 8 tennis players for
this study, and the players were provided with three racket types, each with a different
design and different levels of impact on elbow and shoulder loading during tennis
serves. The three types of rackets include a head-light, an evenly balanced, and a head-
heavy racket, each with varying mass, balance points, and moments of inertia. Using
reflective stickers and a motion capture system, the kinematic data, including joint
angles, angular velocities, accelerations, and racket parameters, were captured during
the three phases of the tennis serve. The collected data, the racket’s mass properties,
and player-specific biomechanics were fed to the LSTM model to predict joint
moments and forces. The findings were then analyzed to determine the level of impact
of each racket over shoulder and elbow joints. The analysis was focused on Comparing
joint moments (adduction/abduction, flexion/extension, internal/external rotation)
across different racket designs, Assessing joint forces at the wrist, elbow, and shoulder
during each phase of the serve, Evaluating the correlation between joint loading and
ball speed to understand performance-related impacts and Investigating energy
transfer and joint power to explore how efficiently different rackets contribute to
player performance.

Tennis is physically demanding, creating elbow and shoulder injuries. Pressure
on forearm muscles and tendons causes tennis elbow, a frequently occurring injury.
Players suffer rotator cuff and shoulder impingement injuries due to poor
biomechanics and strong overhead serving. Mitigation is required because of the high
rate of such injuries. The weight distribution of tennis rackets reduces joint stress and
injury. Lightweight rackets are faster to rotate but can change the server’s
biomechanics, boosting injury risk. We apply advanced machine learning-trained
models to analyze biomechanical data and assess the impact of lightweight racket
models on elbow and shoulder loading during tennis serves.

The objectives of the study are:

a) To assess how different racket designs (head-light, even-balanced, and head-
heavy) impact the mechanical stresses on the player’s elbow and shoulder joints
during tennis serves.

b) To investigate the influence of racket parameters, such as mass, balance, and
inertia, on joint moments and shoulder, elbow, and wrist forces throughout the
different phases of the serve.

c) ToemployaLong Short-Term Memory (LSTM) neural network model to predict
joint moments and forces based on racket parameters and kinematic data
collected from tennis players.
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d) To compare the joint moments (adduction/abduction, flexion/extension,
internal/external rotation) across different racket types to understand their
biomechanical impact during the serve phases.

The paper is organized as follows: Section 2 presents the study’s methodology,

Section 3 analyzes the results, and Section 4 concludes the work.

2. Methodology

2.1. Participants

The study involved eight male tennis players with an average age of 25.3 £3.4
years. All were right-handed, with no history of upper limb injuries in the past six
months. Their average height was 180.5 6.1 cm, and their average weight was 75.2
+5.8 kg. During the study, all participants were in good physical condition. Each
player had at least three years of competitive tennis experience, averaging 5.6 +1.2
years. All were actively training at least three times per week in local leagues or clubs.
Informed consent was obtained from all participants before the study.

2.2. Racket

Three tennis rackets, identified as Racket 1, Racket 2, and Racket 3, were used
in this study. Each racket was strung with a tension of 25 kg (55 Ibs) and fitted with
standard grip tape before testing. Key measurements, including mass, balance point
(the distance in millimetres from the handle to the center of mass), and moments of
inertia, were assessed using the Wilson Innovation Center® (Wilson, Chicago, USA).
Racket 1, the Head Light Racket, had the lowest mass at 300 g with a balance point of
330 mm from the handle and a lower swing weight of 280 kg €m?, its twist weight was
12.5 kg €m?, and its polar moment was 10.2 kg €m?. Racket 2, the Even Balanced
Racket, had a mid-range mass of 320 g and a balance point of 340 mm; its swing
weight was 290 kg €m?, with a twist weight of 13.0 kg €m? and a polar moment of
11.0 kg €m?. Lastly, Racket 3, the Head Heavy Racket, featured the highest mass at
340 g and a balance point of 355 mm, resulting in a higher swing weight of 310 kg €m?
and more significant moments of inertia. Its twist weight was 14.0 kg €m?, and its
polar moment was 12.5 kg €m?. Table 1 and Figure 2 present the characteristics of
the rackets used in this study.

Table 1. Racket characteristics.

Racket

Mass (g)

Balance Point (mm) Swingweight (kg €m?) Twist Weight (kg €m?) Polar Moment (kg €m?)

Head Light (Racket 1)
Even Balanced (Racket 2)
Head Heavy (Racket 3)

300
320
340

330 280 125 10.2
340 290 13.0 11.0
355 310 14.0 12.5
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Figure 2. Statistics of the rackets.

2.3. Experimental design

Each participant was fitted with 24 reflective markers (Figure 3a,b) placed on
the shoulders, elbows, wrists, and torso, and five additional markers attached to the
racket frame. Each participant performed 10 flat serves for each racket type in a
randomized order. The serves were executed from the baseline and aimed at the deuce
service box, and players maintained their usual serve technique. Coaches monitored

the trials to ensure the accuracy and consistency of the serves.

(@)

(b)

Figure 3. (a) Posterior; (b) Anterior view of the reflective markers placed on the

body.

