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Abstract: Spatiotemporal datasets based on player tracking are widely used in sports analytics
research. Common research tasks often require the analysis of game events, such as passes,
fouls, tackles, and shots on goal. However, spatiotemporal datasets usually do not include event
information, which means it has to be reconstructed automatically. We propose a rule-based algorithm
for identifying several basic types of events in soccer, including ball possession, successful and
unsuccessful passes, and shots on goal. Our aim is to provide a simple procedure that can be used for
practical soccer data analysis tasks, and also serve as a baseline model for algorithms based on more
advanced approaches. The resulting algorithm is fast, easy to implement, achieves high accuracy on
the datasets available to us, and can be used in similar scenarios without modification.
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1. Introduction

Sports analytics can serve as a rich source of data for a variety of machine-learning tasks.
Widely available sports-related datasets range from collections of individual players’ performance
indicators and historical game stats, to detailed event logs of particular matches. Recent advancements
in object tracking technology have enabled sports analysts to collect spatiotemporal information,
reflecting athletes’ movements over time. Resulting spatiotemporal datasets have been used in
numerous research tasks, including similar play sequences retrieval [1] and identification of defensive
strategies [2] in basketball, and shot prediction in tennis [3]. In soccer, spatiotemporal datasets have
been used to analyze team formations and play styles [4], as well as learning coordinated defensive
strategies [5].

Most available spatiotemporal sports datasets, to the best of our knowledge, are organized
as sequences of game field snapshots that include athletes’ locations at specific points of time.
However, for many types of research projects, information about game events is also crucial.
For example, in the case of team sports games (such as soccer, basketball, or rugby) it might be
important to know, for example, which athlete is currently possessing the ball, whether a snapshot
with a ball in the air belongs to a pass or a shot on goal sequence, and so on. One realistic scenario
where such information is necessary is the development of a case-based reasoning AI system for
playing a sports game [6]. The AI needs to learn actions performed by the athletes in specific game
situations, so both these actions and situations must be reconstructed from a series of snapshots,
contained in a dataset. Other possible applications of this kind of data are sports analytics and game
visualization [7].

In this work, we discuss the procedures we employ for the automatic detection of ball events
in spatiotemporal soccer datasets. By using them, it is possible to extend existing datasets with
information about player movements, ball possession, passes, shots on goals, and tackles, necessary
for a variety of sports analysis-related tasks. Our primary goal is to ensure the simplicity and accuracy
of the methods, and their easy integration into a dataset processing pipeline. Therefore, in most
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cases, we rely on experts’ knowledge of the game to define the explicit rules for detecting events
instead of trying to extract those rules from the data. In addition, this approach helps to avoid
overfitting, which might occur with machine learning-based models trained on insufficiently large
datasets, common in sports analytics.

This paper is organized as follows. The “Background and Related Works” section briefly discusses
the traits of soccer spatiotemporal datasets available today. We note the widespread absence of event
markup and examine existing approaches to generate it. We discuss the newest works in this area,
which are mostly focused on application and evaluation of specific methods for event recognition.
The “Experimental Setup” section provides a description of the datasets we use and their internal
structure. We also define the specific list of events we are interested in, and note their properties.
The next section titled “Game Event Detection Pipeline” discusses specific algorithms and rules used
to detect each event type. Sufficient details are provided to recreate independent implementation,
if necessary. The “Event Detection Quality Evaluation” section is dedicated to the analysis of the
accuracy of the proposed approach. We report results independently for each of our datasets and
estimate test accuracy using the F1 score. The final sections, the Discussion and Conclusion, restate
our contribution. We show how the obtained results are connected with our initial goals, what the
advantages and limitations of our approach are, and outline possible further research directions.

2. Background and Related Works

Sports provide a vast amount of diverse information, ranging from statistical tables reflecting the
performance of individuals and teams to video streams of competitions. However, different sources of
information provide different types of data, and it is not always possible to combine them to obtain a
comprehensive picture of certain phenomena.

