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Abstract This paper introduces a mathematical model that allows non-professional tennis players to be classified. As a
result, it evaluates the shortest way to improve their performance. The model is based on expert opinion and genetic
algorithms. A large variety of performance indicators are considered by the model. These indicators can be easily extended to
accommodate the needs of players and their respective coaches. Expert opinion is captured using the pairwise comparison
ideas that served as the basis for the development of Saaty’s Analytic Hierarchy Process (AHP). The model provides valuable

insights to both coaches and tennis players.
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1. Introduction

Throughout history, statistical analysis has been an
important part of sports activities. Over time, amateur
practitioners, professional players, coaches, and fans have
relied on the analysis of performance indicators to identify
the strong and weak points of individual athletes, the teams
to which they belong, and their adversaries [1].

The methods used in these analyses vary considerably.
They include basic statistical calculations such as frequency,
mean, standard deviation, and correlation [2], and more
advanced methods, such as logistic regression [3], analysis
of variance [4] and resampling [5].

Over the last few decades, sport analytics has seen the
addition of new methods and techniques coming from the
decision-making research area, such as the Analytic Hierarchy
Process [6], the Analytic Network Process [7], TOPSIS [8],
and VIKOR [9]. Moreover, mathematics and computer
science have also made their contribution to sports analytics
with the introduction of methods such as fuzzy logic [10],
random forest [11] and neural networks [12]. Dindorf et al.
present a comprehensive discussion on the use of artificial
intelligence in sports [13].

Nevertheless, in recent years, new developments in
computer vision and biometric wearables have allowed for a
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whole new set of performance indicators to be captured and
analyzed in real time. By analyzing images captured by a
camera, one can figure out an athlete’s reaction time, strength,
ground speed, positioning, and strategy, among other skill
indicators [14]. In addition, biometric wearables can be
used to monitor an athlete’s vital signs, such as heart rate,
blood pressure, stress level, and oxygen saturation [15].

All of this has served as a basis to build computer
applications that can capture and process information on the
physical, tactical, and technical aspects of sports practice
while these activities are taking place or immediately after.
The processed information can be composed of general
statistics of an athlete’s skills, the rank of athletes in
accordance with their performance in sports events, and
predictions about the results of tournaments. The Internet
site Slashdot presents an extensive list of sports computer
applications that are available on the market [16].

This paper builds upon the current state of these
computer applications. It presents a mathematical model
based on the use of the pairwise comparison technique used
by Saaty when building the Analytic Hierarchy Process
(AHP) [17]. The model uses the expert opinion of both coaches
and professional tennis players to analyze the performance
indicators frequently captured by tennis-monitoring computer
applications.

These indicators are then used to rate athletes’ skills and
classify them into distinct categories. Only the athletes’
personal skills are considered by the classification process,
i.e., it does not take into account the athletes’ performance
in tournaments. This allows non-professional tennis players
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to be compared fairly to other players without the need to
play tennis competitively. The shortest course of action for
an athlete to ascend in the category hierarchy is provided
with the support of genetic algorithms.

2. Background

2.1. Pairwise Comparison

Given a set of entities E = {e,e,, -+, e,} and a criterion
C, pairwise comparison is a preference prioritization
process in which all the objects in E are compared among
themselves in respect to C. In the pairwise comparison
process, two entities are compared at a time. These
comparisons may be represented as an n xXn matrix,
where Ceiejis the result of comparing entity e; with entity

ej, for 1 <1i,j <n. See Table 1 in this respect.

Table 1. The Pairwise Comparison Matrix (PCM)

Criterion C ey e, e,
el C€1,€1 C€1,€2 Cel,en
ey C~‘32£1 €2,62 €2,6n
e»"_ Cen‘ffl Cen,Ez o Cen‘en

If the comparison criterion C is consistent, then Ceye;

yields a comparison result that is the reciprocal of the result
yielded by For example, if the criterion in place is

height and Peter is much taller than John, then John is much
shorter than Peter. It should be noted that Cee: is the result
of comparing an object with itself and, consequently, the
comparison result and its reciprocal are the same. For
instance, in respect to height, Peter is the same height as
himself.