Biomechanical data were recorded using a Vicon motion capture system with 12
high-resolution cameras sampling at 250 Hz (Vicon Motion Systems Ltd., Oxford,
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UK). Ball speed after impact was measured with a Bushnell Velocity Speed Gun
(Bushnell Corporation, Kansas, USA) placed 2 meters behind the server. The motion
data were processed using Nexus software (Vicon, Oxford, UK) for 3-dimensional
kinematic analysis. The data were reconstructed in a coordinate system where the X-
axis followed the baseline, the Y-axis pointed toward the net, and the Z-axis
represented the vertical. Data smoothing was performed using a Savitzky-Golay filter.
Key kinematic variables, such as shoulder internal rotation, abduction, and elbow
varus torques, were calculated using an inverse dynamics model.

2.4. Machine learning-based prediction of joint moments and kinematic
dynamics

LSTM models may detect long-term dependencies in data collections, making
them suitable for analyzing the forces increase during the tennis match serve. They
may identify temporal dependencies between racket rotations and elbow and shoulder
joint loading.

The LSTM model was trained to estimate the net forces and moments acting on
each upper limb joint by processing sequential kinematic data, including joint angles,
angular velocities (8), and angular accelerations (8). For each upper limb segment,
kinematic data were represented using quaternion algebra. The orientation of each
segment in space was encoded as a quaternion.q,, and the position of the center of
mass for segment k, rgk,, was computed as Equation (1).

Tgk :‘Zk®rck®q;1 (1)

where r¢, is the position of the center of mass in the global inertial coordinate system

(ICS), and g ! is the conjugate of the quaternion. The racket’s mass properties and
position were similarly computed, with the inertia matrix for each segment integrated
into the kinematic model. Angular velocities (w;) and accelerations (a;) were
derived from quaternion derivatives to capture the segmental dynamics fully.

The LSTM model learns to predict the net joint moments M; and forces Fj acting
on each segment by incorporating the racket’s mass (m,.), the center of mass (rcr),
and inertia. For each segment k, the net joint moment is computed as Equation (2).

Mk :T'Ck ka+Ikak+wk><(Ikwk) (2)

where I}, is the inertia matrix of the segment k.F; is the force at the center of mass,
and r¢, is the position of the center of mass of segment k. The racket’s inertia was

adjusted using the parallel axis theorem, Equation (3).
L =12 + m,d? ®)

where 12 is the inertia of the racket about its center of mass, and d is the distance from
the axis of rotation to the racket’s center of mass. For the combined hand-racket system
(denoted as = 1* ), the mass and center of mass of the hand and racket are treated as
a single unit. The combined mass m,- is calculated as Equation (4).

mqyx = my + my (4)
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where m; is the mass of the hand and m, is the mass of the racket. The position of the

combined center of mass TC(IL*) in the inertial coordinate system (ICS) is given by Eq

().

L L
mlrc(l) + morc(o)

L) _
e =

®)

mqx

where rC(lL) is the center of mass of the hand, and Tc(OL) is the center of mass of the racket.

e

The inertia matrix for the combined hand-racket system, g

(6).

is calculated as Equation

2 2
@ _ ;@ (L) (L) (L) (L) (L)
I =17 +m (rc1 —Tg. ) +1,7 +my (Tco —TC. ) (6)

where Il(L) is the inertia matrix of the hand, IéL) is the inertia matrix of the racket, Tc(lL)

and Y

¢, are the centers of mass of the hand and racket, respectively, relative to the

. L
combined center of mass rc(l*).

The combined inertia matrix reflects how the hand and racket contribute to the
rotational inertia experienced during a tennis serve. These computed values are then
fed into the LSTM model; the input features to the LSTM include (i) the combined

center of mass rC(IL? (ii) the combined inertia matrix Il(f), (iii) Angular velocities w, (iv)
Angular accelerations a, v) Joint angles 8. Using this, the LSTM model predicts how

the interaction between the hand and racket affects the forces and moments at the joints.
The LSTM model operates through the following gates: Equation (7).

1) Forget gate (f;) :
This gate decides which information from the previous time step should be
discarded or retained. Here, W is the weight matrix, /,_; is the hidden state from the

previous step, and x, is the input vector at the current time step, Equation (7).
ft = U(Wf Ay, xe] + bf) (7)

2) Input Gate (i) and Candidate Cell State () :

The input gate decides what new information will be added to the cell state and
the candidate cell state C, represents potential updates to the state, Equations (8) and
(9).

iy =W [her, xe] + by) 8)

Ce = tanh (W - [he—y, x¢] + be) )

3) Cell state update:
The cell state is updated based on the forget gate and input gate outputs, Equation
(10).

Ct = fr - Cey +it'C~t (10)
4) Output Gate (o;) and Hidden State Update (%;) :
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The output gate determines what part of the cell state will be output as the hidden
state. In our model, the input to the LSTM at each time step t included joint angles
(6,), angular velocities (6,), angular accelerations (6,), and racket kinematics
(vm, rr,t)- The output was the predicted net joint moments M; , and joint forces F; .,
Equations (11) and (12).

or = oW, - [he_y, %] + by) (11)

The LSTM model’s loss function was defined as the mean squared error (MSE)
between the predicted joint moments and the true moments, Equation (13)

BN 2
Loss = EZ (Mpred,t - Mtrue,t) (13)
t=1

Once the LSTM model predicted the joint moments, the joint power at the
shoulder, elbow, and wrist was computed as Equation (14).