The reasons for such fragmentation are both technological and legal. For example, the English
Premier League compiles and publishes basic statistical facts about their soccer players, and, in general,
such data is often reported in newspapers and various “yearbooks”. Some research works are
focused on analyzing soccer video streams and detecting the events directly from them [8,9].
However, video recordings of complete matches of a particular event might be hard to obtain, and their
distribution is typically strictly controlled by the copyright holder. Soccer video recordings that
capture the whole field are rarely available at all. Often the content of a particular dataset reflects the
collectors’ understanding of what constitutes “interesting” information. For example, an often-cited
F24 soccer feed [10] provided by Opta Sports [11] includes specific types of in-game events, manually
annotated by the experts [12]. Copyright issues limit the availability of such datasets, and the question
of ownership in borderline cases remains open [13].

We are specifically interested in spatiotemporal soccer player tracking data with ball-event
markup. Player tracking data is available from several providers, such as StatsPerform.com,
DataStadium.co.jp, and Chyronhego.com. Typically, it is obtained by the software-assisted digitization
of video streams, recorded by several fixed cameras, installed at a stadium [14]. This technological
process presumes no additional post-processing, therefore producing player and ball coordinates
only. On the other hand, ball-event datasets, such as the aforementioned Opta’s F24 feed or the Soccer
match event dataset [15] are typically focused on events, and do not provide complete player tracking
data. In cases where manual event annotation is available, time synchronization might be inaccurate,
and errors in player attribution are common [16].

Event detection in soccer datasets is the subject of several recent research works. A survey made
by Gudmundsson and Horton [17] lists numerous tasks related to the spatiotemporal analysis of team
sports. However, as of early 2016, only a few attempts have been made to deal with ball-event
processing. Furthermore, these works are dedicated either to categorizing and labeling known
events [18,19] or predicting future events [20,21]. Certain approaches to automatic event detection
have been proposed only in more recent papers [16,22,23].

StatsPerform.com
DataStadium.co.jp
Chyronhego.com
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Richly et al. [16,22] applied several different machine learning-based methods to recognize
four event types (pass, reception, clearance, and shot on goal) in a spatiotemporal soccer dataset.
They prepared a “gold standard” manual markup comprising 194 events within 8:47 min of active
game time and used it for training and testing different methods, including Support Vector Machine,
K-Nearest Neighbors, Random Forest, and Artificial Neural Networks. Their best results were achieved
with neural networks, yielding a precision of 89% and a recall of 90%. Interestingly, a significant quality
improvement was obtained by applying a smoothing filter that reduced the original 25 Hz sampling
rate of game recordings to 10 Hz. It is also worth mentioning that the resulting event markup did not
include extended event information, such as a passer’s and receiver’s identity in the case of a pass
event. Finally, it can be argued that the training set was relatively small (it included only seven shots
on target, for example), so a more thorough evaluation might be necessary to assess the quality of the
proposed approach in practical scenarios.

Morra et al. [23] experimented with a much larger Soccer Event Recognition (SoccER) dataset
comprising 500 min of gameplay. This dataset consists of artificial (simulated) soccer matches obtained
with an open-source Gameplay Football engine [24]. This approach made it possible to evaluate their
algorithm on thousands of events, annotated with perfect accuracy. However, such data should be
treated as an approximation of a real scenario, where camera jitters and imperfect player tracking
methods often lead to artifacts that can be observed in digitized recordings of actual soccer matches.
The method for detecting game events was based on a set of handcrafted rules, expressed with temporal
logic statements. These rules were implemented using the ETALIS library for Prolog. The work of
Morra et al. dealt with a more complex set of events, so a direct comparison of the obtained results
with the ones obtained by Richly et al. [16,22] would be inaccurate. Still, the authors reported an
improvement of precision at 96%, and to recall at 93%.

3. Experimental Setup

As noted by Morra et al. [23], it is difficult to compare results obtained in different research works
due to differences in experimental settings, types of events, and used datasets. Therefore, details of
the experimental setup are essential, as they might have a significant impact on results. In addition,
details of our datasets show what can be expected from acquired player tracking data in typical cases.