The use of pairwise comparison in science is due to
the work of the psychometrician L. L. Thurstone at the
beginning of the 20" century [18]. An introduction to
pairwise comparison is presented in [19]. Recent Advances
in pairwise comparison can be found in [20].

ejei,

2.2. The Analytic Hierarchy Process (AHP)

The AHP is a decision-making method that has been
conceived to derive ratio scales from the elements of a
given set of entities by making extensive use of pairwise
comparison [17]. The ratio scales reflect the relative
strength of preferences of one entity over another. The
entities being compared may be evaluated by criteria based
on abstract perceptions of reality, such as beauty, comfort

and safety, and of concrete nature, such as height, weight,
and speed.

In the AHP, several criteria may be combined to rank the
preferences among entities. To facilitate reasoning and
avoid inconsistencies, such a combination of criteria is
organized in a hierarchy. At the top of the hierarchy, one
finds the overall objective to be reached. For example, to
select the best player amongst a group of tennis players.

The intermediate levels consist of the criteria and
sub-criteria to be considered when ranking preferences
among entities. For instance, the skills of tennis players
may be compared using criteria such as technical skill,
physical capacity, and tactical ability. Finally, at the bottom
of the hierarchy reside the entities to be ranked. For
example, the actual tennis players. In the AHP jargon, these
entities are called “alternatives”.

In the AHP, the result of comparing entities is evaluated
with the support of a comparison scale. Table 2 shows a
simplified form of this scale, as proposed by Saaty in [17].

Table 2. Scale of Comparison

Scale Definition in Respect to the Criterion Being
Considered
1 The entities being compared are equally relevant
3 One entity being compared is slightly more relevant than
the other
5 One entity being compared is moderately more relevant
than the other
7 One entity being compared is considerably more relevant
than the other
9 One entity being compared is extremely more relevant
than the other
2,4,6,8 | Intermediate values may be used when needed.

Moreover, the result of comparing entities using a criterion
C isrepresented as the n X n matrix shown on the left part
of Table 1. It should be noted that because the comparison
scale presented in Table 2 is used, the elements on the
diagonal of the n X n matrix are all equal to 1, i.e. Copoiis 1.

2.3. An Example

For example, consider that a group of non-professional
tennis players is to be ranked according to their tactical
ability, technical skill, and physical capacity. Table 3
presents an AHP comparison matrix used to determine the
relative importance of these indicators to play tennis. In
general, matrices like this are based on the opinion of a
group of coaches and professional tennis players. See the
acknowledgements part of this article in this regard.

Table 3. Comparing Common Skills Used to Rank Non-Professional Tennis Players

R et
Tactical ability 1 1/3 17 0.093
Technical skill 3 1 1/2 = 0.292
Physical Capacity 7 2 1 0.615
Total 1.000
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Table 4. Random Consistency Index

n 1 2 3 4 5

6 7 8 9 10

RI 0 0 0.58 0.9

112

1.24 1.32 1.41 1.45 1.49

It should be noted that according to the opinion of those
experts, to reach the overall objective of the comparison
process:

e Technical skill is rated 3 when compared with tactical
ability, indicating that they are slightly more relevant
than the latter.

e Physical capacity is rated 7 when compared with
tactical ability; thus, the former is considerably more
relevant than the latter.

e Physical capacity is rated 2 when compared with
technical skill, hence it is marginally more relevant than
the latter.

According to Saaty, the result of comparing entities using
a criterion C is the normalized eigenvector associated with
the highest eigenvalue of the nxn matrix, i.e. Lyqy-
In the example presented in Table 3, the vector “Weights”
is this eigenvector. It should be noted that it expresses the
relative importance of those skills, abilities and capacity in
the form of numerical values. The higher the numerical
value, the more important the indicator is.

Because inconsistencies may arise during the comparison
process, Saaty proposes a consistency rate = CI/RI ,
where CI, the consistency index is given by

Cl = (Lmax - n)/(n - 1)
and RI, the random consistency index, is obtained from
Table 4.