Pi=M; - (wp — wq) (14)

where M; is the predicted moment at joint j, and w, and w, are the angular
velocities of the proximal and distal segments, respectively. To avoid gimbal
lock and ensure accurate interpretation of joint moments during the tennis serve,
the predicted joint moments were transformed into an Anatomical Reference
Frame (ARF). The transformation from the inertial coordinate system (ICS) to
the ARF was done through a rotation matrix R, This rotation matrix for the joint
moments M;, is expressed as Equation (15).

Mj(ARF) R Mj(lcs) (15)

where MJ.(ICS) represents the joint moments in the inertial coordinate system. The

rotation matrix R was constructed based on the relative orientation of the thorax and
upper arm during the serve. For a simple rotation about the X-axis of the thorax, the
matrix is expressed as Equation (16).

cos (By) —sin(By) O
R={sin(8y) cos(fx) O (16)

0 0 1
Here, Oy is the rotation angle about the thorax’s longitudinal axis. After
transforming the moments into the ARF, the joint moments were decomposed into
three components: adduction/abduction, flexion/extension, and internal/external
rotation. The transformed joint moments in the ARF are mathematically represented

as Equation (17).

ARF A A A
Mj( ) = Madd/abdeY + Mﬂex/exteX + Mint/ext rot €2 (17)

where, M, 4.4 represents the adduction/abduction moment along the Y-axis,
Mpey/ex Tepresents the flexion/extension moment along the X-axis, Miyyext rot
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represents the internal/external rotation moment along the Z-axis and éy, éy,
and é, are the unit vectors along the X, Y, and Z axes in the ARF.

To ensure the system provided a consistent and accurate interpretation of
moments during the tennis serve, the following conventions were applied: positive
moments along the Y-axis represented adduction. In contrast, negative values
represented abduction, positive moments along the X-axis indicated flexion and
negative moments indicated extension. For rotation, positive moments along the Z-
axis represent internal rotation, while negative values represent external rotation
(Algorithm 1).

Algorithm 1 ML-based prediction of joint moments and kinematic dynamics using LSTM

1: Input:

e Sequential kinematic data (joint angles, angular velocities, angular accelerations)
for upper limb segments and racket parameters.
e Racket parameters (mass m,., the center of mass r_, and inertia matrix . ).

e Time-series data for each phase of the tennis serve.

2: Output:

e Predicted joint moments M;(t) at the shoulder, elbow, and wrist.
e Predicted join forces F;(t) at the shoulder, elbow, and wrist.
e Joint power P; For each joint across different phases of the serve.

3: Algorithm Steps:
4: 1 Data Preprocessing:

Input Data:

Sequential time-series data for joint angles 6(t), angular velocities 8 (t), and
angular accelerations 4 (t).

Racket data: mass m,., the center of mass r_, and inertia matrix /,..
Normalize Data: Normalize the input kinematic data to avoid scale issues in
the LSTM training process.

Segment and Racket Kinematics Representation:

Use quaternion algebra to encode segment orientations: 15, = g, @ r¢, ®

it

Calculate segment angular velocities. w, and angular accelerations a; using

quaternion derivatives.

5: 2 Recursive Computation of Hand-Racket System:

Combined Mass and Center of Mass:
Compute the combined mass of the hand-racket system m;« = m; + m,..

L L
Mmqre, +Mmyr,
Calculate the center of mass for the hand-racket system: %, = %
1* 1*

Inertia Matrix Computation:
Calculate the inertia matrix for the combined hand-racket system: I = I} +

2 2
L L L L
my (rC1 Tcl*) +1. +m, (Tcr Tcl*)

6: 3 LSTM Model Training:

Input to LSTM:

Time-series data for joint angles 6(t), angular velocities 8(t), angular
accelerations 6 (t), the combined center of mass and inertia matrix.
LSTM Architecture:

Forget Gate: f, = a(Wy - [hy—1, x] + by)
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e Input Gate and Candidate Cell State: i, = o(W; - [he_q, X¢] + b;), C; =
tanh (W¢ - [h¢—1, %] + bc)
e  Cell State Update: C, = f; - Co_y + iy - C¢
e Output Gate and Hidden State Update: o, = a(W, - [h._1, x:] + b,), hy = 0; -
tanh (C,)
e Output: The LSTM model outputs predicted joint moments M;(t) and forces
F;(t) at each time step for the shoulder, elbow, and wrist.
7: 4 Moment and Force Computation:
e For Each joint (shoulder, elbow, wrist), compute the net joint moment:
My =1, X Fie + yay + o X ([wy)
e Adjust the racket’s inertia using the parallel axis theorem: I, = I + m,.d?
e The joint force F;(t) is computed based on racket and segment dynamics at
each time step.
8: 5 Post-processing for Joint Power and Energy:
e Compute the joint power P; at each joint using: P; = M; - (w, — w,)
e w, and wy represent the angular velocities of the proximal and distal
segments, respectively.
9: 6 Transformation to Anatomical Reference Frame (ARF):
e Convert the predicted joint moments into the Anatomical Reference Frame
(ARF) using a rotation matrix R :M**" = RM;S
e Decompose the joint moments into adduction/abduction, flexion/extension,
and internal/external rotation moments.
10: 7 Loss Function and Optimization:
e  Minimize the Mean Squared Error (MSE) between the predicted joint