We work with two distinct spatiotemporal soccer datasets, obtained by tracking players with
several fixed cameras, and subsequent digitization of recorded video streams (see Table 1). The first
dataset (“DS”) represents five full matches of the Japanese J1 league captured in 2011. These recordings
accurately capture the course of the game, and even significant pauses within the game are not
removed. Player tracking is accurate in general, but occasional jitters do occur, so one may observe
sudden jumps of player and ball objects. Such situations usually happen when many players are close
to each other, particularly during free and corner kicks. Each captured frame is annotated with two
additional binary attributes: Ball owning team (home/away) and ball status (dead/alive), so we know
which team is the attacker, and whether the game is stopped by the referee.

Table 1. Experimental datasets.

Name
(Provider) Sequences Total Time Frames

per sec Additional Features

DS
(Data Stadium) 5

320 min
(5 games) 25

ball owning team and ball status fields
tracking data of a referee
z-coordinate of the ball
timewasting periods are included
player names and roles are known

ST
(Stats Perform) 7578

2220 min
(45 games) 10

attacking team is always on the left
no “dead” segments (stopped by referee)
teams are always complete (11 players)
player data is anonymized



Appl. Sci. 2020, 10, 8046 4 of 12

The second dataset (“ST”) [5] consists of a large number of short game episodes (from 5 to 150 s),
taken from recent matches played in a top European league. An episode starts when a certain team
gets possession of the ball, and ends when the team loses control of the ball. Player movements are
smooth, and jitters are rare. However, this dataset has few shots on goal and few unsuccessful passes.
Occasionally the outcome of the attacking team’s last action can be analyzed, but episodes ending with
the ball still in the air are also common.

The ST dataset is organized as a collection of independent sequences, representing game episodes.
Each sequence contains a list of frame objects, organized as follows:

(Gx, Gy)(P1x, P1y) . . . (P10x, P10y)(G′x, G′y)(P1′x, P1′y) . . . (P10′x, P10′y)(Bx, By).

A frame starts with the (x, y) coordinates of the goalkeeper of the team currently possessing the
ball. After the goalkeeper coordinates, the coordinates of the field players of the same team are listed.
There is no predefined order of players in this list, but the same order is preserved throughout the
episode, so it is possible to trace the trajectory of a certain player in the given episode. The total number
of field players is always 10, which means that only episodes featuring complete teams are included in
the dataset. The next block describes the opposing team in the same manner. Finally, there are (x, y)
coordinates of the ball. All coordinate values lie within a range of [−52.5 m, +52.5 m] along the x-axis,
and [−34.0 m, +34.0 m] along the y-axis.

We convert the DS dataset into the same representation, though the original format contains more
information (see Table 1).

Current literature shows that there is no universal agreement on the list of events that need to
be identified in such player-tracking data, so different authors develop their own schemes suitable
for their goals. For our ultimate goal (the development of a case-based reasoning soccer AI system),
the following events were identified:

• Successful pass event. A player successfully passed the ball to an identified teammate;
• Unsuccessful pass event. A player tried to make a pass to an identified receiver, then the ball left the

field or was intercepted by the other team. Note that “clearance” events (when the players kick
the ball away from their own goal line) often fall into this category;

• Shot on goal. A player attempted a shot on goal, characterized by a certain target point.

In addition, we identify (1) the player currently possessing the ball, and (2) player movements,
defined as the speed and direction of the given player calculated with the required precision.

4. Game Event Detection Pipeline

4.1. Player Movements Analysis

In our work, we are only interested in the basic approximation of actual player movements.
We divide an input game segment into equal intervals of user-specified duration and calculate player
velocity components vx and vy using Equations (1) and (2) according to their positions x(t), y(t) at the
beginning and end of each time interval [t0, t1]. Note that this approach represents player movements
with straight lines, approximating the general trajectory (see Figure 1):

vy =
y(t1)− y(t0)

t1 − t0
(1)

vx =
x(t1)− x(t0)

t1 − t0
. (2)

Even such a simple method allows us to study player movements with arbitrary precision and
analyze their basic traits. In particular, we were able to distinguish real teams from teams comprised



Appl. Sci. 2020, 10, 8046 5 of 12

of rule-based AI bots by analyzing probability distributions of player movement directions in different
zones of the game field [25].

