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Abstract

This study presents a data-driven exploratory analysis that combines experimental measurements with statistical model-
ling to investigate how the mechanical properties of a football, specifically stiffness and energy loss, influence a football’s
impact behaviour. Experimental testing of twelve FIFA-certified footballs, impacted at low (5.93 + 0.06ms ') and high
(19.2 + 0.4ms ") velocities, revealed three distinct characterisations of impact behaviour. These groupings were primar-
ily defined by contact time and deformation, variables that were strongly correlated with the stiffness properties of the
balls, measured in both static and dynamic environments. Multivariable models were developed using inputs of impact
conditions and ball properties. For the selected outcome variables (contact time and deformation) and under the condi-
tions tested, these inputs could explain up to 96% of the differences observed in impact behaviour in the best-
performing model. The models also demonstrated agreement with observed behaviour in an independent dataset, in this
instance errors of 2.8% (corresponding to 0.3 ms) were observed for contact time and errors of 3.4%-9.7% (corre-
sponding to 1-5.5mm) were observed for deformation. Properties of the footballs measured at the low velocity also
demonstrated reasonable consistency in their relationship with dynamic impact behaviours at the higher velocity with
errors below 7%. This study demonstrates the use of statistical modelling to classify and explain aspects of football
impact behaviour using a small set of measurable properties, within the conditions investigated.
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Introduction mechanisms that affect the dynamic response of a ball.
For manufacturers, modelling can be used to gain criti-
cal insights into how design and material choices influ-
ence different aspects of a ball’s performance, such as
rebound, compliance, or energy transfer, without the
reliance on costly iterative prototyping. Impact model-
ling of a football has previously been approached using
physics-based modelling' > or computational simula-
tion,*® which have demonstrated success in reprodu-
cing the impact response of individual footballs under
controlled conditions."® However, these approaches

The physical and performance characteristics of a foot-
ball, used in any competitive match, are governed by
the Laws of the Game defined by the International
Football Association Board (IFAB) and by certifica-
tion requirements within the FIFA Quality Programme
(FQP). The FQP aims to ensure consistency, fairness,
and quality across different balls used in the sport.
While effective for standardisation, the testing proto-
cols do not directly measure or control for the underly-
ing properties of a ball, such as stiffness and energy
loss, that govern deformation, energy dissipation, and
contact dynamics during impact. As a result, footballs  'Sports Engineering Research Group, Sheffield Hallam University, UK
that satisfy the quality thresholds may exhibit differ- ?Fédération Internationale de Football Association, Zurich, Switzerland
ences in impact behaviour, particularly outside the nar- .
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rely on simplifying assumptions on material behaviour,
geometry, or contact conditions and have often
required an accurate representation of a ball’s dynamic
response during a collision, frequently captured using
high-speed video. The kinematic data extracted from a
video is used to define initial boundary conditions, to
estimate physical quantities, to calibrate or tune model
constants, or to validate model calculations. As a
result, model constants are commonly tuned to a spe-
cific ball or test condition, limiting their capacity to
generalise across different constructions, materials, or
manufacturers. This approach implies that the model
parameters may be biased to artifacts of each football’s
design rather than representing the physical or mechan-
ical properties, thereby constraining their usefulness for
comparative assessment. The effectiveness of modelling
the impact behaviour for footballs with varying
mechanical properties remains largely untested or con-
fined to small-scale studies. While differences in impact
behaviour between individual footballs have been
observed for a normal-inbound impact, these are often
only suggested to be caused by differences in construc-
tion,”® temperature,” internal pressure, or impact velo-
city,”!? but rarely report objective measurements of the
football’s mechanical properties in the analysis.

Given the limited capacity of existing models to sup-
port comparative assessment across footballs from dif-
ferent manufacturers, this study adopts a data-driven
methodology that integrates experimental measure-
ments with supervised and unsupervised modelling
approaches to investigate how the mechanical proper-
ties of a football, specifically mass, stiffness, and energy
loss, influence a football’s impact behaviour. By doing
so, the work explores the potential of statistical model-
ling to classify and explain the dynamic impact beha-
viour using a small set of measurable mechanical
properties, without reliance on design-specific calibra-
tion. Importantly, correlations between low- and high-
velocity impacts are also examined to assess whether
regulatory tests remain valid indicators for higher-
velocity impacts, often encountered under match
conditions.

Methods

The following sections describe the methodological
approaches required to collect data essential for the sta-
tistical modelling.