moments M,,,.., and the true joint moments M. :Loss = %Z?zl (Mpred,t -

Ivltrue,t)2
e  Optimize the model using backpropagation through time (BPTT) to update
weights.
11: 8 Validation: Perform cross-validation to assess the accuracy of the LSTM model in
predicting joint moments and forces for different racket designs and serve phases.

3. Analysis

The predicted joint moments for each motion across the different racket designs
and phases of the serve are displayed in Table 2 and Figure 4. In the preparation phase,
the Head Light racket shows the lowest adduction and flexion moments, with values
of 4.3 Nm and 5.1 Nm, respectively, while the Head Heavy racket produces the highest
moments at 5.2 Nm for adduction and 6.2 Nm for flexion. During the acceleration
phase, the joint moments increase significantly across all racket designs. The Head
Heavy racket again results in the highest moments, with adduction at 11.3 Nm and
flexion at 13.5 Nm, compared to the Head Light racket, which shows adduction at 9.4
Nm and flexion at 11.3 Nm. The Even Balanced racket shows intermediate values; in
the follow-through phase, the Head Heavy racket maintains higher joint moments,
with adduction at 7.6 Nm and flexion at 9.1 Nm, while the Head Light racket again
shows the lowest values (6.2 Nm for adduction, 7.8 Nm for flexion). The Even
Balanced racket remains in the middle range for all joint moments.

10
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Table 2. Predicted joint moments for each motion across racket designs and phases of the serve.

Racket Phase of Adduction Abduction ';/Ilg)ﬁ:ggt Extension Internal Rotation External Rotation
Design Serve Moment (Nm)  Moment (Nm) (Nm) Moment (Nm)  Moment (Nm) Moment (Nm)

Preparation 4.3 +04 -4.2 £0.3 5104 -5.0+04 2.6 £0.2 -2.5+0.2
Head Light Acceleration 9.4 +0.8 -9.2 +0.7 11.3 +0.9 -11.1 +0.8 5.9 +0.5 -5.8+0.4

Follow- 6.2 405 -6.1+05 7.8 0.6 ~7.6 0.6 40403 ~3.9403

through

Preparation 4.7 +0.4 -4.6 0.4 5,5+05 —5.4+0.4 2.9+0.3 —2.8 +0.2
Even Acceleration 10.2 0.9 —10.0 +0.8 12.1 +1.0 -11.9+0.9 6.3 +0.5 -6.1 0.5
Balanced

Follow-

6.8 +0.6 -6.6 £0.5 8.4 +0.7 -8.2 +0.6 44404 -4.3+0.3

through

Preparation 5.2 +0.5 -5.0+04 6.2 +0.5 -6.0 £0.5 3.2+0.3 -3.1+0.3
Head Acceleration 11.3£1.0 -11.1+0.9 135+1.1 -13.3%1.0 7.0 +0.6 —6.9 0.6
Heavy Follow-

7.6 0.7 ~7.4+0.6 9.1+0.8 -8.9 +£0.7 5.1+0.5 -5.0+0.4
through
Adduction Moment (Nm) Abduction Moment (Nm) Flexion Moment (Nm)
Racket Design
10 —— Head Light 12

—e— Even Balanced

E E “® E
= = —a— Head Heavy =
s = S0
c c c
7] g -8 )
E Racket Design £ E g Racket Design
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4 L
o o & o & & o o« &
& '8 & & & & & & &
& ¥ = & ¥ = = o® &
e \-,5-5’ \o“w o vd" \o“\ & Vé’ \o“\
@ @ &
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«© «© <&
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Figure 4. Joint moments prediction for each motion.

The paired t-test results are provided (Table 3 and Figure 5). In which the
following insights were observed:

1) Head Light vs. Even Balanced Racket: In the preparation phase, the t-tests
show significant differences in adduction, abduction, flexion, and extension moments
(e.g., adduction t = 2.75, p = 0.022), indicating that the Head Light racket places less
strain on these motions compared to the Even Balanced racket. However, for internal
and external rotation, there were no significant differences, with p-values of 0.068 and
0.081, respectively. In the acceleration phase, significant differences continue for
adduction, abduction, flexion, and extension moments (e.g., adduction t = 3.14, p =
0.016), but again, internal and external rotation does not show significant differences
(p > 0.05). This suggests that while the Head Light racket is less demanding in the
primary motions, rotational strain is similar to that of the Even Balanced racket.

11
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During the follow-through, the trends remained consistent, with significant differences
in most motions except for internal and external rotation, where p-values were again
greater than 0.05.