Figure 1. Approximation of player movement speed and direction. Solid lines represent constructed
approximation; dashed lines correspond to the original player trajectory.

However, it should be mentioned that in general, the analysis of player movements is a
more complicated process. In raw data captured by player tracking systems, jitter is inevitable,
so certain smoothing algorithms are required. The choice of these algorithms, in turn, is not a trivial
process, since sudden changes in speed and direction are very common in soccer, so smoothing may
cause undesirable distortions [26]. One way of removing them is to use the Gaussian smoothing
kernel [27], where x and y components of the trajectory are processed separately and treated as
one-dimensional time-dependent signals, according to Equations (3) and (4):

x′(t) =
1

2NF + 1

NF

∑
i=−NF

x(t + i) · G(i) (3)

y′(t) =
1

2NF + 1

NF

∑
i=−NF

y(t + i) · G(i). (4)

Here 2NF + 1 denotes the width of the kernel, x′ and y′ are the smoothed components of the
trajectory, and x and y are the components of the raw trajectory. G is the set of Gaussian coefficients
defining the shape of the kernel.

4.2. Ball Possession

Both our datasets contain information about the team currently possessing the ball. Each frame
in the DS dataset has a special attribute indicating a ball-owning team. Each recording in the ST
dataset corresponds to a short game episode, where the team on the left-hand side possesses the ball.
However, it is also necessary for us to know which player of the ball-possessing team dribbles the ball
at a given moment. In general, three separate cases have to be identified:

1. The player dribbles the ball, so the ball is located in the immediate vicinity of the player;
2. The ball is outside the immediate reach of any player, but it can be treated as “being possessed”

by a certain player. For example, a player might kick the ball out of immediate reach, but still
keep it under control;

3. The player performs a pass or attempts a shot on goal. During this event, the ball is not possessed
by any player, but we can still treat the current team as possessing the ball, until it is intercepted
by the other team.

The first case is easy to identify since it is a matter of simply checking the distance between the
ball and the closest player of the ball-owning team. If this distance is shorter than a certain threshold
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(VicinityThreshold, see Table 2), the player is treated as possessing the ball. However, if several
teammates are located near the ball, we give the preference to the player who controlled the ball on the
previous frame to avoid unwanted changes in ball possession.

Table 2. Initial experimental setup: Parameters.

Parameter Value Description

VicinityThreshold 1.0 m Minimal distance between the ball and the ball-possessing player
GracePeriod 1.0 s Time required for a player to be considered a ball receiver
GoalpostDistance 5.0 m Minimal distance from a goalpost for a kick to be considered a pass
MinFailedPassLength 2.5 m Minimal ball travel distance of an unsuccessful pass
MinTrChangeAngle 12.5◦ Minimal change in trajectory direction considered “significant”
MinSpeedChangeFactor 1.5 Minimal change in ball speed considered “significant”

The second case is treated by our pipeline as possession with an additional “ball far away” flag
set. If the ball leaves the immediate vicinity of a ball-possessing player p and eventually is possessed
by the same player again, we mark the whole segment as the player’s possession. Special handling
of such segments allows us to perform a finer-grained analysis of possible actions in specific game
moments. Players possessing a faraway ball cannot perform passes and shots on goal until they reach
the ball again.

The third case (passes and shots on goal) requires more complex detection procedures, which will
be covered in the subsequent section.

4.3. Detecting Passes and Shots on Goal

When a ball-possessing player attempts to pass the ball to a teammate, we register the occurrence
of a pass event. Some passes are successful, while others end with the ball out of bounds or intercepted
by the opposing team. A passer, a target receiver, and a pass result (successful/failed) comprise pass
event markup in our system.