It is required that CR < 10%, otherwise the decision
makers must revise their decisions [21]. The CI, Rl and CR
of the comparison matrix presented in Table 3 are
respectively 0.002, 0.58 and 0.32%. Therefore, no revisions
of previously made decisions are necessary

Over the years, an extensive bibliography has been
developed around the Analytic Hierarchy Process, and many
articles and books have been published in the scientific and
business areas [22]. An introduction to the AHP can be
found in [23,24].

2.4. The AHP and Pairwise Comparison
in the Practice of Tennis

Both the AHP and pairwise comparison are not strangers
to the art of tennis. Over time, they have been used
extensively to rank and pinpoint promising tennis players
and make predictions about the outcome of tennis matches.

For example, Bozdki, Csat@ and Temesi [25] use
incomplete pairwise comparison matrices to rank
professional tennis players who have been at the top of the
Association of Tennis Professionals (ATP) rank over the
last 40 years. In their work, the eigenvector [17] and the
logarithm least squares method [26] are used to figure out
the weights of the incomplete matrices. An important aspect

of Bozoki, Csato and Temesi’s work is that it does not
require that all players have faced each other on the court.
In [27], Temesi, Sz&loczki and Bozdki adopt a similar
approach to rank top women tennis players.

Garcia and Mori apply pairwise comparisons to help
identify the greatest tennis players of all time or GOAT [28].
Data from the Association of Tennis Professionals (ATP)
and the Women’s Tennis Association (WTA) is used to
select the male and female greatest players. Not surprisingly,
well-known players such as Serena Williams, Steffi Graf,
and Martina Navratilova come at the top of the women
GOAT’s list and Novak Djokovic, Roger Federer, and
Rafael Nadal at the top of the male list.

In [29] Wu employs the AHP and statistical tests [30] to
quantify momentum in tennis matches. His work shows that,
in mathematical terms, momentum can be defined as the
probability of scoring or losing a point as a function of the
outcome of the preceding point. In addition, Wu’s findings
refute the long-held belief that performance fluctuations
in tennis matches are random events. As a result, it is up to
coaches to better prepare their athletes to create and maintain
favorable momentum.

The AHP, XGBoost [31] and genetic algorithms [32] are
utilized by Kang et al. to enhance tennis match predictions
[33]. Their article uses the AHP to identify key factors
influencing momentum in matches. Subsequently, the
weights of these factors are optimized using XGBoost and
genetic algorithms with the goal of improving the accuracy
of predictions.

Hraste, Purovié and Stanisié rely on the AHP to explain
the decision-making priorities of offensive tennis players
when they are playing offensively and defensively. The
relative importance of these priorities is based on the
opinion of seven coaches who stand out on the world circuit.
By being aware of these decision-making priorities, coaches
can better prepare their athletes for the challenges of tennis
matches and tournaments [34].

Zang et al. [35] combine AHP with the entropy weighted
method [36], TOPSIS [8], and principal component analysis
[37] to predict tennis players’ scoring ability based on their
performance during a match in real time. As a result, the
prediction accuracy of women's tennis matches surpassed
0.95 in major tournaments.

Lei, Lin and Cao Jr. bring together the AHP and support
vector machine (SVM) [38] to predict the outcome of
professional tennis matches. The resulting model was tested
using data from the Wimbledon Championship 2023. Their
model has reached an accuracy of over 0.83 when predicting
the winner of male professional matches. Furthermore,
the authors claim that their model is more accurate than
existing models in predicting the winner of a point [39].
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Regardless of having the largest population in the world,
China lacks world-class professional tennis players [40].
Guangfu and Kanchanathaweekul have devised a way to
help tackle this problem. In [41], they explore the use of the

AHP to identify talented young tennis players in the country.

By proving the means to distinguish these athletes from the
regular players, they expect talented tennis players to receive
the necessary support from the Chinese government. As a
result, the presence of Chinese athletes in the international
circuit may increase substantially.

Despite the vast literature that has connected pairwise
comparison and the AHP to the art of tennis, very little has
been done to suggest what actions non-professional players
should undertake to improve their performance. This article
goes towards filling this gap.

2.5. Genetic Algorithms

Genetic algorithms are a family of mathematical optimization
methods inspired by the selection process widely observed in
nature. The optimization begins by randomly creating an
initial population of individuals in the potential solution
space. It proceeds by refining this population interactively
using selection, crossover, and mutation processes. In each
interaction, a population of better-fit individuals is created
until a satisfactory solution is found.