2) Head Light vs Head Heavy Racket: The comparison between the Head Light
and Head Heavy rackets shows more pronounced differences. In the preparation phase,
all motions, including internal and external rotation (e.g., internal rotation t = 2.61, p
= 0.033), show significant differences, with the Head Heavy racket requiring more
effort and loading on the joints. The acceleration phase highlights significant
differences across all motion types (e.g., adduction t = 4.23, p = 0.004), including
rotational motions, indicating that the head-heavy racket exerts more strain on the
shoulder joints than the headlight racket. During the follow-through, the differences
remain significant across all motions, reinforcing the conclusion that the Head Heavy
racket demands more joint effort across all serve phases.

3) Even Balanced vs. Head Heavy Racket: The comparison between the Even
Balanced and Head Heavy rackets also reveals significant differences in joint moments
during the preparation phase, particularly for adduction, flexion, and extension (e.g.,
flexion t = 3.03, p = 0.025). The Head Heavy racket imposes a more significant
mechanical load, making it more strenuous for the player. In the acceleration phase,
significant differences are seen across all motions, including rotational ones (e.g.,
internal rotation t = 2.94, p = 0.028), indicating that the Head Heavy racket exerts more
rotational and linear strain. The follow-through phase continues the trend, with all
motions showing significant differences, further emphasizing that the Head Heavy
racket results in more significant joint loading than the Even Balanced racket.

Table 3. Paired t-tests results table for each racket pair comparison.

Comparison Phase of Serve Motion Type t-statistic p-value Significant? (p < 0.05)

Adduction 2.75 0.022 Yes

Abduction 251 0.030 Yes

) Flexion 2.63 0.028 Yes

Preparation

Extension 2.77 0.025 Yes

Internal Rotation 1.85 0.068 No

External Rotation 1.72 0.081 No

Adduction 3.14 0.016 Yes

Abduction 2.74 0.022 Yes

. . Flexion 2.82 0.025 Yes

Head Light vs. Even Balanced ~ Acceleration )

Extension 2.97 0.027 Yes

Internal Rotation 2.14 0.062 No

External Rotation 2.07 0.076 No

Adduction 2.41 0.035 Yes

Abduction 2.38 0.042 Yes

Flexion 2.52 0.033 Yes

Follow-through )

Extension 2.66 0.030 Yes

Internal Rotation 2.07 0.065 No

External Rotation 1.98 0.071 No
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Table 3. (Continued).

Comparison Phase of Serve Motion Type t-statistic p-value Significant? (p < 0.05)
Adduction 3.33 0.014 Yes
Abduction 3.14 0.020 Yes
. Flexion 3.56 0.012 Yes
Preparation .
Extension 3.47 0.015 Yes
Internal Rotation 2.61 0.033 Yes
External Rotation 2.49 0.041 Yes
Adduction 4.23 0.004 Yes
Abduction 3.85 0.006 Yes
. ) Flexion 3.92 0.006 Yes
Head Light vs. Head Heavy Acceleration )
Extension 3.41 0.013 Yes
Internal Rotation 2.80 0.032 Yes
External Rotation 2.57 0.041 Yes
Adduction 3.07 0.024 Yes
Abduction 2.75 0.028 Yes
Flexion 3.11 0.020 Yes
Follow-through
Extension 3.06 0.022 Yes
Internal Rotation 2.67 0.035 Yes
External Rotation 251 0.037 Yes
Adduction 2.97 0.027 Yes
Abduction 2.68 0.033 Yes
. Flexion 3.03 0.025 Yes
Preparation
Extension 2.81 0.032 Yes
Internal Rotation 2.55 0.041 Yes
External Rotation 2.36 0.045 Yes
Adduction 3.28 0.020 Yes
Abduction 3.17 0.024 Yes
Flexion 3.43 0.015 Yes
Even Balanced vs. Head Heavy Acceleration )
Extension 3.21 0.018 Yes
Internal Rotation 2.94 0.028 Yes
External Rotation 2.76 0.035 Yes
Adduction 2.88 0.030 Yes
Abduction 2.72 0.034 Yes
Flexion 3.09 0.025 Yes
Follow-through
Extension 2.97 0.027 Yes
Internal Rotation 2.75 0.035 Yes
External Rotation 2.61 0.037 Yes
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Figure 5. Paired t-tests comparison among rackets.

The results from (Table 4 and Figure 6) show the joint forces across phases of
the serve for the wrist, elbow, and shoulder. In the preparation phase, the Head Heavy
racket has the highest joint forces across all joints, with the wrist at 52.8 N, elbow at
70.5 N, and shoulder at 88.4 N. This indicates that even before the acceleration phase,
players using the heavier racket experience significantly greater joint loading. In
contrast, the Head Light racket results in the lowest forces (e.g., wrist at 40.2 N, elbow
at 60.1 N, and shoulder at 75.4 N), suggesting that lighter rackets place less strain on
the joints during the preparation phase. The Even Balanced racket shows intermediate
joint forces, with values between the Head Light and Head Heavy rackets.