Ball selection

A total of 1081 FIFA Quality Programme (FQP) foot-
ball test reports were obtained from FIFA licensee’s
that consented to anonymous data-sharing for research
purposes. These reports included key ball characteris-
tics for all footballs submitted for certification from
1999 to 2021, including those for active, expired, and
failed licences. To ensure the availability of footballs
for experimental use, the dataset was filtered to include

Figure I. Images of the quasi-static compression test of a
football: (a) The upper plate moves at a slow, controlled rate
with uniform force application to compress a football from its
uncompressed state to (b) a deflection of 45 mm.

only those with a valid licence past January 2021, giv-
ing a total number of 155 potential footballs. A further
criterion was applied to only include footballs certified
with a FIFA Quality Pro mark (n = 72), as these mod-
els typically incorporate the latest innovations in mate-
rials and manufacturing techniques. These footballs
were regarded as a representative sample of those cur-
rently available on the market.

Footballs exhibit anisotropic mechanical behaviour
arising from their panelised construction, whereby
seam distribution and material orientation govern
deformation patterns and contact dynamics.!' To con-
trol this potential confounding variable, the sample of
footballs was restricted to those with the most common
32-panel design (57/72 footballs, 79%). Following a
formal request to the respective licensees, 12 thermally
bonded 32-panel, size 5, footballs meeting all selection
criteria were obtained and used in the study. All foot-
balls were inflated to 0.8 =0.01 bar in line with the
inflation pressure tested during FIFA certification and
fell within the manufacturer’s recommended pressure
range for each football.

Mechanical testing

Quasi-static compression tests were carried out on an
Instron EC3000 test machine (Model 2663-901). The
footballs were compressed between two rectangular
mild steel plates (200mm X 300mm) at a rate of
1000 mmmin~! to a deflection of 45mm, as shown in
Figure 1. In the absence of any internationally standar-
dised or widely cited protocol, the maximum deflection
was selected to align with the deformation magnitude
experienced during the high-velocity dynamic impact
(outlined in Section 2.3). This maximum deflection
ensured stiffness was characterised within a mechani-
cally relevant deformation range while acknowledging
the fundamental differences between quasi-static and
dynamic loading.

A 25-N preload was applied to account for the slight
differences in circumferences of the footballs and to
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Figure 2. Measurements describing the football’s impact response were extracted via digitisation of high-speed video frames (a),
with accompanying schematic diagram (b) indicating the variables and definitions.

ensure contact was not lost during consecutive com-
pression cycles. Each ball was cyclically loaded four
times to 1000 N to overcome viscoelastic effects before
the final deflection cycle was performed. Force and
deflection were measured in three orientations of the
football to assess the homogeneity of stiffness around
its circumference. Raw data were exported to a .csv file
and imported into MATLAB (The MathWorks. Inc
Version; R2021b). Stiffness was calculated by fitting a
second-order polynomial to the force-deflection curve
during loading and evaluating at 5-mm intervals
between 5 and 40 mm. The measurements from the
three orientations were averaged to provide the overall
global stiffness for each football.

Dynamic impact testing

Impact tests were carried out at two velocities:
5.93+0.06ms™ " and 19.2+0.4ms™". The lower velo-
city reflected the velocity outlined by the FQP test
manual. The higher velocity was calculated by applying
the upper limit of football kick speed (35ms ')
observed in previous published work'*!'? to a trajectory
model' to estimate the maximum velocity at which a
football could impact the playing surface during match
play. To achieve the lower velocity, the football was
dropped from 2m, and a bespoke 4-wheel mechanical
device was used to project the football to the higher
velocity. For each velocity, the football was positioned
directly opposite the impact point to avoid valve-
surface contact. Each football impacted a floor-
mounted piezoelectric force platform without spin
(Kistler 9281EA, Kistler Holding AG; dimensions:
600 mm X 400 mm, natural frequency: 1kHz) for a
total of 25 impacts at each velocity, giving a total of

300 impacts per velocity. The impact was recorded
using a single high-speed camera (Phantom MIRO 311,
Vision Research Ltd., USA; resolution 320 X 800 p,
sample rate 10,000 fps) placed Sm from the force plat-
form edge and calibrated using planar checkerboard
calibration. The instantaneous in- and out-bound velo-
cities were calculated by plotting the vertical position
obtained using a computer vision algorithm and digital
processing. An inbuilt MATLAB function (imfindcir-
cles.m) was used to apply the circular Hough transform
on over 120 consecutive high-speed video frames, and a
second-order polynomial was fitted to the positions.

