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In soccer, understanding of collective tactical behavior &s become an integral part in
sports analysis at elite levels. Evolution of technologylas collection of increasingly
larger and more specic data sets related to sport activitis in cost-effective and
accessible manner. All this information is minutely scrutized by thousands of analysts
around the globe in search of answers that can in the long-ten help increase the
performance of individuals or teams in their respective copetitions. As the volume
of data increases in size, so does the complexity of the prokin and the need for
suitable tools that leverage the cognitive load involved ithe investigation. It is proven
that visualization and computer-vision techniques, corely applied to the context of
a problem, help data analysts focus on the relevant informain at each stage of the
process, and generally lead to a better understanding of théacts that lie behind the
data. In the current study, we presented a software prototyp capable of assisting
researchers and performance analysts in their duty of studiyg group collective behavior
in soccer games and trainings. We used geospatial data acqred from a professional
match to demonstrate its capabilities in two different casestudies. Furthermore, we
successfully proved the ef ciency of the different visuatation techniques implemented
in the prototype and demonstrated how visual analysis can &ctively improve some of
the basic tasks employed by sports experts on their daily wdt, complementing more
traditional approaches.

Keywords: football association, visual analytics, performan
tactical behavior

ce analysis, information visualization, collective

INTRODUCTION

Soccer performance is a multifactorial process requiringhfiégyel interaction analysis within
physiological, technical, and tactical performances. Atllite level, technical sta s need to capture,
process, and analyze great amounts of data, in order to measufermance in their respective
teams and opponents, as well as assess potential prospects.\Rebentime pressure of this
process and the constant increase in the amount of availahie das demanded for a major
emphasis in the visualization methods. In fact, technicalssare nowadays expected to capture,
process, analyze, and visualize data to provide fast as®ohilformation for coaching purposes.
Current technology allows capturing data from players' posi$i, either in competition or training
scenarios, with very acceptable degrees of accuracy. Téws®togical advances can use radio
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frequency systemsF(encken et al., 20)0 semi-automated There are times however, when these techniques have not been
computer vision systemd)( Salvo et al., 20Q6or di erential  implemented in an interactive application due perhaps to their
and non-di erential GPS units \(arley et al., 2002 This GPS novelty in the eld. In these cases, the otherwise automaastls
technology has contributed to change how performance arglysinust be manually performed by the analysts employing general-
is carried out in outdoor and indoor team sports by providing purpose scienti ¢ software such B&tlabor Mathematicayvhere
objective and reliable data on player's activity. Techhicéthese the algorithms at play are run. The results of these algorghm
systems use the earth-orbiting satellites that emit canistaded are then captured in static charts, graphs, or pieces of text
signals to track the position of a receiverafsson, 2003  which can be crossed with other information that is avaiatd
Using the accurate positions from the receivers such systentise analyst such as in-game video recordings in order to form
can process real-time distance and speed. These measuremieypotheses. Using this new knowledge, the analyst may vary th
systems are portable and relatively less expensive when cechpaimput data (e.g., the players' positional data, analyzed perfod o
to any other systems. At the end of these processes, positiortethe) and speci ¢ parameters of the algorithms and rerun the
data containing the players' positions is obtained. computations. He or she will repeat this procedure as many times
Research and practical applications resulting from positionaks necessary in a series of progressive re nements untilginou
data are much focused on the descriptions from the activiteevidence to support or refuse a hypothesis has been found.
proles, such as quantifying the physical and physiological When these series of informational exchanges between the
demands of soccer playerSi{mmins et al., 2013; Abade et al.,human and the computer have not been optimized, the whole
2019. Although, these are certainly very important determirgnt process may become highly time-consuming, ine cient and
of performance, recent research also focuses on describifigistrating for the user as some authors have pointed out & th
collective tactical behavior aiming to reveal new insigatsl  past (Nielsen, 1998
a better understanding of players' performances and soccer To the best of our knowledge, there are no examples of
complexity (Goncalves et al., 2014, 2018; Sampaio et al.,)201ihteractive tools in the literature that make use of movement
There are several team and individual key variables suggjestpatterns and complex inter-player coordination metrics to
as key performance indicators to address the collectivéctdct explain collective tactical behavior in soccer gansesifpaio and
behavior lemmert et al., 2016 Nevertheless, their apparent Macas, 2012 Therefore, our proposal tries to |l that void by
utility is strongly diminished by the lack of any structured o ering the analyst an interactive dashboard that (a) exposes
software tool capable of providing easy comprehension of sugbhysical and inter-player metrics in a visual manner to thel na
variables. In fact, data is usually processed using non-speciuser, (b) enables a spatiotemporal and multivariate anaby$ise
scienti c-based software and therefore the task often bee® game and (c) generally reduces the cognitive load of the sisaly
unbearable for soccer technical sta's. Sports analysis vaork task by ensuring an adequate interaction with the computer.
requires tools and techniques that ideally would provide gtea Unlike other alternatives, our approach does not rely on the
e ectively lter the data being analyzed on demand and displayball's position and therefore we did not consider it in our syud
this data in a way that enhances the experts' analysis cajegilitalthough we are aware of its usefulness in the analysis and
in the context of the problem. Under this scope, researcherkicoutherefore we plan to introduce it in further developments (we
easily identify repeated patterns in the data over the coufse o refer the reader to the nal section for a full list of futureés
game and the global understanding of key events would bellarg of research).
augmented.