A simple approach for detecting a pass, therefore, can be based on detecting two consecutive
basic events: (1) The ball leaves the immediate vicinity of a ball-possessing player; (2) the ball goes out
of bounds or comes into the possession of another player (either a teammate or an opponent). In the
case of the ST dataset, detecting whether the ball is intercepted by a certain player is not an entirely
straightforward process due to the absence of a z-coordinate of the ball. Data does not show whether
the ball approaches the player at a low trajectory or flies high above the player’s head. A sharp change
of the ball trajectory or speed near a player is a good indication of pass reception. However, passes that
do not significantly alter ball movement are also common (for example, defenders often make forward
passes to midfielders moving in the same direction). Thus, we use both change of ball speed/trajectory
and the presence of a certain “grace period” (see Table 2) when the ball is near the potential receiver as
indications of a pass event (see Listing 1).

A ball going out of bounds is another indication of an unsuccessful pass event. Such passes have
to be distinguished from shots on goal. We believe that for most practical tasks, it is enough to treat
an event, which ends with a ball passing closer than a certain distance GoalpostDistance (see Table 2)
from the nearest goalpost, as a shot on goal, and all other “out of bounds” situations as resulting from
unsuccessful passes. Since shots are characterized by a shot target point in our system (a single value,
representing an offset from the goal center), we note the specific location where the ball crosses the
goal line. If this point is outside the goal, we correct the value by moving it to the nearest goalpost and
treat this new target as the true intention of the attacker.

Finally, we need to identify a target receiver of an unsuccessful pass. This can be a challenging
task even for a human observing the game, especially using 2D visualization. In the current system,
we use the following heuristics: An intended receiver is the teammate closest to the ball at the moment
when it has left the field or has been intercepted by the opponent. In addition, we filter out all
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opponent-intercepted passes shorter than MinFailedPassLength (see Table 2). Such situations are treated
as tackles, and the ball is merely transferred from one team to another without a pass or shot attempt.

As a result, in the current version of the system, we implement the following procedure for
detecting passes and shots on goal (see Listing 2).

Listing 1. Detecting changes in ball possession.

Require: ball enters vicinity of a non ball-possessing player p′
1: function ISPOSSESSIONCHANGED(currFrame)
2: currFrame← CURRENTFRAME()
3: prevFrame← GETFRAMEAT(currFrame− 1)
4: nextFrame← GETFRAMEAT(currFrame + 1)

5: prevSpeed← CALCULATEBALLSPEED(prevFrame, currFrame)
6: nextSpeed← CALCULATEBALLSPEED(curFrame, nextFrame)
7: speedChange← MAX(nextSpeed, prevSpeed)/MIN(nextSpeed, prevSpeed)
8: if speedChange > MinSpeedChangeFactor then
9: return true . speed changed

10: prevDir ← CALCULATEBALLDIRECTION(prevFrame, currFrame)
11: nextDir ← CALCULATEBALLDIRECTION(currFrame, nextFrame)
12: if |nextDir− prevDir| > MinTrChangeAngle then
13: return true . trajectory changed

14: if ball is still possessed by p′ at currFrame + GracePeriod then
15: return true . ball possessed by p′ after grace period

16: return false . no change in ball possession so far

Listing 2. Detecting passes and shots on goal.

1: function DETECTPASSORSHOT( )
2: if |Bally| > 34.0 then . ball crossed the touchline
3: return VERIFYFAILEDPASS( )

4: if |Ballx| > 52.5 then . ball reached the goal line
5: if DISTANCE(Bally, 0) < GoalpostDistance + GoalLength/2 then
6: return shot on goal
7: else
8: return VERIFYFAILEDPASS( )
9: if ball is within vicinity of another player p′ then

10: if ISPOSSESSIONCHANGED( ) is false then . see Listing 1
11: return no event detected

12: if p′ is a teammate then
13: return successful pass
14: else
15: return VERIFYSHOT( )

16: function VERIFYFAILEDPASS( )
17: if pass distance is longer than MinFailedPassLength then
18: return unsuccessful pass . See Figure 2a
19: else
20: return no event detected

21: function VERIFYSHOT( )
22: if p′ is in the goal area and ball trajectory line crosses the goal line
23: not further than GoalpostDistance from the goalpost then
24: return shot on goal . See Figure 2b
25: else
26: return VERIFYFAILEDPASS( )
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(a) Unsuccessful pass (b) Deflected shot

Figure 2. A scheme of an unsuccessful pass and a deflected shot.

