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Can artificial intelligence revolutionize soccer tactical analysis?
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Abstract

Introduction. Adopting appropriate tactics and strategies is
crucial for soccer teams aiming for victory. Soccer is undergoing
a transformative renaissance with an infusion of artificial
intelligence (AI), propelling a domain of tactical analysis into
uncharted territories. Aim of Study. This narrative review seeks
to provide a thorough overview of methodologies, challenges,
and potential of Al in soccer tactical analysis. By collating
current research, it aims to underscore AI’s transformative
impact on soccer analysis, contributing fresh perspectives on
tactical aspects. Material and Methods. A search was conducted
in the Scopus, Web of Science, and EBSCO databases on August
29th, 2023, using a BOOLEAN expression to identify research
articles in English on AI applications in soccer tactics. Results.
From an initial pool of 90 articles, 23 were selected for review
after screening for relevance and application of Al techniques in
soccer tactics. These studies showcase Al’s diverse applications,
from predictive analytics and real-time adjustments to pattern
recognition and strategic planning. Conclusions. The integration
of Al into soccer tactical analysis marks the beginning of a new
era characterized by data-driven strategies and performance
optimization. Through advanced machine learning (ML)
models, neural networks, and complex algorithms, Al facilitates
deeper, actionable insights into game dynamics and opponent
strategies. This review enriches a scientific discourse by detailing
AD’s pivotal role in modern soccer tactics, suggesting a future in
which AD’s potential is fully harnessed, signifying a milestone in
soccer’s analytical evolution.
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Introduction

Theoretical background
S occerisanintricate sport withnumerousunpredictable
situations [41]. Match analysis pertains to objective
recording and study of behavioral occurrences during
matches [7]. As a result, performance analysis is
deemed an indispensable tool for team coaching staff,
while also representing an extensive field of research
[43]. Over time, incorporation of advanced technologies
and extensive data has revolutionized soccer coaching,
providing deeper understanding of game’s nuances
[42]. One of the most promising advancements in this
context is an application of artificial intelligence (Al)
techniques, which unveil new horizons in performance
analysis [44]. Al can efficiently scrutinize team
behavior in a way that is easily comprehensible for
people and suitable for data analysis [37]. This literature
review explores a burgeoning field of Al-powered
soccer tactical analysis, delving into a spectrum of
methodologies, challenges, and implications that this
intersection brings to the forefront.
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Soccer, as a complex team sport, presents a dynamic
web of interactions. Tactical decisions on formations,
player positioning, movement patterns, and strategic
plays are vital components that determine a team’s
success [19]. Traditionally, an analysis of these aspects
relied on manual observation, expert insights, and
statistical assessments [38]. However, limitations of
these traditional methods became evident as soccer
evolved into a more data-driven and technologically
advanced arena. Modern tracking systems, wearable
sensors, and video recording tools have generated an
unprecedented volume of data, transforming soccer into
a data-driven sport [33].

By using Al, a field of computer science that focuses
on creating systems, scientists can simulate human-
like intelligence and decision-making [9]. At the
heart of the Al revolution lies an ability to harness
the power of machine learning (ML) algorithms,
neural networks, and other AI methods to make sense
of vast and complex datasets [27]. For instance, ML
algorithms can sift through large amounts of match
data to recognize patterns in player’s behaviors, team
formations, and strategic choices [22]. Deep learning
techniques, inspired by human brain’s neural networks,
allow computers to recognize and interpret visual cues
from video footage [1], enabling extraction of valuable
tactical insights from match recordings.

Implications of Al-powered soccer tactical analysis
extend beyond sidelines. Coaches, players, and analysts
can now delve deeper into performance evaluation. Al-
driven insights also provide a comprehensive view of
opponents’ strategies, strengths, and vulnerabilities,
offering teams a competitive advantage by enabling more
effective pre-match preparations [17]. Furthermore,
coaches can gain more comprehensive understanding of
their team’s strengths and weaknesses [3], enabling data-
driven strategy formulation. By identifying individual
players’ strengths, weaknesses, and preferences, Al
can aid in designing personalized training regimes and
tailored strategies [5]. Moreover, Al tools can support
real-time decision-making during matches, providing
insights that coaches can act upon immediately [24].
As aresult, Al contributes to a paradigm shift in soccer
coaching, promoting data-driven decision-making that
complements intuition and experience of coaches.
While the potential of Al in soccer tactical analysis is
undeniable, challenges remain. Data privacy, ethical
considerations, and potential for overreliance on
technology are among the concerns that need to be
carefully addressed [25]. Moreover, the integration
of Al methods requires collaboration among sports
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scientists, data analysts, and soccer experts to ensure
a holistic approach that leverages both Al capabilities
and domain expertise [38]. The focus must be on
developing interpretable Al models which provide
insights that are understandable to coaches and players
[6]. As Al algorithms continue to advance, potential
for more sophisticated predictive models, real-time
analysis, and automated decision support systems is
within reach.