KEY METRICS

PROBLEM DESCRIPTION The dynamic variables employed in the pilot tool and that serve
as a basis for the expert analysis task are outlined in thifosec
There is a great interest among Sports Science scholars mivstly, we present those regarding the collective aspectef th
explaining how a group of players collectively perform at a giveigame, (i.e., they measure characteristics of a group of rglaye
sports event. In the same way as it occurs in other areas ofter in this section the individual variables a ecting diag
knowledge, researchers have turned their eyes to computtrs wplayers are introduced. These variables are considereddagon
the hope of obtaining valuable information that can help themand are meant to support the more complex group analysis of the
to answer their particular research questions. As a consemje game.
computer-supported team tactics analysis is an emerging topic
that has generated important publications in recentyeasaFa ~ Collective Analysis
computational perspective, di erent authors have tried to ekpla Team Center
collective behavior in sports employing diverse techniquehs Also known as centroid, gravity center, or geometrical eent
as statistical Bialkowski et al., 20)4 trajectory Perin et al., The centroid is the average position of the out eld players.
2019, or network analysis based on passesssos et al., 2011 It is calculated as the mean lateral and longitudinal position
among others—seeG(dmundsson and Horton, 20)7#or a  of all outeld players' coordinates at a specic time, each of
complete list. All these tools are speci cally designed towapt them contributing equally to the computationSémpaio and
and automate many of the tasks that are required to obtaifMacés, 2012; Folgado et al., 2014a; Gongalves et al., 2064, 2
satisfactory analyses and ensure a correct interactiomdmtthe Sampaio et al., 20)4Based on the mean point of players'
analyst and the machine. locations, this variable captures oscillatory movemengsgnoup
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of players such as movements toward or away from the godleam Synchrony
lines or the sidelinesfuarte et al., 20128 bThe centroid of Recent studies employed phase analysis to identify inter-playe
the attacking team moves forward. The defending team tides tcoordination (Folgado et al., 2014a, 2015, 2018; Goncalves
prevent the attacking team from scoring by moving backwardet al., 2017 This is a signal processing statistic that describes
Thus, its centroid will move backward. It is employed to measu synchronization in a non-linear manner, by providing a
intra and inter team coordination in a group of players and it quantitative measure of coordination between 2 oscilltdihe
reveals important facts about team tactics and other vatuabkelative phase calculation is done by using a Hilbert tramsfor
data for the analyst. The relative distance between opposirand the obtained values are expressed in angles. The values
teams' centroid positions in the longitudinal direction €i, close to 0 correspond to simultaneous patterns of coordination,
considering the distance to the goal) seems to be related wtften referred to as moving in-phase, whereas relative phase
goal scoring opportunitiesHrencken et al., 2011; Folgado et al.values close to 180correspond to asynchronous patterns of
2014B. From the centroid position of both teams three measuregoordination, often referred to as moving in anti-phasa(paio
can be calculated: (i) distance to centroid, as measuredhd®y tand Macas, 20)2As tactical training is often directed to achieve
absolute distance of each player to the geometric centereof ttsymmetrical movements between individuals in certain@kiiag
team, plotted against time; (ii) distance to opponents' ceidtro or defending situations, it is commonly used as an estimatibn o
as measured by the absolute distance of each player from ttiee degree of assimilation of such training by the athleRedated
geometric center of the opposite team, plotted against timep this approachApEnis also employed in this type of analysis.
and (iii) distance between teams' centroids, as measuretidoy ApEncan be used to identify regularity in players' movement
absolute distance between the geometric centers of thegarod  patterns Sampaio and Magés, 2012; Silva et al., 2016; Goncalves