Impact variables that were used to describe the
response of the football undergoing a collision were
the deformation (6,), COR; calculated as the ratio of
the out-to-in-bound velocity and the contact time (7).
These variables were obtained exclusively from the
high-speed video analysis (Figure 2), using a combina-
tion of automated and manual digitisation of the image
frames.

In contrast, the mechanical input variables were
obtained using the outputs from the force platform
(Figure 3). The unfiltered output of the force platform
was used to calculate: (1) the maximum force (Fumax)
measured within the contact duration, and (2) the
dynamic mechanical properties of the football.
Although derived from a separate measurement system
from the high-speed video, these quantities are calcu-
lated from the same impact event and therefore repre-
sent mathematically related descriptors of the same
underlying physical process. Dynamic stiffness was cal-
culated as the ratio of Fyax to the maximum centre-of-
mass (COM) displacement (6com, max), With COM dis-
placement estimated from Newton’s Second Law, as
shown in Figure 3(d). Thus, both F,,, and COM were
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Figure 3. Example of the curves obtained and calculated using
the force-time data for a football impacting a force platform: (a)
force-time, (b) acceleration-time, (c) velocity-time, and (d)
displacement-time. Maximum peak force and COM-
displacement are indicated.

derived from the same force—time signal, and therefore
represent a transformation of the measured impact
response. Importantly, this COM displacement is dis-
tinct from the ball deformation measured from the
high-speed video. Energy loss was defined as the area
enclosed by the loading-unloading portion of the force-
displacement curve, calculated using the trapezium
rule.

Statistical analysis

Normality of each impact metric was assessed using the
Shapiro-Wilk test (SPSS, 26.0.0.1, IBM Corporation).

Pearson correlation coefficient. The Pearson’s product
moment correlation coefficient was calculated to assess
correlations between the average stiffness with COR,
contact time, deformation, and peak impact force.
Coefficients between 0< r < |0.5] were interpreted as
low correlations, coefficients between [0.7|<r < [0.9|
were interpreted as high and [0.9|<r <|1] as very
high."

Cluster analysis. A K-means cluster analysis was used to
classify the footballs into distinct groups based on their
impact characteristics. Variables of contact time, COR,
deformation, and peak impact force were included in
the analysis and were standardised using z-scores to
prevent variables with larger scales (e.g. peak impact
force) from disproportionally influencing the cluster
outcomes. To determine the number of clusters, the
elbow method was followed by calculating the within-
cluster sum of squares (WCSS) using equation (1) for K
values ranging between 2 and 6.'® The inflection point
revealed a three-cluster solution as the optimum

solution. To assess the contribution of each impact
variable to the final cluster solution, the ANOVA table
output was examined.

K
wess= Sy 2,,: (x5 — %)

k=1xeCrj=1

(1)

where,

K is the total number of clusters, Cy is the number of
cases assigned to a cluster, x; is the value for variable j
for data point i, X is the cluster centroid, and p is the
number of variables.

Following the identification of clusters, a one-way
ANOVA with a post hoc Tukey test was performed on
each of the impact variables with a confidence level of
0.05 to compare the mean result of each cluster.

Multivariable regression models. Multivariable regression
models were developed to determine the relationship
between the mechanical properties of a football and the
dynamic impact response at each velocity. Each model
took the form of equation (2), where By, 81,85 - B,
are the regression coefficients, these are a set of
weighted terms associated with the independent vari-
ables x1,x;...x, to calculate a single outcome Y. The
independent variables for the modelling were impact
velocity, mass, dynamic stiffness, and dynamic energy
loss. To generate each model, the MATLAB function,
polyfitn was obtained from the online MATLAB com-
munity.'”” A series of weighted terms were generated
that best fit a given set of experimental data using the
least squares technique to minimise the sum of square
errors between the observed and calculated values.

Y=By+Bixi+Bx2+ ... +B,x, T E

(2)

To understand how experimental variability influenced
the performance of the model, three levels of data
aggregation were used.

1. Trial A used the raw data, including all impacts
(n = 300), capturing the full experimental
variability.

2. Trial B averaged every five consecutive impacts
(n = 60), retaining moderate variability while
smoothing out short-term fluctuations.

3. Trial C averaged across all 25 impacts per foot-
ball (n = 12), minimising experimental variability
to emphasise ball-specific characteristics.