What can tactical analysis in soccer involve?

In soccer, a team’s tactical behavior plays a crucial role
in determining their performance. A tactical behavior
pertains to how teams manage space and time through
player actions [46]. According to Teoldo et al. [52],
anything related to decision-making on a field falls
under a category of tactical elements. Therefore, as per
the authors, aspects such as tactics, strategy, phases
and moments of play, systems and schemes of play, and
tactical principles should all be included and studied.
Essentially, these elements refer to coach’s ideas,
which define a team’s Game Model (Figure 1) [41].
Thus, from now on, any reference to tactical analysis
in soccer will include everything that can be related
to coach’s philosophy (strategies, tactics, principles,
formations, playing styles, and key moments of a game),
but also individual tactical abilities of players. All
these aspects need to be assessed in relation to factors
relevant to an opposing team and an overall context of
a match [46].

Tactical principles serve as a foundation for team’s
execution of particular motor actions and patterns.
They can be divided into three levels of complexity:
main, sub-, and sub-sub-principles. Main principles
encompass collective actions, sub-principles deal
with sectorial and inter-sectorial actions, while sub-
sub-principles focus on individual actions. These
components are interrelated, forming a cohesive
structure that reflects team’s distinctive identity [10].
Team’s formation, which dictates players positioning
on a field, is commonly referred to as a playing system.
This formation is typically represented by a series of
numbers indicating a number of defenders, midfielders,
and forwards [47]. While the formation represents
a static spatial arrangement, it profoundly influences
and facilitates desired behaviors of a team [10]. Playing
styles encompass recurring patterns and behaviors
adopted by teams during matches [23]. Lastly, the term
“tactics” refers to specific actions executed by soccer
players within a broader context of a team’s overall
strategy [7].
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Figure 1. Factors that contribute to creation of a Game Model. Source: Plakias [41]

How can tactical analysis in soccer be conducted?
Traditionally, tactical analysis was conducted by coaches
or specialized tactical analysts through observation,
either on a field or via video footage, and it primarily
involved qualitative elements [38]. With the introduction
of notational analysis, written match reports began to
incorporate statistical data, represented as performance
indicators, which present frequency distributions of
specific in-game events [7]. Combinations of these
performance indicators can also be created, calculated
by using mathematical operations [11]. However,
while certain performance indicators provide valuable
information, they are often insufficient to explain
various aspects of team tactics [54]. Consequently,
researchers shifted their focus to analyzing playing
styles of teams that best exemplify tactical concepts
[42]. Some developed observational tools [35], while
others quantified playing styles by grouping disparate
performance indicators obtained through statistical
analyses, such as factor analysis [42].

The advent of tracking technologies has ushered in
a significant revolution in tactical analysis [45]. These
technologies enable simultaneous tracking of all players
(as well as a ball), recording their positions on a field at
every moment [39]. In addition to a capacity to create
new performance indicators of significant value in
tactical analysis (such as centroid, approximate entropy,
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outplayed opponents, and pressing index) [31], tracking
technologies have also facilitated tactical analyses
utilizing Voronoi diagrams [14]. Furthermore, another
method for analyzing tactics that has gained traction in
recent years involves an application of social network
analysis. This approach allows an examination of
passing patterns employed by teams during a possession
phase [53].

Aim of Study

The application of Al methods in soccer tactical
analysis marks a transformative juncture in the world of
sports analytics. This narrative review aims to provide
a comprehensive overview of the existing literature,
highlighting methodologies, challenges, and potential
implications of Al-driven soccer tactical analysis. By
exploring real-world applications, challenges, and future
directions, the aim is to contribute to understanding of
how Al methods are reshaping soccer analysis, offering
fresh perspectives on strategy formulation, player
development, and the essence of the beautiful game.