plotted against timeFigure 2 presents a group of four players et al., 2017p This is an adequate statistic to analyze non-
with its association centroid and radial distances to it. linear time series data that holds both deterministic ci@and
stochastic processes. TA@EN algorithm quanti es regularity
in a time series, by measuring the logarithmic likelihoodttha
Team Dispersion runs from patterns that are close (within tolerance wide r) to
Among the parameters related to the expansion and contractiom contiguous observations and remain close (with the same r)
of a group of players in a time interval is also worth notingon subsequent incremental comparisons. The obtained values
the Stretch Index. It is de ned as the average radial distanceare unitless real numbers ranging from 0 to 2, with lower
of the players' positions to the team centroifiréncken et al., values corresponding to more repeatable sequences of data poin
2011; Folgado et al., 2004Mhis variable captures the synergistic(Pincus, 1991; Stergiou et al., 2004; Harbourne and Stergiou
counter-phase relation of contraction and expansion behavio 2009; Yentes et al., 2013
of teams as a function of exchanges in ball possession. First ]
derivate of this measure may also evidence the speed at whibadividual Analysis
teams stretch or shorten their dispersion on the elfuarte Itis frequent that players are responsible for speci ¢ pitcheare
et al., 2012p Several studies have validated the Stretch Index &#hich they are supposed to control during the game, according
a revealing parameter to interpret the dynamics of team tacticto tactical schemes, game rules, and other constraints. Team
(Duarte et al., 2013; Travassos et al., 3014 behavior is an emergent result of many individual labors in
Another popular measure of Team Dispersion is thective  interaction, each one performed in di erent parts of the game
playing space or surface argaalculated as the area of a polygon eld and consequently, its analysis can be done in a geospatial
drawn by linking the externally positioned player in each t&sam manner. Heat maps suppose a simple yet useful way to visualize
formation (Goncalves et al., 2017 his variable expresses thethese phenomena, as several studies corroborate. As we will
relation between the shapes and the occupied spaces of the t@igcuss in the next section, we use this technique to represent
teams, and how they change over time. Overlapped areas c@ft only positional data for each player, but also changes in,pace
also be obtained. The Surface Area of a group of players previdehich are of major importance in team sports.
valuable information to the analyst regarding the portion of
the eld that is being occupied by the team while attacking orPROPOSED WORKFLOW
defending and it is intimately linked to the concept of stietc
index previously presented. Derived from the later it can beAccording to the ideas introduced in section Problem
measured thaeam spread(Ric et al., 201)%; a value de ned Description, our visual analytics tool proposes an interagctiv
as the maximum di erence between players' positions in thevork ow that seeks to accelerate current expert methodologies
longitudinal—eam length—and transverseteam width—axes. in the eld and to assist the analyst in nding meaningful fact
The team length captures the compactness of the whole team aatiout group behavior contained in the positional data under
its variation as a function of changes in performance comstsa study. There are two main operation modes for this work ow:
It can be used in the monitoring of speci ¢ reference valuedn the rst mode, the user starts with a known hypothesis that
for team length, or to evaluate depth di erences between teamsvants to validate (for example, the low level of synchronirati
When in defense, the width of a team may reveal the potential fabetween two defenders motivated a goal by the opposing team).
the opponents to nd inner or outer spaces to penetrate. Wherin the second mode, the analyst explores the data without a
attacking, it may indicate the lateral spread of the team. previously known hypothesis and this hypothesis is formed
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INDIVIDUAL
ADJUST INPUT ANALYSIS
F(ﬁﬂrﬁlfgls > i 5|  INTERPRET | SUPPORT/REFUTE KNOWLEDGE
playback spee& RESULTS HYPOTHESIS EXTRACTION
T GROUP
players selection) e