In this context, a fitness function is used to indicate how
well an individual performs with respect to the optimization
objective. By using the fitness function, the selection process
chooses the fittest individuals in the population to parent the
next generation. In general, this process is probabilistic,
where the best-fit individuals have a higher chance of being
selected.

In genetic algorithms, the characteristics of individuals
who are the potential solution to the problem at hand are
often encoded as a sequence of 0s and 1s. These sequences
are frequently referred to as the individuals’ chromosomes.

In the crossover process, the chromosomes of two
individuals are combined to produce an offspring. This
simulates the natural process of reproduction, where the
good characteristics of two individuals are combined to yield
a better-suited offspring.

The mutation action allows small changes to the
characteristics of individuals to be introduced randomly.
This allows new areas of the solution space to be considered
while helping to prevent the optimization process from being
trapped in a local optimal solution.

Although genetic algorithms are the result of contributions
of several researchers over time, John H. Holland is credited
with the development of this family of optimization methods
in the late 1970s and for its popularization [49]. An introduction
to Genetic Algorithms can be found in [48].

3. The Model

The following steps have guided the development of the
models proposed in this article:

1. Assembling experts in the art of tennis and coaching.

Gathering the data and the metadata.

3. Identifying the criteria and sub-criteria used to build
the classification model.

4. Defining the scale to evaluate each sub-criterion and
the set of alternatives.

5. Building the model.

6. Presenting suggestions on what actions non-professional
tennis players should take to improve their performance.

N

3.1. Assembling Experts

A group of experts was assembled to support the
development of the model presented in this article. These
experts were selected from experienced tennis players with
relevant national and international experience. All of them
are involved with tennis in the State of Rio de Janeiro,
Brazil, including activities that help others to improve their
technical tennis skills and tactical abilities.

This group of experts was asked to help develop a
mathematical model capable of classifying non-professional
tennis players into categories. Furthermore, this model
should be able to provide players with a clear path on how
to improve their skills, abilities, and physical capacity step
by step. These experts are listed in the acknowledgements
section of this article.

3.2. Gathering the Data and Metadata

ImagineLabs (IL) [42] is a startup company based in the
city of S& Paulo, Brazil. Over the last 14 months IL has
been developing a monitoring and training analysis app for
tennis. It is called TotalTennis [43]. At this point, hundreds
of thousands of video frames have been captured and
analyzed by the app, using computer vision and various
artificial intelligence models and machine learning algorithms.
As a result, a number of statistics have been gathered and
made available to support the writing of this article.

These are comprised of statistics about point, set and
game disputes, such as duration, score tracking, number of
balls exchanged, the height, trajectory and speed of the ball,
variety of shot types, hit point of the ball on the court,
distance covered by each player, position of the player on
the court, balance of each player, and players’ reaction time,
among others.

3.3. Identifying the Criteria and Sub-criteria

Based on the data available for analysis and the goal
established to build the model introduced in this article (see
Item 3.1), the aforementioned group of experts devised the
criteria and sub-criteria to be used for pairwise comparison.
These criteria are shown in Table 5, Table 6 and Table 7.

Even in training, it is well known that it takes two players
to play a game of tennis, i.e. the player of interest and his or
her adversary. This designation is obviously arbitrary. Any
of the players can be designated as the player of interest.
Nevertheless, for the purpose of the model developed in this
article, the criteria and sub-criteria presented in Table 5,
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Table 6 and Table 7 always refer to this player.

It should be observed that each sub-criterion takes a
value in a certain numerical interval. Some of these
intervals are percentages, while others are not. Nevertheless,
to facilitate reasoning, when one of those non-percentage
criteria takes an actual value, it is transformed into a
percentage value. Let v; be one of those values. In this
case p;, the corresponding percentage value is given by
v;/UB;, where UB; is the upper bound of sub-criterion i.
Furthermore, if v; < LB;, the lower bound of criterion i,
then v; assume the value of LB;. In addition, if v; > UB;,
then v; assume the value of UB;.