Model performance. The performance of each model was
assessed using the absolute root-mean-square error
(RMSE) and normalised root-mean-square error
(NRMSE), calculated on the training dataset for each
trial. To assess how well the models reproduce observed
behaviour in an independent dataset, an independent
validation dataset was collected, consisting of 75
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impacts that were carried out at each velocity using
three randomly selected FIFA-Certified 32-panel foot-
balls available on the market in May 2025, using the
same methodology as outlined in Section 2.3. These
footballs were not included in the training dataset. The
validation data were normalised using the same hyper-
parameters (accessible in Supplemental Materials).
Model calculations were compared against observed
values using the RMSE, NRMSE, and mean absolute
percentage error (MAE).

Results

Correlation between mechanical stiffness and impact
behaviour

The strength and significance of the correlations
between the ball’s stiffness and impact response are
presented in Table 1. These results showed that as the
deflection level at which static stiffness was evaluated
increased, both the strength and significance of the cor-
relations tended to decrease.

At the lower impact velocity, strong negative correla-
tions were found between static stiffness and both con-
tact time (r = —0.87 to —0.45, p < 0.001-0.05) and
deformation (r = —0.87 to —0.45, p < 0.001-0.05).
The strongest correlations were found when stiffness
was evaluated at a deflection of Smm for contact time
(r=—0.87, p < 0.001) and deformation (r = —0.86, p

< 0.001). Dynamic stiffness also showed a stronger
relationship with contact time (r = —0.96, p < 0.001)
and deformation (r = —0.88, p < 0.001), and a positive
significant correlation with peak impact force (r = 0.93,
p < 0.001). No strong or significant relationships were
observed between stiffness and COR.

At the higher impact velocity, similar patterns were
observed. Strong negative correlations were observed
between dynamic stiffness with contact time
(r=-0.87, p < 0.001) and deformation (r = —0.73, p
< 0.001). However, weaker correlations, with many
failing to reach the higher significance level were
observed, highlighting the limitations associated with a
static measurement. The dynamic stiffness measured
during the lower velocity impact showed strong and
significant relationships with contact time (r = —0.86, p
< 0.001) and deformation (r= —0.94, p < 0.001)
measured at the higher velocity, suggesting low-speed
dynamic stiffness may serve as a valid proxy for higher-
speed compliance behaviour.

Cluster analysis of behavioural traits

Three distinct groupings of impact behaviour emerged
among the footballs at the two impact velocities. The
results of the cluster analysis are presented in Figure 4.
All four variables contributed significantly to cluster
membership (p < 0.05), with ball deformation (F = 25,
p < 0.001) and contact time (F =20, p < 0.001)
showing the highest F-scores at the lower impact

Correlations between static and dynamic stiffness and dynamic impact variables at various deflections for a low- and high-velocity, with significance level.

Table 1.

Dynamic

Dynamic

= (mm)
20

Static Stiffness measured at a deflection of x

Stiffness (Low) Stiffness (High)

35 40

30

25

15

10

Variables

Velocity

—0.596°

0.288

—0.962%
—0.155
—-0.878°

0.929°

—0.447
—0.218
—0.34

0.42

—0.495
—0.261
—0.387
0.448

—0.566
—0.287
—0.465

0.496

—0.645°¢
—0.315
—0.553
0.549

—0.727°
—0.342
—0.648°

0.601°¢

—0.802°
—0.363
—0.74°
0.644°

—0.855°
—0.374
—0.815°

0.667¢
—0.62°

—-0.873*
—0.364
—0.856*

0.666°¢

Contact Time
COR

Low

—0416
0.858°

Deformation

Peak Impact Force
Contact Time

COR

—0.866°
—0.427
—0.731°
0.82°

—0.863%
—0.786°
—0.94°
0.557

—0.429
—0.225
—0.37

0.332

—0.456
—0.259
—0.414

0.319

—0.496
—0.315
—0.477

0.321

—0.539
—0.379
—0.548

0.319

—0.58°
—0.448
—0.622°

0.309

—0.61°
—0.516
—0.691°¢
0.289

—0.572
—0.741°

0.422

—0.605°¢
—0.606°
—0.761°
0.213

High

Deformation
Peak Impact Force

Significance: *p < 0.001.°p < 0.01.p < 0.05.
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Figure 4. Cluster centres illustrating three distinct behavioural
groupings of football impact behaviour at the (a) low velocity
and (b) high velocity.

velocity. At the higher impact velocity, COR (F = 37
and p < 0.001) was a significant differentiator and had
the highest F-score, but was closely followed by defor-
mation (F=30 and p < 0.001) and contact time
(F =30 and p < 0.001) highlighting that the ability of
a football to deform and absorb energy becomes a criti-
cal differentiator at higher impact velocities.