(RE)FORMULATE |
HYPOTHESIS

EXTERNAL SOURCES
(Video & Others)

FIGURE 1 | Proposed work ow. The user starts the analysis tasks at eitheof the two entry points to the tool.

FIGURE 2 | (A) Centroid of a group of players with radial distances(B) The same group of players captured at two different instantsf the game. Despite being
equally dispersed, the players on the right covered a largesffective playing space.(C) Intra-group coordination in a series of movements. Player naber 6 performs
in the opposite direction of his group.

once a particular event in the visualizations is spotted. (seglayers. It starts by selecting the desired system con gomat

Figure 1and explanation below). which initially is based solely on expert knowledge and exkr
) resources (i.e., real in-game video and others). The select
Stage 1: Data Exploratlon interval can correspond to a whole period or to a speci ¢ section

In this stage, the expert makes use of the application tof interest (e.g., last 15min). We have focused on analyzing
identify key events in the game by measuring and comparinthe progression of attributes during a period of time and also
di erent multivariate attributes of an individual or a groupf  on revealing signi cant variations of di erent variables tbe
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analyst. Once evidence that supports a possible explanation ospeci c elements in these visualizations to real game sdoat
key game event has been found, the analyst's attentionvati@ and vice versa. In a similar way, it is also relevant to establi

a speci c slice of data (temporal interval, set of players, portif ~ bidirectional relationships between group and individuglits,

the pitch). At this point of the work ow, a new set of key eventsin an attempt to explain phenomena of interest occurring in
and facts has been identi ed and the analyst can proceed to thee teams' dynamics and tactics. The visuals in the application

second stage. follow were designed to e ectively represent the concept of
] S shared cognition in a group and how it a ects to the individeal
Stage 2: Hypothesis Validation conforming it. In the following paragraphs, we discuss the

At this stage, the analyst acquires knowledge to update his @l erent representations given for each group metric explaine
her set of hypotheses, which will serve as input for the rstin section Key Metrics, and how the proposed visualizations

stage of the new iteration. The analyst then tunes the syste@ectively enhance the analysts knowledge acquisition psces
using new settings according to the hypothesis he or she wants

to test, this including time intervals (usually a sub-intat of Team Center

the prewously sglected'Ume' |nt.erval), virtual player plajoa The process of selecting the players can be done using expert
speed, combination of visualizations, andasele_ctlon ofeptay knowledge based or other individual metrics obtained in
More feedback from external sources can be incorporated tgxploratory analysis. Based on these assumptions our example

help in the selection of the con guration parameters in the o
. . lication allows the anal freel m h r
new iteration. Once the system has been con gured, the data ?pp cation allows the analyst to freely compose the study groups

Itered accordingly to re ect the analysts' mental model fhe In the way he or she prefers, being the only constraint the
. L gy y minimum number of players that can conform a group. This way
investigation process.

The visualizations emploved in this second approach usualwe enable the expert to focus only on the relevant individuals
. ploy ) PP . fhvolved in a game play (i.e., 3 forwards vs. 4 defenses) argd thu

correspond to a higher level of granularity and are oriente . o
we e ectively remove unwanted positions that could alter the

toaﬂﬁvgt:rgcgfcgiﬁgt'OrrégésssuEg‘: \éaegit'gg]; ITettzz Otmna()zséulting team center. In the case studies proposed at the £nd o
P ) P P ’ )t paper we elaborate further on this aspect.