It is important to note that for most of the criteria
presented in Table 5, Table 6 and Table 7, the closer a value
is to their respective upper bound, the better. However, this
does not apply to sub-criteria 12, 13, and 14, the average
return depth, average serve depth, and average groundstroke
depth, respectively.

On a tennis court, the white line that runs parallel to the
net at the rear boundary of both sides is called the baseline.
Similarly, the white line that runs horizontally close to the
net is called the service line, which is delimited by two
sidelines forming a rectangle, called the service box. There
are two service boxes on each side of the tennis court.

During an exchange of balls between players (i.e., a rally),
placing the ball close to the baseline is generally considered
a strategic play. It forces one’s opponent farther back,
reducing his or her offensive options. As a result, this helps
to gain control over the rally and increase the probability of
scoring points. The same line of reasoning can be applied
during service. The closer a ball bounces to any of the lines
delimiting the service box, the better. For balls bouncing
inside the service box, sub-criterion 12 is the average distance
from the bouncing point to the nearest line of the box.

In tennis jargon, 0 meters to the baseline or the lines of
the service box indicates that a ball hit one of those lines.
If the distance is greater than O and smaller than the
sub-criteria upper bound, it bounced inside the court limits;
otherwise, it is out.

Therefore, for sub-criteria 12, 13, and 14, the closer a
value is to their lower bound, the better. As a result, to
simplify matters, with respect to these sub-criteria, p; is
calculated as 1 — (v;/UB;). As a result, for all sub-criteria
introduced in Table 5, Table 6 and Table 7, the closer their
values are to their upper bound the better.

3.4. Defining the Weights Used to Evaluate Each
Sub-Criterion

The relative importance of the tactical ability, technical
skill and physical capacity criteria is presented in Table 1,
see column “Weights” in this respect. The relative importance
of the corresponding sub-criteria are presented in Table 8,
Table 9, and Table 10.

3.5. Defining the Weights Used to Evaluate
the Set of Alternatives

As indicated in Item 3.3, the alternatives’ rates take value
in the [0, 1] interval. Following the ideas of [44,45,46] on
the use of absolute measurement in the AHP, the alternatives’
rates are grouped into categories. Column “Categories’
Intervals” of Table 11 shows these categories. They were
determined based on the consensual opinion of the experts
cited in Item 3.1. Those categories are considered effective
in distinguishing between low-performing tennis players
and those with intermediate or advanced skill levels.

Next, the weights of the categorized rates are obtained for
each sub-criterion using pairwise comparison and the AHP.
It was found that the weights attributed to those categories
follow a near-linear scale.

There is no clear evidence that each individual sub-criterion
would necessarily require a different set of weights. As a
result, Occam’s simplicity principle is used [47] and the
same weights are used to rate all the alternatives with
respect to the same set of sub-criteria. Column “Categories’
Weights” of Table 11 introduces these weights.

3.6. Building the Model

Let Tac, Tec and PC be the weights attributed to
tactical ability, technical skill, and physical capacity criteria,
respectively, as presented in Table 3. Moreover, allow

e Tac; be the weight attributed to the i-th tactical ability

sub-criterion,

e Tec; be the weight associated to the j-th technical skill

sub-criterion and

e PC, be the weight given to the k-th physical capacity

sub-criterion,
as introduced in Table 8, Table 9 and Table 10.
Furthermore, let

e 0=Prec;  Prac; and Ppck =1 pe the percentage

scores given to a player P of interest as calculated by a
monitoring and analysis app for tennis, for example, the
“TotalTennis” app, and

o Weatra(Prac;), weatre(prec;) and Weatrc (prey)

be the weights calculated for the category and
sub-criterion into which PTac;, PTec; and PPcx are

grouped. See Table 11 in this regard.