From analysing the cluster centroids, the following
groups and corresponding behavioural traits, as out-
lined in Table 2, emerged among the sample of foot-
balls tested. While most footballs maintained consistent
behavioural traits, a subset of footballs demonstrated
speed-sensitive behaviour, transitioning between clus-
ters at the higher impact speed. These findings confirm
that the mechanical responses of certain footballs exhi-
bit higher strain-rate dependencies than others.

The results of the ANOVA revealed significant dif-
ferences between at least two groups for all impact vari-
ables (p < 0.001). The footballs in the soft category
across both velocities exhibited significantly longer con-
tact times (Figures 4(a) and 5(a)), lower impact forces
(Figures 4(b) and 5(b)), and greater deformations
(Figures 4(d) and 5(d)) compared to the balanced and
firm types (p < 0.001).

The COR (Figures 5(c) and 6(c)) did not consistently
differentiate among all three groups at both velocity
conditions, but this inconsistency is likely a conse-
quence of using FIFA Certified footballs where COR
at a low velocity is bounded. At the low velocity, only
the balanced group differed significantly from soft and
firm footballs, which did not differ from each other. In
contrast, at a high velocity, the soft footballs were dis-
tinct from the other groups, whereas the balanced and
firm footballs showed no significant difference.

The results of the impact testing are shown in
Figure 7, with the size and colour of the marker
representing the static stiffness of the ball measured
at 5-mm deflection. Despite achieving statistical sig-
nificance among the groups, the absolute percentage
differences across the impact variables were generally
minimal, particularly for metrics considered perfor-
mance indicators, such as the COR, which varied by
less than 6% across all footballs at both impact velo-
cities. The largest differences were observed for
metrics that correlated highest with the stiffness of
the football, with contact time varying 12% and 7%,
deformation varying 17% and 15%, and peak impact
force varying 15% and 14% at the low- and high-
velocity, respectively. These results indicate relatively
consistent impact behaviour across all footballs at the
two tested velocities, with more pronounced changes
in metrics associated with the compliance behaviour
of the balls.

Multivariable modelling

Given that the group a football may fall into was reli-
ably classified by contact time and deformation, model-
ling was carried out using these two variables as the
outcome variables.

The model performance with contact time as the
outcome variable is presented in Table 3. Across the
models, explanatory power varied substantially, with
R? values ranging from 0.31 to 0.96. The NRMSE on
the test dataset ranged from 0.2 to 0.73, corresponding
to an error of approximately 0.13—0.25ms in contact
time. The best explanatory performance was seen at the
low velocity for Trial C (R* = 0.96, RMSE = 0.07 ms).
However, models with higher explanatory performance
often demonstrated weaker agreement with the valida-
tion data, consistent with overfitting to smaller data-
sets, for example, at the low velocity, the MAE for

Table 2. Description of groups and behavioural characteristics identified during cluster analysis.

Group

Behaviour characteristics

Stiff, quick-sharp impacts
Soft, prolonged impacts
Well-balanced impact behaviour

Firm, low deformation, low contact time, high impact force
High deformation, high contact time, low impact force. Overall, a soft and elastic response.
Neither stiff nor soft, moderate performance characteristics, more general purpose, and

may suit more mixed game play styles.
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Figure 5. Boxplots of dynamic impact variables associated with each behaviour group at the lower velocity: (a) contact time,
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contact time (c,f) at the low (top row) and high (bottom row) velocity. Data points represent the average outcome variable with
dot size and colour normalised to static stiffness at 5 mm; stiffer = red, softer =blue. Error bars denote the standard deviation.

Table 3. Model performance metrics for training and validation datasets for contact time.

Output Velocity Trial  R%s  RMSEq (ms)  NRMSE..  RMSEy (ms)  NRMSE,  MAE, (%)
Contact time  Low A 064 025 0.60 0.30 0.73 276
B 087  0.14 036 0.42 L1 3.70
e 096 007 0.20 0.48 1.28 43|
High A 046 02l 0.73 0.25 0.89 276
B 065  0.I3 0.58 0.28 1.09 2.87
e 085 008 0.37 030 .46 3.43
Low to high A 031 0.23 0.83 0.38 1.22 5.15
B 065  0.I3 0.59 0.40 .82 5.74
e 085 008 038 0.60 2.95 8.25

RMSE has been reported in both absolute (RMSE) and normalised units (NRMSE).

Trial A (n = 300) was 2.8% compared to 4.3% for
Trial C (n = 12).