Material and Methods

The literature search was conducted across the Scopus,
Web of Science, and EBSCO databases on August 29th,
2023. To identify research articles written in English
that applied Al techniques to derive insights into soccer
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tactics, the following Boolean expression was employed:
“((“ARTIFICIAL INTELLIGENCE” OR “MACHINE
LEARNING” OR “NEURALNETWORKS” OR “DEEP
LEARNING”) AND “SOCCER” AND “TACTICS”)”.
This search aimed to collate studies that examined the
intersection of advanced computational methods and
tactical analysis within the realm of soccer. Articles
that were not research-based, unpublished in scientific
journals, book chapters, or conference proceedings, as
well as articles written in languages other than English
were excluded from selection.

Results

Initially, a total of 90 research articles written in
English were found. After removing duplicates and
articles referring to robotic soccer, 50 articles remained.
Following a review of the abstracts of these 50 articles,
another 27 were excluded for the following reasons:
a) they studied other sports (other than soccer), b) they did
not utilize Al techniques, c) they did not investigate issues
related to tactics. The 23 articles that were ultimately
used for the review are presented in Table 1, showing the
article title, author, year of publication, purpose, and the
Al method that was applied. The articles are listed in
chronological order.

Table 1. Articles included in the review

Discussion

The application of Al to tactical analysis in soccer

The integration of Al into tactical analysis in soccer has
significantly advanced a capability to decipher complex
game dynamics and enhance strategic decision-making. By
synthesizing a wide range of methodologies from various
studies, it becomes evident how Al not only captures, but
also effectively predicts and influences soccer strategies.
Early attempts to incorporate Al in soccer analysis, such
as a study by Lucey et al. [32], focused on segmenting
matches into manageable “play-segments” to study
team behaviors through spatiotemporal tracings. This
foundational work paved the way for more sophisticated
techniques such as Self-Organizing Maps (SOMs) and
Dynamically Controlled Networks (DyCoNs), which
Grunz et al. [20] and Perl et al. [40] used to analyze
player formations and behaviors, introducing a dynamic
aspect to understanding player movements and team
configurations. These techniques laid the groundwork
for further exploration of team dynamics and players’
roles, as demonstrated by Bialkowski et al. [S] and
Knauf et al. [28], who employed data-rich analytics to
dynamically evaluate team structures and formations
using heat maps and probability density functions.

Author

Title [reference] Al technique Objectives
Characterizing multi-agent Lucey k-Nearest Neighbor (kNN) to analyze and characterize team behaviors based on
team behavior from partial etal. [32] predictability of their actions across different field areas
team tracings: evidence from
the English Premier League
Tactical pattern recognition ~ Grunz Artificial neural networks (Self- to identify and classify tactical patterns in soccer games,
in soccer games by means of et al. [20] Organizing Maps [SOMs], such as different game initiations, based on positional
special self-organizing maps including the Dynamically data of players and a ball
Controlled Network [DyCoN]
extension)
Tactics analysis in soccer: Perl Artificial neural networks, to analyze and evaluate tactical patterns and game
an advanced approach etal. [40]  specifically SOMs and dynamics in soccer, incorporating pattern-based tactics
DyCoN, combined with rule- analysis with success-oriented statistical analysis to
based semantics analysis and improve understanding of tactical performance
statistical frequency analysis
Team activity recognition in ~ Montoliu Bag-of-Words (BoW) technique to perform team activity recognition and analysis in
Association Football using et al. [36] for video clips characterization, association football, enabling automatic identification of
a Bag-of-Words-based method kNN, Support Vector Machine  team behaviors and actions such as ball possession, quick
(SVM), Multilayer Perceptron  attack, and set piece, based on short soccer video clips
(MLP), and Random Forest without relying on player tracking
(RF)
Discovering team structures ~ Bialkowski Linear Discriminant Analysis  to learn soccer team formations from tracking data, align
in soccer from spatiotemporal et al. [5] (LDA), k-Nearest player tracking data to specific roles within a game,

data

Neighbor (kNN)