In these circumstances, the total score attributed to a
tennis player P,i.e. sc(P), is given by

sc(P) = Tac X (Z Tac; x WcatTac(pTaCi)> + Tec X
(Z Tecj x WcatTec(pTecj)) + PC X
(Z PC, x wcatpc (chK))
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Table 5. Physical capacity criteria and sub-criteria to be considered for pairwise comparison

Physical Capacity

Lower Upper

Item Sub-criteria (performance indicators) Bound Bound

Average Ball Groundstroke Speed - average speed of baseline strokes (forehands,
1 backhands, and slices only), measured from the moment of ball contact to the 35km/h | 130 km/h
opponent's contact, second bounce, or error (into the net or out), when applicable

Average Service Speed - average speed of all serves combined (including both first and

2 35km/h | 190 km/h
second serves)
3 Average_P!ayer Displacement Speed - average speed of the player’s displacement while 0.4 mis 5 m/s
the ball is in play
4 Rallies per Point — average number of strokes per point (total strokes / total points) 1 ball 25 balls
. 7 - -
5 % Balanced Shots — percentage of strokes executed with proper body balance, relative 0% 100%
to the total number of strokes.
Table 6. Tactical ability criteria and sub-criteria to be considered for pair-wise comparison
Tactical Ability
L - Lower Upper
Item Sub-criteria (performance indicators) Bound Bound
o o ~ - - -
6 % Points Won gn Ser_ve number of points won while serving divided by the total 0% 100%
number of service points played
o b ~ - - - —
7 % Points Won on Return — number of points won while returning, divided by the total 0% 100%

number of return points played

% Ideal Court Positioning — percentage of shots in which the player was in the ideal
8 court position at the moment of the opponent’s shot. The ideal position is defined by 0% 100%
the bisector of the potential return angle

% ldeal Shot Selection — ability to choose tactically appropriate shots based on timing

0, 0,
o and court position during the rally, compared to common decision-making patterns 0% 100%
% Stroke Consistency — accuracy percentage for each type of stroke, based on the
10 f 0% 100%
number of successful shots relative to the total executed.
p - B - -
1 % Serve Consistency — percentage of serves that landed in, relative to the total number 0% 100%
of serves attempted.
Table 7. Technical skill criteria and sub-criteria to be considered for pair-wise comparison
Technical Skill
Item Sub-criteria (performance indicators) Iég\ljl:dr EES::S
12 Average F’eeturn l?epth — average distance of return bounces measured from the om 11.885 m
opponent’s baseline.
Average Serve Depth — average distance from the bouncing point of the serve to
13 C - . R Om 6,4 m
the nearest service line (center or sideline), whichever is closer.
14 Average Groundstroke Depth — average distance of groundstroke bounces (forehands, om 11.885m

backhands, and slices) measured from the opponent’s baseline

% Control of Shot Direction and Depth — measurement of variation and precision in
15 shot placement based on bounce zones defined in the app, accounting for both direction 0% 100%
and depth, calculated from the point of contact to the bounce location.

% Proper Technique Execution — percentage of strokes executed with technically sound
16 form relative to the number of total strokes when compared to a database of technically 0% 100%
correct executions.

3.7. An Example
To simplify matters, consider that all pr,., = 0.48, Prec; = 0.55 and ppc, = 0.61. Therefore, in these circumstances:

Y Tac; X prac; = 0.037 X wcatyq(0-48) + 0.057 X weatyq.(0-48) + 0.104 X weatyq(0-48) + 0.180 X
wcatrq(0-48) + 0.216 X weaty,.(0-48) + 0.406 X weatr,(0-48) = 0.037 X 0.087 + 0.057 X 0.087 +
0.104 X 0.087 + 0.180 X 0.087 + 0.216 X 0.087 + 0.406 X 0.087 = 0.087

Y. Teci X prec; = 0.041 X wcatrec(0-55) + 0.080 X weatye(0-55) + 0.230 X wcatrec(0-55) + 0.230 X
wcatrec(0-55) + 0.419 X weatr,.(0-55) = 0.041 X 0.109 + 0.080 X 0.109 + 0.230 X 0.109 + 0.230 X
0.109 + 0419 X 0.109 = 0.109
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Table 8. The weights of the physical capacity sub-criteria (CR = 6.72%)
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Physical . .
. Avg Serve Avg Gr Stroke % Balanced Avg Rallies per Avg Disp. .
capa_mty_ Spee(gi] (Item 2) Spged (Item 1) Shots (Item 5) Pogint (Itemp4) Speedg(ltera 3) Weights
sub-criteria
Avg Serve
Speed 1 1/3 1/8 1/9 1/9 0.031
(Item 2)
Avg Gr
Stroke 3 1 1/6 17 17 0.056
Speed
(Item 1)
%
Balanced 8 6 1 112 112 0.220
Shots
(Item 5)
Avg Rallies
per Point 9 7 2 1 1 0.346
(Item 4)
Avg Disp.
Speed 9 7 2 1 1 0.346
(Item 3)
Total 1.000
Y PCy X ppc,, = 0.031 X weatpe (0.61) + 0.056 X weatp (0.61) + 0.220 X weatp (0.61)
40.346 X weatpe (0.61) + 0.346 x weatpe (0.61)
= 0.031 x 0.130 4+ 0.056 X 0.130 + 0.220 x 0.130 4+ 0.346 x 0.130 + 0.346 x 0.130 = 0.130
As a result,