The model performance with deformation as the
outcome variable is presented in Table 4. Similar pat-
terns were observed for deformation as for contact
time, with the strongest agreement with the validation
data appearing at the low velocity. However, model
accuracy for deformation was more variable across
trials. The R” values ranged from 0.38 to 0.92, and the
NRMSE for the training dataset ranged from 0.27 to
0.73, corresponding to absolute errors of 0.33 to
2.6l mm. At the high velocity, deformation proved

more difficult to capture reliably, with validation errors
rising to nearly 10% and RMSE values up to 6.4 mm.
Given that regulatory tests are typically performed
under low-velocity conditions, the final stage of the
analysis assessed how well models trained exclusively
on properties measured at the low velocity reproduce
observed behaviour at a high velocity. These models
demonstrated meaningful agreement with observed val-
ues, particularly for contact time, where the best-
performing model achieved errors of approximately
5% (equivalent to 0.4 ms). Model errors were larger for
deformation, around 7% (~2.6mm), but remained
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Table 4. Model performance metrics for training and validation datasets for deformation.

Output Velocity Trial R%,... RMSE, s (mm) NRMSE,... RMSE,,; (mm) NRMSE, ., MAE,,; (%)
Deformation Low A 0.46 0.86 0.73 0.77 0.65 3.35
B 0.74 0.51 0.50 0.72 0.71 3.37
C 0.87 0.33 0.34 0.72 0.74 3.76
High A 0.49 2.38 0.72 5.53 1.66 9.68
B 0.64 1.59 0.59 591 2.20 9.8l
C 0.74 1.25 0.49 6.34 2.46 10.12
Low to high A 0.38 261 0.78 3.34 1.01 7.02
B 0.71 1.43 0.53 2.18 0.8l 5.38
C 0.92 0.70 0.27 227 0.88 6.94

RMSE has been reported in both absolute (RMSE) and normalised units (NRMSE).

within a relatively small range relative to observed
values.

Discussion

This study demonstrated the use of statistical modelling
to classify and explain aspects of football impact beha-
viour using a small set of measurable properties,
including mass, dynamic stiffness, and energy loss.
First, three distinct classifications of impact behaviour
were identified among the footballs tested, primarily
defined by contact time and deformation. These out-
come variables were strongly correlated with the stiff-
ness properties measured in both static and dynamic
conditions, establishing stiffness as a primary mechani-
cal determinant of compliance-related impact beha-
viour. Next, it was shown using multivariable models
that up to 96% of the variation in contact time and
87% of the variation in deformation could be explained
by the measurable properties. Finally, strong agree-
ment with observed data was shown for these models,
with errors below 10% for both variables and veloci-
ties; however, this agreement should be interpreted in
the context of the shared underlying impact event from
which several input and output variables were derived.
The absolute model errors remained relatively small in
practical terms; for contact time errors between 0.25
and 0.3ms, which corresponded to around 3% of
observed values and for deformation, errors between 1
and 6 mm which corresponded to approximately 3%—
10% of the observed values. Collectively, these findings
suggest that compliance-related impact behaviour of a
football can be approximated within the tested dataset;
however, these relationships reflect structured depen-
dencies between variables derived from the same
impact event rather than fully independent material-
property-to-response relationships.

These results provide important context for the wide-
spread use of the COR as an indicator of football per-
formance. While COR remains a robust, standardised
measure of rebound behaviour; the results demon-
strated that footballs with comparable COR values can

exhibit significantly different contact times and maxi-
mum deformations. Differences in these outcome vari-
ables reflect behaviours that are not directly captured
by rebound height alone. Notably, footballs with identi-
cal design specifications, internal air pressure, and
intended for the same level of play, exhibited differences
in compliance-related behaviour of up to 17%. This
result highlights a limitation of relying on COR as a
sole performance metric, and advocates for a dual-focus
approach to performance assessment, one that main-
tains the repeatability and standardisation of COR
while complementing it with stiffness-related measures
that better characterise compliance behaviour.