discover team structures, and predict team identity based
on playing style
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Spatio-temporal convolution ~Knauf spatio-temporal convolution to capture similarities in multi-object scenarios, identify
kernels et al. [28] kernels, kernel methods, frequent patterns in multi-trajectory data, analyze multi-
dynamic time warping, object trajectory data involving clustering tasks, and
Gaussian Radial Basis evaluate performance of clustering algorithms on artificial
Function (RBF) kernel, and real-world datasets
probability product kernel,
multinomial mixture model,
spectral clustering, k-medoids
clustering, expectation
maximization, Nystrom
method, silhouette measure,
Hartigan index, Rand Index,
Adjusted Rand Index
Classification of passes Chawla SVMs, Logistic Regression to classify quality of passes in soccer matches
in football matches using et al. [8] (LR), and RUSBoost,
spatiotemporal data Multinomial Logistic
Regression (MLR),
computational geometry
Similarity calculation based  Takahashi ~ Active Net, Deep Neural to calculate similarity between soccer scenes in videos
on pass regions in soccer etal. [51] Network (DNN) based on based on visualized pass regions, aiming for enhanced
videos visual feature extracted using  understanding and analysis of soccer tactics
the Inception-v3 model
Team tactics estimation Suzuki Deep Extreme Learning to estimate team tactics in soccer videos based on players’
in soccer videos based on et al. [50] Machine (DELM) formations and unique characteristics of the tactics
a deep extreme learning
machine and characteristics
of the tactics
GreenSea: visual soccer Sheng Recurrent Discriminative Broad to provide a system for quantitative analysis and visual
analysis using broad learning et al. [48] Learning System (RDBLS), summarization of soccer games, assisting coaches in
system CNN (LeNet-5), DBNSs, performance assessment, player selection, and tactical
SAEs, SDA, Deep Boltzmann  decision-making based on comprehensive visual and
Machines (DBM), an Extreme  statistical data analysis
Learning Machine (ELM)-
based multilayer structure
HELM, and MLP
Positional analysis of Gasparini kNN, Decision Trees (DTs), to predict an ideal position of soccer players based
Brazilian soccer players and LR, SVM, and Neural on GPS data collected from Brazilian professional

using GPS data Alvaro [16] Networks (NNs) soccer players, enhancing tactical decision-making and
positional analysis

Predicting wins, losses and ~ Hassan RBFNN Model to predict match outcomes (wins or losses) and determine

attributes’ sensitivities in etal. [21] sensitivity of match attributes affecting the outcomes in

the Soccer World Cup 2018 the 2018 FIFA World Cup

using neural network analysis

Process mining of football Krockel and SOM clustering algorithm and  to analyze soccer event data for tactical insights,

event data: a novel approach  Bodendorf ~ Markov chain clustering comparing performance and behavior between teams and

for tactical insights into the ~ [29] players, and supporting decision-making in before, after,

game and during live games

DNN-based multi-output Lee and DNN based on MLP to predict soccer team tactics, including formations, game

model for predicting soccer  Jung [30] styles, and game outcomes, using soccer datasets

team tactics

Optimising long-term Beal DNN to optimise long-term tactical and strategic decision-

outcomes using real-world et al. [2] making in soccer, enhancing teams’ performance across

fluent objectives:
an application to football

a season by learning from past games and predicting future
outcomes
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Soccermap: a deep learning ~ Fernandez =~ Fully Convolutional Neural to estimate full probability surfaces of potential passes
architecture for visually- and Bornn  Networks (FCNNs) in soccer from high-frequency spatio-temporal data,
interpretable analysis in [13] allowing for fine-grained analysis of player positioning
soccer and decision-making
Technical and tactical Fang Recurrent Neural Network to analyze big data from soccer competitions for
command decision algorithm et al. [12] (RNN), Standard RNN, Long  predicting offensive and defensive tactics and to improve
of football matches based on Short-Term Memory Networks an algorithm for learning the timing of video data from
big data and neural network (LSTMs), SVM, SRC, LRC, soccer matches