During the acceleration phase, where joint forces peak due to the explosive
movement required to generate power in the serve, the Head Heavy racket again shows
the highest forces, with the wrist at 115.2 N, elbow at 138.9 N, and shoulder at 162.3
N. These forces are significantly more significant than the Head Light racket, which
records the wrist at 90.6 N, elbow at 115.4 N, and shoulder at 130.2 N. This suggests
that the heavier racket requires more effort, resulting in higher mechanical loading
across all joints. The Even Balanced racket again falls between the two, reflecting a
moderate level of joint loading.

In the follow-through phase, the trend continues with the Head Heavy racket
generating the highest joint forces (e.g., wrist at 90.1 N, elbow at 125.3 N, and shoulder
at 130.5 N). These forces are associated with the deceleration of the arm and racket,
highlighting that heavier rackets require more effort to control after ball contact,
potentially leading to increased fatigue or injury risk. The Head Light racket produces
the lowest forces during the follow-through, with the wrist at 72.3 N, elbow at 95.8 N,
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and shoulder at 101.2 N, indicating less strain on the joints during the deceleration
phase. Again, the Even Balanced racket results in intermediate joint forces.

Table 4. Joint forces analysis across phases of the serve (Wrist, EIbow, Shoulder).

Racket Design Phase of Serve Wrist Joint Force (N) Elbow Joint Force (N) Shoulder Joint Force (N)
Preparation 40.2 £35 60.1 +£5.2 75.4 £6.1

Head Light Acceleration 90.6 +6.8 115.4 +7.9 130.2 +9.4
Follow-through 723 %54 95.8 +6.3 101.2 7.5
Preparation 451 +4.0 65.7 5.8 82.1 +6.9

Even Balanced Acceleration 100.3 7.4 125.6 +8.5 1425 +9.9
Follow-through 80.2 £6.1 105.4 £7.2 1129 +84
Preparation 52.8 £4.5 70.5%6.2 88.4£7.2

Head Heavy Acceleration 115.2 +8.1 138.9 +9.5 162.3 +11.4
Follow-through 90.1+7.2 125.3 +8.8 130.5 +9.6

Wrist Joint Force (N) Elbow Joint Force (N) Shoulder Joint Force (N)

Phase of Serve

Preparation

Acceleration

Follow-through

Racket Design
mm Head Light
= Even Balanced
I Head Heavy

Racket Design
EEm Head Light
. Even Balanced
B Head Heavy

Racket Design
. Head Light
= Even Balanced
I Head Heavy

20 40

60 80 100 1200 20 40 60 80 100 120 140 0 25 50 75 100 125 150

Force (N) Farce (N) Farce (N)

Figure 6. Joint forces across phases of the serve.

The kinematic results, (Figure 7 and Table 5), demonstrate significant
differences across racket designs. The Head Light racket allows for the most
outstanding shoulder internal rotation (95.6 9 and external rotation (165.3<, while the
Head Heavy racket shows the lowest values, with internal rotation at 85.2<and
external rotation at 155.7< In terms of elbow flexion and extension, the Head Light
racket achieves the highest flexion angle at 125.4<and a minor extension at 5.2<
compared to the Head Heavy racket, which shows reduced flexion (120.19 and
increased extension (8.89.

For angular velocities, the Head Light racket produces the highest values for both
the shoulder (1340.57s) and elbow (1012.4 7s), indicating faster movements, whereas
the Head Heavy racket exhibits slower velocities, with the shoulder at 1152.37s and
the elbow at 890.2 7s. Similarly, angular accelerations are highest with the Head Light
racket (shoulder at 57027s? and elbow at 4201 9s?) and lowest with the Head Heavy
racket (shoulder at 4905 7s? and elbow at 37107s?). The Head Light racket also allows
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for the most excellent range of motion, with the shoulder at 260.9<and the elbow at
120.2< while the Head Heavy racket restricts the range of motion more, with the
shoulder at 240.9<and the elbow at 111.3<

Table 5. Kinematic patterns for different racket designs (Joint Angles, Velocities, Accelerations).

Kinematic Variable Head Light Even Balanced Head Heavy
Maximal Shoulder Internal Rotation (< 95.6 £3.5 90.1 +4.0 85.2+4.2
Maximal Shoulder External Rotation (< 165.3 5.0 160.4 +4.6 155.7 5.1
Maximal Elbow Flexion (9 125.4 3.2 122.6 £3.5 120.1 +£3.9
Maximal Elbow Extension (< 52+1.0 7.0+1.1 8.8+1.2
Maximal Shoulder Angular Velocity (7s) 1340.5 +105.8 1205.7 £115.2 1152.3 £121.5
Maximal Elbow Angular Velocity (7s) 1012.4 +95.4 950.3 +90.8 890.2 +98.6
Maximal Shoulder Angular Acceleration (7s?) 5702 +650 5220 +590 4905 +670
Maximal Elbow Angular Acceleration (7s?) 4201 £520 3957 £510 3710 £580
Maximal Shoulder Range of Motion (9 260.9 =10.4 250.5 9.7 240.9 x11.0
Maximal Elbow Range of Motion (< 120.2 5.1 115.6 +4.8 111.3+55
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B Head Heavy
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Figure 7. Kinematic result comparison for different racket designs.