sc(P) = Tac x 0.087 + Tec x 0.109 + PC x 0.130

= (0.093 x 0.087) + (0.292 x 0.109) + (0.615 x 0.130)

=0.120
Table 9. The weights of the tactical ability sub-criteria (CR=1.43%)
0, [0) 0, i 0, [0)
Tactical ability | % Points Won on %% Ideal_ % S_erve % Points Won % IdeaI.Shot % S_troke _
sub-criteria Serve (Item 6) Court Posit Consistency on Return Selection Consistency Weights
(Item 8) (Item 11) (Item 7) (Item 9) (Item 10)
% Points
Won
0 1 12 13 1/5 1/6 1/8 0.037
on Return
(Item 7)
% Points
W
on 2 1 7 13 15 n 0057
on Serve
(Item 6)
% Serve
Consistency 3 2 1 12 12 1/4 0.104
(Item 11)
% ldeal
t
Cour 5 3 ) 1 1 13 0.180
Posit
(Item 8)
% Ideal
Sho?[ 6 5 2 1 1 12 0.216
Selection
(Item 9)
% Stroke
Consistency 8 7 4 3 2 1 0.406
(Item 10)
Total 1.000
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Table 10. The weights of the technical skill sub-criteria (CR = 1,43%)

Avg Serve Depth
(Item 13)

Avg Return Depth
(Item 12)

% Ctrl Shot Dir and
Depth (Item 15)

Avg Gr Stroke
Depth (Item 14)

% Proper Tech
Exec (Item 16)

Weights

Avg Serve
Depth

1/2

1/6

1/6

1/9

0.041

(Item 13)

Avg
Return
Depth
(Item 12)

2 1 1/3

1/3 1/5 0.080

% Proper
Tech Exec 6 3 1
(Item 16)

1 1/2 0.230

Avg Gr
Stroke
Depth

(Item 14)

1 1/2 0.230

% Ctrl
Shot Dir
and Depth
(Item 15)

0.419

3.8. Defining the Players’ Categories

Because 0 < sc(P) < 1, every player whose performance
is evaluated by the model presented in this article is rated in
that interval. As a result, the group of experts (see Item 3.1
in this respect) devised a set of categories in which tennis
players are placed according to their skill, ability and
capacity. Table 12 shows these categories.

3.9. Presenting Suggestions

To present suggestions on what a tennis player should
do to reach the next category, it suffices to resolve the
following optimization problem:

Min (¥ incrqe,) + (Z incTecj) + (Zincpe,) (1)

subject to
e 0< incTaci,incTecj,incpCK <1,
o CS (Tac X (Z Tac; x weatyrge(Prac; + inCTaci)) +

Tec X (Z Tec; x weatre, (pTecj + inCTecj)> + PC X

(Z PCk X Wcatpc(pPCK * inCPCk))) = LBNext Level
e and
e 0< pTaci + inCTacl-' pTec]' + inCTeCj: pPCK + inCka =<
17
where

e Tac, Tec and PC are the weights defined in Table 3,

e Tac;, Tec; and PCy are the weights defined in Table 6,
Table 7 and Table 8,

e PTac;, PTec; and PPCr are the percentage rates attributed

to a player of interest,

Total 1.000

o Wcatrgc(PTac;), weatre (pTecj) and weatpe(Ppex)

are the categorical weights attributed to a player of
interest as introduced in Table 11,

® LBuext Lever 1S the lower bound value of the category
immediately higher than that of the player of interest.
and .

o NCTac;, MNCTec; gnd MCPCk are the suggested rate
increments that the player of interest should achieve or
surpass to enter that category.