LCCR, and RDBLS
The tactics of successful Goes Unsupervised Machine to automatically identify dynamic formations and
attacks in professional etal. [18] Learning (K-Means Clustering) subgroups based on position tracking data for analyzing
association football: large- spatio-temporal behavior in relation to successful attacks
scale spatiotemporal analysis in professional soccer matches
of dynamic subgroups using
position tracking data
Using machine learning Stival Deep Convolutional Networks  to predict whether an attacking team will reach the fourth
pipeline to predict entry into et al. [49] EfficientNetB0, DNN quarter of a soccer field (attacking zone), considering
the attack zone in football teams’ movements during the first 5 seconds after a team

takes control of a ball

Enhancements of pass Mimura Gaussian Process Classification to quantify pass plays in soccer using multiple geometric
play quantification method and with RBF kernel functions, LR feature values from player position data, aiming

with geometric features of
formations

Nakada [34]

to improve performance of models for quantifying
effectiveness and risk of pass plays and enhancing
visualization of quantification results

GOALALERT: A novel Karakaya Discriminant Analysis, kNN, to provide real-time alerts and information to a technical
real-time technical team alert et al. [26] Naive Bayes, SVM, DT, team about likelihood of goal occurrences in a soccer
approach using machine Ensemble Learning Methods match, utilizing tactical formation and other relevant data
learning on an loT-based (AdaBoost, Boosted Trees, collected through IoT systems, with a goal of assisting in
system in sports RUSBoosted Trees, and Bagged tactical decision-making during a match

Trees)
Temporal match analysis and Berman Forest DNN, RF, XGBoost, to identify an opponent team’s tactics in a live soccer
recommending substitutions et al. [4] Time Series Forest (TSF), match and recommend substitute players based on on-
in live soccer games Column Concatenator field players’ live game ratings

Classifier (CCC), and RandOm

Convolutional KErnel

Transform (ROCKET),

k-Means clustering
Prediction of defensive Forcher LR, XGBoost, RF to predict successful vs unsuccessful defensive plays (ball
success in elite soccer using et al. [15] gain vs no ball gain) and identify tactical variables that

machine learning — Tactical
analysis of defensive play
using tracking data and
explainable Al

drive defensive success in soccer

The analytical power of Al was expanded by Montoliu
et al. [36], who introduced the Bag-of-Words (BoW)
technique to categorize video clips based on motion,
enhancing granularity of play analysis. This method
of dissecting visual data into quantifiable elements
complements a positional and tracking data analysis
conducted by Gasparini and Alvaro [16] and Berman
et al. [4], where GPS and network metrics provided
a detailed layer of tactical understanding, bridging a gap
between raw data and strategic insights.

The progression in Al applications also extends to
predictive analytics, where models developed by Sheng
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et al. [48] using the Recurrent Discriminative Broad
Learning System, and Hassan et al. [21] using Artificial
Neural Networks, illustrate the capacity of Al not only to
analyze, but also to predict outcomes based on historical
and real-time data. This predictive capability is crucial
during matches, where strategic decisions need to be
supported by rapid and accurate data interpretations.

Furthermore, the AI’s role in enhancing real-time
decision-making is emphasized in studies like those by
Fernandez and Bornn [13], who developed deep learning
models to predict pass probabilities, and Fang et al. [12],
who integrated video analytics with Recurrent Neural
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Networks to assess player skills and game dynamics.
These studies highlight how real-time data processing
and Al-driven insights are becoming indispensable in
modern sports tactics.

The tactical application of Al is not limited to player
tracking and real-time analytics, but also extends to
strategic management over seasons, as illustrated by
Beal et al. [2], who modeled soccer team’s performance
over a season, incorporating evolving objectives and
strategic adaptations. This long-term strategy modeling
shows AI’s potential not only in individual games, but
over entire seasons.

In summary, the application of Al in soccer tactical
analysis offers a multifaceted enhancement to
understanding and strategizing in soccer. Each method,
whether focused on positional tracking, pattern
recognition, predictive modeling, or strategic
simulation, contributes to a comprehensive framework
that supports coaches and analysts in crafting superior
game tactics and strategies. This evolution marks
a significant shift from traditional analysis methods to
an integrated, Al-driven approach in sports science.

Future directions for Al application in soccer tactics
The application of Al in soccer tactics is still in its nascent
stages, and the potential for future development is vast.
Several directions for future research and applications
emerge, promising to further enhance our understanding
and execution of tactical analysis in soccer.

Integration of Advanced Al and ML Models: Future
studies could explore integration of more advanced Al
models, such as reinforcement learning and generative
adversarial networks, to simulate game scenarios and
develop new tactical strategies. These models can help
create highly adaptive tactics that learn and evolve
based on an opponent’s playing style.