The results from the Joint Power and Energy Transfer (Table 6 and Figure 8a)
demonstrate that the Head Light racket generates the highest joint power across all
producing 185.4 W, the elbow 142.3 W, and the wrist 105.2
W. In contrast, the Head Heavy racket shows the lowest power output, with the
shoulder at 163.7 W, the elbow at 121.4 W, and the wrist at 92.1 W. The Even
intermediate values, with the shoulder at 176.6 W, the elbow
at 131.5 W, and the wrist at 98.7 W. These results suggest that lighter rackets allow
for more efficient energy transfer, generating higher joint power output. The Moment-

joints, with the shoulder

Balanced racket exhibits
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to-Force Ratios results in Table 7 and Figure 8b further reveal that the Head Heavy
racket imposes the highest ratios, with the shoulder at 1.81 and the elbow at 1.63,
indicating that a more significant proportion of the player’s effort is required to control
rotational forces. The Head Light racket shows the lowest ratios, with the shoulder at
1.36 and the elbow at 1.25, reflecting more efficient force application with less strain.
The Even Balanced racket again demonstrates intermediate ratios, with the shoulder
at 1.53 and the elbow at 1.47, balancing control and effort.

Table 6. Joint power and energy transfer for different racket Designs (Shoulder, Elbow, Wrist).

Racket Design Joint Power (Shoulder) (W) Joint Power (Elbow) (W) Joint Power (Wrist) (W)
Head Light 185.4 £15.5 1423 +12.8 105.2 £10.3

Even Balanced 176.6 £14.8 131.5+11.9 98.7 £9.7

Head Heavy 163.7 £13.6 121.4 +10.5 921491

Table 7. Moment-to-force ratios for different racket designs (Elbow, Shoulder).

Racket Design Moment-to-Force Ratio (Shoulder) Moment-to-Force Ratio (Elbow)
Head Light 1.36 +0.10 1.25 +0.09
Even Balanced 1.53 +0.12 1.47 £0.11
Head Heavy 1.81 +0.15 1.63 +0.13

Joint Power and Energy Transfer for Different Racket Designs

Joint Power (W)

Head Light

Moment-to-Force Ratios for Different Racket Designs

Joint Joint
EEE joint Power (Shoulder) (W) 175! mmm Moment-to-Force Ratio (Shoulder)
. joint Power (Elbow) (W) = Moment-to-Force Ratio (Elbow)
BN joint Power (Wrist) (W)
1.50p

-
N
wn

Moment-to-Force Ratio
S &
\{! =]

o
w
=]

L
N
w

(@)

0.00

Even Balanced Head Heavy Head Light Even Balanced Head Heavy
Racket Design Racket Design

(b)

Figure 8. (a) Joint Power and Energy Transfer Analysis; (b) Moment-to-Force Ratio Analysis.

From the result (Table 8 and Figure 9) show clear trends across racket designs
and serve speeds in the correlations between joint forces, moments, and ball speed. At
all serve speeds, the Head Light racket has the highest correlations for shoulder, elbow,
and wrist moments with ball speed. For instance, at 120-130 km/h, the shoulder
moment correlation for the Head Light racket is 0.783, compared to 0.692 for the Even
Balanced and 0.616 for the Head Heavy. The Head Heavy racket shows the lowest
correlations across all speeds. Similarly, the Head Light racket has the strongest
correlations for joint forces. At 120-130 km/h, the shoulder force correlation is 0.705
for the Head Light, compared to 0.641 for the Even Balanced and 0.559 for the Head
Heavy. The wrist force follows the same pattern, with the Head Light showing 0.659,
compared to 0.605 for the Even Balanced and 0.532 for the Head Heavy.
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Table 8. Correlations between wrist force and ball speed at different serve speeds.

Shoulder Moment Elbow Moment Wrist Moment
Serve Speed
(km/h) Head Even Head Head Even Head Head Even Head
Light Balanced Heavy Light Balanced Heavy Light Balanced Heavy
120-130 km/h 0.783 0.692 0.616 0.773 0.687 0.609 0.692 0.622 0.532
130-140 km/h 0.761 0.665 0.595 0.747 0.662 0.593 0.675 0.603 0.517
140-150 km/h 0.735 0.645 0.565 0.723 0.644 0.571 0.654 0.587 0.499
150-160 km/h 0.712 0.627 0.542 0.701 0.623 0.556 0.633 0.568 0.477
160+ km/h 0.688 0.598 0.515 0.678 0.602 0.527 0.611 0.549 0.455
Shoulder Force Elbow Force Wrist Force
Serve Speed
(km/h) Head Even Head Head Even Head Head Even Head
Light Balanced Heavy Light Balanced Heavy Light Balanced Heavy
120-130 km/h 0.705 0.641 0.559 0.684 0.629 0.551 0.659 0.605 0.532
130-140 km/h 0.688 0.623 0.544 0.665 0.612 0.536 0.638 0.589 0.518
140-150 km/h 0.665 0.603 0.527 0.643 0.590 0.519 0.615 0.568 0.499
150-160 km/h 0.644 0.582 0.505 0.622 0.572 0.495 0.593 0.548 0.477
160+ km/h 0.621 0.560 0.483 0.600 0.553 0.472 0.571 0.527 0.455
Shoulder Moment Correlation with Ball Speed Shoulder Force Correlation with Ball Speed
Racket Design 0.70 Racket Design
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Figure 9. Correlation analysis between shoulder, elbow, and wrist against force and moment.