This optimization problem can be solved with the use
of genetic algorithms [48]. In the example introduced in
Item 3.6, the player of interest is rated at 0.57. Therefore,
according to Table 12, he or she is an “Intermediate”.
When the system of equations presented above is applied
to the player’s performance indicators, it shows that a mere
average increase of 3.25% in the performance indicators
presented in Table 5 is enough for he or she to move to the
next category.

With the intention of avoiding asking too much effort
from a tennis play in just one step, the suggested increments
NCrqc; INCreg; and incpc, can have their contribution
limited with the introduction of the following restrictions:

b inCTaci < l%Tacl- X pTaci’

® inCTeC]' =< l%TeCj X pTec,-

and

* incpg, < 1%pc, X Drcy
where 1%z, l%Tecj, and [%pc, are percentage limits
imposed on each of the sets of sub-criteria.

Moreover, these limits can be used to select the kind
of suggestions that one is willing to present to the player
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of interest. For example, if both (%rTac; and (%pcy are
set to zero and (%Tec; is set to a number higher than that,
the system of equations would be allowed to present only
technical skill improvement suggestions. The same line of
reasoning can be used to present only physical capacity or
tactical ability improvement suggestions.

Table 11. Alternatives Categorial Weights (CR = 0%)

Categories’ Intervals Categories’ Weights
[0.0,0.1] 0.022
(0.1,0.2] 0.022
(0.2,0.3] 0.043
(0.3,04] 0.065
(0.4,05] = 0.087
(05,06] 0.109
(0.6,0.7] 0.130
(0.7,0.8] 0.152
(0.8,09] 0.174
(0.9,1.0] 0.196

Total 1,000

Table 12. Tennis players' categories

Interval
0<sc(P)<0.3
0.3<sc(P)<0.6
0.6 <sc(P)<0.8
0.8 <sc(P)<0.9
0.9<sc(P)<1.0

Category

Beginner

Intermediate

Upper Intermediate

Advanced

Semi-pro

4. Conclusions

Mobile phone apps such as TotalTennis have opened a
whole new door to the monitoring and analysis of tennis
matches. The variety and amount of data made available by
these tools are extensive. It surpasses by far the data that
can be gathered by manual means. Furthermore, the
precision with which this data is collected is considerable
and cannot be matched by those means. All of this is made
possible by the use of computer vision and a wide range
of artificial intelligence models and machine learning
algorithms. As these apps are essentially low-cost tools, any
non-professional tennis player can have their skills, abilities
and capacity evaluated. They do not even need to participate
in tournaments.

By classifying non-professional tennis players into
categories, these apps can provide a clear vision of the
progress that players have made so far. In addition, they
can provide suggestions on how they could improve their
skills. Furthermore, one can choose to make suggestions
selectively with respect to tactical abilities, technical skills,
and physical capacity.

Therefore, the model presented in this article, combined
with an app to monitor and analyze tennis matches, can be

used as an efficient coaching assistant. It helps coaches to
devise a series of exercises that their athletes should execute
to improve their performance more effectively.

5. Future Work

At the same time as presenting a mathematical model that
guides the training activities of tennis players, it also
provides a basis for future research opportunities.

For example, an experiment involving a large number of
non-professional tennis players can be used to evaluate the
model's precision and accuracy. This offers an opportunity
to compare the opinion of the experts who helped to
develop the model presented in this article with empirical
data. Such an experiment would allow the weights attributed
to criteria and sub-criteria to be adjusted so that the model’s
classification accuracy and precision are maximized.

Moreover, a large amount of data may indicate that a
similar model must be developed to help very young tennis
players improve their performance, as they are still developing
motor coordination, strength, and tactical awareness, and
might have specific needs and expectations.

Sports-monitoring apps are becoming increasingly available.
It is worth investigating how the same steps presented in
this article can be used to classify athletes from related sports
into categories and support the development of training
programs that help to improve their performance.
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