5. Event Detection Quality Evaluation

The most complicated part of event markup in our pipeline is the detection of passes and shots.
Thus, we perform a brief evaluation to estimate its accuracy.

We created a “gold standard” markup by watching the games that comprise our datasets in a 2D
soccer simulator and manually annotating successful passes, unsuccessful passes, and shots on goal.
In the case of the ST dataset, we analyzed the 40 longest episodes, corresponding to 60 min of playing
time in total (see Table 3). In the case of the DS dataset, all five matches were annotated. As manual
annotations are difficult to synchronize with events, we consider events as correctly recognized if they
fall within a [−0.5 s, +0.5 s] interval of the corresponding “gold standard” event.

Table 3. Annotated events.

Event
Quantity

ST DS

Successful pass 1097 2910
Unsuccessful pass 95 331
Shot on goal 8 97

Since the proposed algorithm relies on specific parameter values, listed in Table 2, fine-tuning
them is necessary to achieve high event detection performance. The initial experimental setup is based
on manually chosen values, reflecting our general understanding of soccer and observations of the
gold standard markup process.

To reveal the optimal combination of parameter values, we apply a greedy search routine.
It evaluates the algorithm on the set of parameters {p1, . . . , pi, . . . , pn}, where the value of pi is iterated
over a predefined range, while the rest of the values remain constant. The same process is repeated for
each parameter in the set. This approach is feasible in our case because most parameters are loosely
related and affect different types of situations in the game. For example, both MinTrChangeAngle and
MinSpeedChangeFactor values affect the ability of the system to recognize changes in ball possession.
However, they are introduced to deal with different types of game episodes (see Listing 1), so an
optimal value of one parameter should increase the overall performance of the whole event detection
algorithm. It is also easy to choose reasonable ranges and loop steps due to physical constraints
of soccer.

The quality of event detection can be estimated with recall, precision, and F1 score values,
calculated according to Equations (5)–(7). The search routine iterates over a range of permissible
values of an individual parameter, while the rest are fixed at their initial values, specified in Table 2.
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We perform this routine for each parameter except GoalpostDistance, which affects shot on goal events
only. Since the initial setup already provides optimal recognition of shots on goal, we keep the value
of GoalpostDistance unchanged. It should also be mentioned that we perform a search for optimal
parameter values using the ST dataset only. The DS dataset contains significant player jitter, and thus
cannot serve as a reliable ground for fine-tuning. In contrast, the ST dataset consists of short game
fragments played by different teams in different matches, serving as a reliable sample of episodes found
in a typical soccer game. In our experiments, 70% of the annotated ST dataset is used to determine the
optimal parameter values, while the remaining 30% of data is reserved for the evaluation:

Precision =
TruePositives

TruePositives + FalsePositives
(5)

Recall =
TruePositives

TruePositives + FalseNegatives
(6)

F1score = 2 · Precision · Recall
Precision + Recall

. (7)

The evaluation routine (the source code for event recognition and parameter tuning is available
at github.com/vi3itor/soccer-event-recognition) allows us to make the following observations
(see Figure 3). Any choice of MinFailedPassLength and MinSpeedChangeFactor within the test ranges
have virtually no effect on the resulting performance. The optimal value of MinTrChangeAngle is
approximately 0.1, all higher values cause errors in pass events recognition. The optimal values of
GracePeriod and VicinityThreshold are achieved inside their respective ranges and any deviation from
the optimum increases recognition errors. On the other hand, nearly optimal results (with F1 score
higher than 0.9) are obtained on a wide range of values. The optimal choice of parameters is provided
in Table 4.

Figure 3. The influence of parameter values on event recognition quality.

Table 4. Optimal parameter values.

Parameter Value

VicinityThreshold 0.9–1.2 m
GracePeriod 0.5–2 s
MinFailedPassLength 0.9–7.5 m
MinTrChangeAngle 5–25◦

MinSpeedChangeFactor 1.1–1.5

github.com/vi3itor/soccer-event-recognition
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The resulting evaluation of our algorithm, performed with the optimal set of parameters on
both ST and DS datasets, is shown in Table 5. Since the performance of the algorithm is stable on a
wide range of input parameter values, we believe it is able to achieve comparable results on other
spatiotemporal soccer datasets.