The cross-validation results for the LSTM model predictions of joint moments
and forces, as depicted in Table 9 and Figure 10, reveal that the Head Light racket
consistently provides the best predictive performance across all metrics. For shoulder
moments, the model shows the lowest Mean Absolute Error (MAE) of 2.315 Nm and
Root Mean Square Error (RMSE) of 3.110 Nm, with an R? of 0.915, indicating
substantial accuracy. In comparison, the Head Heavy racket has the highest errors,
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with an MAE of 2.960 Nm, RMSE of 3.799 Nm, and the lowest R? of 0.876. For elbow
moments, the Head Light racket again outperforms the other designs, with an MAE of
1.657 Nm and an R? of 0.930, while the Head Heavy racket produces the highest error
values (MAE of 2.115 Nm and R=f 0.897). The pattern continues for wrist moments,
where the Head Light racket achieves the best performance, with an MAE of 1.125
Nm, RMSE of 1.605 Nm, and R? of 0.942, while the Head Heavy racket lags with
higher errors and an R? of 0.910. For joint forces, the Head Light racket again shows
the best results. The shoulder force prediction yields an MAE of 25.672 N, RMSE of
32.855 N, and R? of 0.910. The Head Heavy racket has the highest errors, with an
MAE of 32.569 N, RMSE of 39.523 N, and R? of 0.865. Similarly, for elbow and wrist
forces, the Head Light racket consistently produces lower errors and higher R? values,
while the Head Heavy racket results in the highest error values across these joints,
reflecting more significant predictive discrepancies.

Table 9. Cross-Validation Results for LSTM Model Predictions of Joint Moments and Forces.

Joint Metric Head Light Even Balanced Head Heavy
MAE (Nm) 2.315 +0.185 2.587 +0.210 2.960 0.245
Shoulder Moment RMSE (Nm) 3.110 £0.290 3.405 +0.315 3.799 +0.360
R? 0.915 +0.012 0.902 +0.015 0.876 +0.020
MAE (Nm) 1.657 +0.138 1.852 +0.150 2.115 +0.175
Elbow Moment RMSE (Nm) 2.220 =0.195 2.415 +0.205 2.711 +0.230
R? 0.930 +0.011 0.921 +0.013 0.897 £0.017
MAE (Nm) 1.125 %+0.095 1.304 +0.102 1.498 +0.118
Wrist Moment RMSE (Nm) 1.605 %+0.135 1.780 +0.145 2.003 +0.160
R? 0.942 +0.009 0.930 +=0.011 0.910 +0.015
MAE (N) 25.672 £2.512 28.320 £2.715 32.569 +2.975
Shoulder Force RMSE (N) 32.855 +3.012 35.894 +3.325 39.523 +3.632
R? 0.910 +0.013 0.894 +0.015 0.865 +0.019
MAE (N) 18.215 +1.810 21.275 +£1.945 24.135 +2.180
Elbow Force RMSE (N) 24.098 +2.115 26.510 £2.330 30.008 +2.640
R? 0.935 +0.010 0.920 +0.012 0.885 +0.017
MAE (N) 12.103 +£1.152 13.875 +£1.245 15.495 +1.420
Wrist Force RMSE (N) 17.520 +1.550 19.225 +1.655 21.490 +1.835
R? 0.947 +=0.008 0.930 +0.010 0.905 +0.014
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Figure 10. LSTM model performance analysis.

4. Conclusion and future work

This study explored the biomechanical effects of different racket designs, such as
head-light, even-balanced, and head-heavy on shoulder, elbow, and wrist joint loading
during tennis serves. The work employed eight players from the expert level and
collected kinematic data, including joint angles, angular velocities, accelerations, and
racket parameters captured during the three phases of the tennis serve. The data was
then analyzed using the LSTM neural network model to predict joint moments and
forces. The study investigated how varying racket characteristics influence joint
mechanics across the different phases of a serve. From the results, it can be ascertained
that racket design plays a key role in determining the mechanical loads experienced
by the upper limb joints. The findings show that the head-light racket reduces joint
moments and forces in both the shoulder and elbow during the acceleration phase of
the serve. This racket type had achieved a shoulder adduction moment of 9.4 £0.8 Nm
and a shoulder force of 130.2 9.4 N. The head-heavy racket produced a higher
shoulder adduction moment of 11.3 £1.0 Nm and a force of 162.3 +11.4 N, and the
even-balanced racket showed intermediate values. The results suggest that the head-
light racket is better in terms of minimal joint stress and better performance.

Future work would investigate the long-term impacts of racket design on joint
health and explore larger participant groups to generalize the findings.
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