Enhanced Player Performance Prediction: Utilizing Al
to predict player performance in specific tactical setups
could significantly improve team preparation. Future
research might focus on developing models that can
predict how well a player would perform in various
tactical scenarios, considering factors like fatigue,
psychological state, and historical performance against
similar opponents.

Real-time Tactical Decision Support Systems:
Developing Al-driven decision support systems that
can provide real-time tactical recommendations during
a match could be a game changer. Such systems would
analyze live data feeds to suggest tactical adjustments,
substitutions, and formations in response to unfolding
match dynamics.

Vol. 31(3)

Augmented Reality (AR) and Virtual Reality (VR) for
Tactical Training: Use of AR and VR in conjunction
with Al can revolutionize tactical training and match
preparation. By simulating match situations with real-
world data, players and coaches can experience and
practice tactical scenarios in a controlled, immersive
environment.

Deeper Analysis of Opponent Tactics: Future applications
of Al could involve more sophisticated analysis of
opponents’ tactics, using deep learning to identify patterns
and tendencies that are not visible to a human eye. This
could help develop more effective counterstrategies.
Predictive Analytics for Injury Prevention: Integrating
Al with biomechanical and physiological data could
enable a prediction of potential injuries based on
tactical plays and workloads. This would allow better
management of players’ fitness and readiness, tailoring
training, and match participation to minimize injury risks.
Ethical and Fair Use of Al in Tactics: As Al becomes
more integrated into soccer tactics, there will be
a growing need to establish ethical guidelines and fair
play standards. Future research should address ethical
implications of Al in sports to ensure that its application
promotes fairness and integrity in a game.

By exploring these future directions, the application of
Al in soccer tactics can lead to unprecedented levels of
strategic depth, player development, and engagement
with the sport. As the technology advances, so will the
ability to harness Al for the betterment of soccer, both
on and off a field.

Conclusions

Exploring the role of Al in soccer tactical analysis
has revealed a compelling narrative of technological
integration within the sport. This narrative review has
critically analyzed the current literature to uncover
the innovative ways in which Al is being used to
revolutionize tactical analysis in soccer, demonstrating
its potential to become an indispensable tool for coaches,
analysts, and players alike.

The gathered evidence highlights AI’s significant
impact on match preparation and in-game decision-
making, bringing a data-driven approach to strategy
formulation. ML models, neural networks, and complex
algorithms are now essential for interpreting vast
arrays of data, leading to more informed and strategic
decision-making. The inclusion of 23 relevant articles
in this review underscores the diversity and depth of
research in this emerging field.

Several key areas, where Al contributes to tactical
analysis, have been identified: predictive analytics,
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dynamic tactical planning, real-time adjustments during
games and pattern recognition in playing styles. Each of
these areas represents a leap forward in understanding
and execution of soccer tactics, translating into
actionable strategies and measurable performance
improvements on a field.

Looking to the future, the potential applications of
Al in soccer tactics are boundless. The continuous
development of advanced Al models holds the promise
of even more sophisticated tactical analysis tools. These
advancements could pave the way for real-time tactical
decision support systems, augmented and virtual
reality applications for training, and deeper analyses of
opponents’ tactics.

Moreover, the integration of Al with player performance
prediction models and injury prevention analytics
represents a holistic approach to player management
and team performance. Ethical considerations and
fair use guidelines for Al in sports will also become
increasingly important as the technology continues to
infiltrate this space.

Therefore, this article significantly enriches the
scientific literature by offering the comprehensive
analysis of how Al is pioneering the future of tactical
analysis in soccer. Through the detailed literature
review, it bridges the gap between traditional tactical
analysis methods and the cutting-edge capabilities
introduced by A, underscoring the transformative
impact Al has on enhancing strategic decision-making,
optimizing player performance, and fostering deeper
understanding of game dynamics. By synthesizing the
current research findings and outlining the potential
future directions, this article not only sheds light on the
current state of Al applications in soccer, but also sets
the stage for future innovations. Thus, it contributes
to a growing body of knowledge that positions Al as
a central pillar in the evolution of soccer tactics,
providing valuable insights for researchers, practitioners,
and enthusiasts within the realm of sports analytics
and beyond.
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