Table 5. Accuracy of event detection.

Event
ST DS

Precision Recall F1 Score Precision Recall F1 Score

Successful pass 0.9991 0.9973 0.9982 0.9218 0.9470 0.9342
Unsuccessful pass 0.8318 0.9368 0.8812 0.8182 0.9013 0.8577
Shot on goal 1.0 1.0 1.0 0.9336 0.9607 0.9469

We should note that the DS dataset is more difficult to analyze both manually and automatically.
This happens because of a lower tracking accuracy, especially in the case of overlapping players.
DS tracking data is obtained with TRACAB technology available in 2011, the current Generation 5
TRACAB system provides more accurate results in such scenarios [28].

Generally, errors in event recognition occur in borderline cases. For example, there are situations
where a trajectory of a flying ball is slightly changed after passing a teammate’s vicinity. The algorithm
considers this change insignificant, while a human expert recognizes it as a one-touch pass made
by a teammate. Similarly, there are discrepancies in recognizing intended ball receivers in cases of
unsuccessful long-distance passes.

As seen in Table 3, the ST dataset contains few unsuccessful passes and shots on goal.
Thus, the evaluation of detection accuracy for these events is not as reliable as for the DS dataset.
The lower accuracy of event detection for the DS dataset can be explained by considerable player and
ball jitter. The DS dataset is recorded at a 25 Hz rate, and there is no trajectory smoothing, so our
algorithms occasionally cannot project actual player movements.

6. Discussion

Event recognition in player tracking data is the subject of several research works. The best
results to date have been reported in Richly et al. [22] and Morra et al. [23]. However, it seems
that obtaining the most accurate results was not the main goal of these works. Both papers were
focused on the evaluation of specific methods as seen from the conclusions made by their respective
authors: “the results showed that neural networks present a viable model to detect events in soccer data” [22];

“we have shown that ITLs (interval temporal logics) are capable of accurately detecting most events from positional
data” [23]. Therefore, high accuracy demonstrates the versatility of the suggested methods and provides
a firm ground for their use in similar tasks.

Our primary goal is to develop a procedure that would provide a quick and accurate event
markup of specific soccer datasets we use. It is hard to say how well the same approach would work
in other team sports games. However, in the case of soccer, the obtained results are very close to the
“gold standard” manual markup, so we consider our algorithms ready for practical use. We have to
repeat that specific precision/recall values reported in the present work should be treated as dependent
on the experimental setup, and specific types of events in particular.

In general, we should note that our rule-based approach possesses a number of advantages. It is
simple, straightforward, and can be easily implemented in any conventional programming language
required in a given project. It does not need a large annotated dataset for learning, which might
be important for rare events such as shots on goal, where it is hard to collect a sufficient number
of observations. It can be easily updated or modified, and it can serve as a baseline procedure for
evaluating other algorithms based on more advanced methods.

One obvious problem with our approach is related to its dependency on specific parameter values
listed in Table 2. Thus, the quality of event recognition might vary across datasets (corresponding to
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teams of different skill levels, for example). However, present parameter values are chosen based on a
general knowledge of soccer and demonstrate robust performance on wide value ranges, so we believe
they are applicable to diverse collections of soccer matches.

Summing up, the resulting procedure is simple, fast, and accurate, and is able to recognize soccer
events with comparable or higher precision than competing approaches. However, its flexibility is
limited: while its operation can be adjusted with fine-tunable parameters, any changes in the list of
supported events might require a significant code update.

7. Conclusions

We designed and implemented a rule-based algorithm for event detection in a spatiotemporal
soccer dataset. Our method achieved high accuracy on two datasets and most probably could be used
in other similar scenarios without modification. The proposed scheme could also supply baseline
event recognition quality indicators for subsequent research projects. Similar techniques could be
used to recognize other significant game events, including offsides, free kicks, and corner kicks.
Further research directions may include support for other event types and adaptation of our algorithm
for other team sports, such as basketball or ice hockey.
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