Given that ball velocities during kicking have been
reported in the range 19-35ms™','® 2! an important
but underexplored question is the extent to which
governing-body test protocols, which often involve
lower-velocity rebound impacts for reasons of practi-
cality and repeatability, translate to higher velocities
encountered in match play. This study is the first to
demonstrate that low-velocity dynamic properties
strongly correlate with high-velocity outcome variables,
including contact time (r = —0.86, p < 0.001), COR
(r=20.79, p < 0.01), and deformation (r = —0.94, p
< 0.001). Although the explanatory power of these
properties was limited, they demonstrated consistent
relationships, particularly for contact time. Low-velo-
city properties provided indicative estimates of high-
velocity contact time [within 5% error (RMSE =
0.4ms)] representing a more independent relationship
as the input and output variables were derived from
separate impact events. Model errors for deformation
were larger (MAE = 7%, RMSE = 3.35mm), yet in
practice, this error remains relatively small and within
a range likely suitable for performance monitoring and
equipment testing. Importantly, the cluster analysis
revealed consistent behavioural classifications across
the two velocities, indicating that low-velocity regula-
tory tests may provide useful indicative estimates of
high-velocity behaviour, but only for specific tested
outcomes. Given that high-velocity impacts require spe-
cialised instrumentation, greater resources, and incur
higher variability in measured outcomes, statistical
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modelling relationships using inputs from simple
rebound tests may offer a preliminary indication of cer-
tain aspects of ball performance at higher velocities.
While not a substitute for high-speed experimental test-
ing, this approach may improve accessibility to perfor-
mance evaluation in  settings where  such
instrumentation is not available. With further valida-
tion across a broader range of conditions and ball
designs, this approach may warrant further investiga-
tion for broad application in both regulatory and
applied settings.

Limitations

The combined use of supervised and unsupervised
modelling approaches enabled a data-driven explora-
tion of football impact behaviour, providing insight
into the key variables and properties that influence and
differentiate impact response. However, several limita-
tions should be considered when interpreting these
findings. (1) The decline in performance when trained
on averaged data highlighted the sensitivity of statisti-
cal models to dataset size suggested that the current
sample of footballs may be insufficient to fully capture
the underlying variability in impact response arising
from differences in construction and material beha-
viour. (2) The dataset consisted of only 12 footballs
with a single panel configuration, which not only limits
construction diversity but may also bias the models
towards relationships specific to this design, reducing
the applicability to alternative constructions. (3) The
use of only two discrete impact velocities restricted the
characterisation of intermediate strain-rate behaviours,
meaning that potentially important nonlinear transi-
tions in deformation and energy dissipation are not
captured. (4) In models where the inputs and outputs
were derived from the same impact event, they reflect
complementary descriptors of a coupled physical pro-
cess. Although obtained using independent measure-
ment systems, the observed relationships may reflect
statistical assosciations that may partially arise from
shared underlying dynamics, rather than fully indepen-
dent predictors, potentially constraining their interpret-
ability. This limitation does not apply to models using
low-velocity inputs to estimate high-velocity behaviour,
where inputs and outputs originate from separate
impact events, providing a more independent basis for
estimation. As such, the models presented here should
therefore be interpreted as descriptive tools that cap-
ture structured relationships within the dataset, rather
than as fully independent predictive models.

Future research

Future work should incorporate a broader range of
constructions and intermediate velocities, and should
explore the inclusion of other relevant factors such as

internal pressure. Expanding the dataset would enable
the development of more generalisable models capable
of capturing nonlinear responses without reliance on
velocity-specific formulations. Beyond normal impacts,
the strong potential demonstrated here suggests that
statistical modelling could also provide a practical
framework for studying oblique impacts, which are
inherently difficult to model theoretically due to com-
plex tangential and coupled deformation modes. In this
context, statistical modelling offers a pragmatic
approach to approximating multidimensional impact
behaviour beyond the normal inbound conditions con-
sidered in this study and offers a practical pathway for
integrating experimental measurements into applied
equipment assessment.

Conclusions

This study demonstrated the use of statistical modelling
to classify and explain patterns in the impact behaviour
of footballs, for certain outcome variables. Three
compliance-based groupings of impact behaviour were
identified, and multivariable models explained up to
96% of the variance in contact time and 87% in defor-
mation under the conditions tested using mechanical
properties and impact parameters. Model errors were
generally below 10%, although these results should be
interpreted within the scope of the dataset and experi-
mental design.

Acknowledgements

The authors would like to express thanks for the gui-
dance from the doctoral supervisory team of Dr. Simon
Choppin, Dr. Marcus Dunn, and Dr. John Kelley, and
to E. Kealey for her assistance in the collection and pre-
paration of the validation dataset.

ORCIDiD

Katie Mills (® https://orcid.org/0000-0002-1828-7041

Funding

The authors received no financial support for the
research, authorship, and/or publication of this article.

Declaration of conflicting interests

The authors declared no potential conflicts of interest
with respect to the research, authorship, and/or publi-
cation of this article.

Data availability statement

Model coefficients are available in the Supplemental
Material. Datasets generated in this study are available
from the corresponding author* upon reasonable
request.


https://orcid.org/0000-0002-1828-7041

Mills et al.

Supplemental material

Supplemental material for this article is available
online.

References

1.

10.

Johnson BW, Reid SR and Trembaczowski-Ryderr R.
The impact, rebound and flight off a well inflated pellicle
as exemplified in association football. Manchester Associ-
ation of Engineers, 1973.

Ishii H, Yanagiya T, Naito H, et al. Numerical study of
ball behavior in side-foot soccer kick based on impact
dynamic theory. J Biomech 2009; 42(16): 2712-2720.
Shinkai H, Nunome H, Isokawa M, et al. Ball impact
dynamics of instep soccer kicking. Med Sci Sports Exerc
2009; 41(4): 889-897.

Price DS, Jones R and Harland AR. Computational
modelling of manually stitched soccer balls. Proc
IMechE, Part L: J Materials: Design and Applications
2006; 220(4): 259-268.

Taha Z and Hassan MHA. A reaction-force-validated
soccer ball finite element model. Proc IMechE, Part P: J
Sports Engineering and Technology 2017; 231(1): 43-49.
Rezaei A, Verhelst R, Van Paepegem W, et al. Finite ele-
ment modelling and experimental study of oblique soccer
ball bounce. J Sports Sci 2011; 29(11): 1201-1213.
Holmes G and Bell M. Effect of football type and infla-
tion pressure on rebound resilience. J Sports Turf Res
Inst 1985; 61: 132-135.

Koizumi A, Hong S, Sakamoto K, et al. A study of
impact force on modern soccer balls. In: Proceedings of
the 2014 Conference of the International Sports Engineer-
ing Association, Sheffield, 1417 July 2014, pp.423-428.
Wiart N, Kelley J, James D, et al. Effect of temperature
on the dynamic properties of soccer balls. Proc IMechE,
Part P: J Sports Engineering and Technology 2011,
225(4): 189-198.

Auger J, Markel J, Pecoski DD, et al. Factors affecting
peak impact force during soccer headers and implications

12.

14.

15.

16.

17.

18.

19.

20.

21.

for the mitigation of head injuries. PLoS ONE 2020;
15(10): €0240162.

. Price DS, Jones R and Harland AR. Soccer ball aniso-

tropy modelling. Mater Sci Eng A 2006; 420(1-2): 100—
108.

Khorasani MA, Osman NAA and Yusof A. Biomecha-
nical responds of instep kick between different positions
in professional soccer players. J Hum Kinet 2009; 22:
21-27.

. Linthorne NP and Patel DS. Optimum projection angle

for attaining maximum distance in a soccer punt kick. J
Sports Sci Med 2011; 10(1): 203-214.

Bray K and Kerwin DG. Modelling the long throw in
soccer using aerodynamic drag and lift. In: Hubbard M,
Mehta RD and Pallis JM (eds) Engineering of sport. Inter-
national Sports Engineering Association, 2004, pp.56-62.

Hinkle DE, Wiersma W and Jurs SG. Applied statistics
for the behavioural sciences. Rand McNally College Pub-
lishing, 2003.

Martinez-Alvarez F, Scitovski R, Sabo K, et al. Cluster
analysis and applications. 1st ed. Springer, 2021.

D’Errico J. polyfitn. MATLAB file exchange, https://
www.mathworks.com/matlabcentral/fileexchange/34765-

polyfitn (2016, accessed 6 April 2023).

Vieira LHP, Cunha SA, Moraes R, et al. Kicking perfor-
mance in young U9 to U20 soccer players: assessment of
velocity and accuracy simultaneously. Res Q Exerc Sport
2018; 89(2): 210-220.

Barfield WR, Kirkendall DT and Yu B. Kinematic instep
kicking differences between elite female and male soccer
players. J Sports Sci Med 2002; 1(3): 72-79.

Van Den Tillaar R and PA Fuglstad. Effect of instruc-
tions prioritizing speed or accuracy on kinematics and
kicking performance in football players. J Mot Behav
2017; 49(4): 414-421.

Andersen TB and Doérge HC. The influence of speed of
approach and accuracy constraint on the maximal speed
of the ball in soccer kicking. Scand J Med Sci Sports
2011; 21(1): 79-84.


https://www.mathworks.com/matlabcentral/fileexchange/34765-polyfitn
https://www.mathworks.com/matlabcentral/fileexchange/34765-polyfitn
https://www.mathworks.com/matlabcentral/fileexchange/34765-polyfitn