starts a new iteration by exploring data using the system, in a
continuous cycle that will end with the nal set of hypotheses

being tested. Stretch Index
In the proposed animation, players' distances are drawn as a line
VISUAL ANALYTICS INTERFACE linking the centroid with the correspondent positions alongtwi

its numerical value (in meters) in a similar fashion to thefage

In Figure 3, we identify the three main components of our &€@ representation. By interacting with the int_erval stﬂbec
prototype: (1) The virtual player, that provides a real-timehandle, the ana_lyst can select a game play of his or her interest
playback of the game and depicts the players' positions at 4ff & Whole period. The stretch index for the two groups of
times. It serves the analyst to browse through the game thapki study is calculated and |mmed|ately presented on the a}rsaly5|
for interesting in-game situations. As seen in the imagéeot pane o_f the toc_)I for further comparison. As we_ will _see in the
representations of the di erent metrics are also embeddedhén t UPCOMING sections, these measures are especially important for
animation. (2) Position and speed analysis area, in whicksahe 9r0UP coordination studies. In our implementation, team t&m
values are presented in the form of two di erent charts: and (3JS intimately linked to the surface area covered by the grany,
group analysis area, in which line charts corresponding meso " Particular to the convex hull resulting of the players' posito
of the metrics employed in the virtual player can be generated. that is presented in the next section.

Our pilot tool gives analysts the chance of evaluating
performance at both individual and group levels. Each leveBurface Area
focuses on di erent characteristic parameters and metritteel  Given that this animation is updated every frame according to
to the nature of each type of analysis (group or individual).the changes in the di erent positions we chose the Graham Scan
Individual analysis supports group analysis and is the key talgorithm to perform the convex hull computation because of the
provide e cient knowledge acquisition within the proposed following two reasons: (a) it performs in logarithmic tin@¥n log
tool and work ow, and also is a key step in the process oh) and (b) the algorithm is especially well-suited for calculasio
nding meaningful game plays or explanations for observedhat involve a small amount of points, as is our case (maximum
group behavior. One of the major achievements of the pilot too10 points for 10 di erent players). In our proposed animation, we
is to be successful in visually exposing the links betweenmro draw a shadow polygon to remark the area that is being occupied
and individual traits that otherwise would remain hiddenttee by the team at a certain time. We also project the points to the rea
analyst's eyes. eld measures, so we can also present the value in square meters

According to the collective characteristics previouslym?2) drawn on top of the polygon's centroid. Furthermore, we
explained in this paper, great emphasis was placed on producimgpresent inter-player distances in a similar way to what vee di
visualizations that could reliably represent such traitafigans for radial distances in the previous section. These reprasients
of a combination of (1) animations; (2) graphs, and (3) glyphscan be shown or hidden up to the analyst's discretion, follmwv
We considered of great importance to help the user to connedhe approach taken in the rest of the example application.
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FIGURE 3 | Top: Virtual player and group analysis. Bottonieft: A Comparison in the speed and distance covered by two diffent players. Bottom-ight : Line chart
showing the evolution of each group's stretch index in the skected period.

Team Length and Width an analysis group has been established and the time interval
In our implementation, we use the four sides of the eld as planeselected, the pilot tool is able to compute time-dependent
in which the two polygons corresponding to the two groups willfunctions from the continuous values given by the distanees t
be projected. First group will employ the left and bottom sideghe centroid of the group of each player, which can be added
and the second group will make use of the upper and right oneo the phase calculation. As a consequence, the analyst is able
We also draw numerical values, so the analyst is informedef thto explore how coordination between pairs evolves in such

real measure at all times. given period. The tool also o ers the possibility to calculate
the ApEn a measure that informs on the unpredictability
Team Synchrony of the phase. High values represent a more chaotic

In previous sections we measured team coordination by applyingoordination in the movements of the players in relation t@th
phase analysis to two or more oscillating functions. Onceentroid.
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TABLE 1 | Description from the speed intervals used in the applicatin Distance to a Point
Finally, the pilot tool allows analysts to make in-map measur
Pace Speed Interval . . L
among one or more players to a speci ¢ coordinate point in the
Standing Less than 0.2 m/s eld, as shown InFIgure 3
Walking Between 0.2 and 2.1 m/s.
Jogging Between 2.1 and 3.8 m/s. CASE STUD'ES
Running Between 3.8 and 6.1 m/s.
Sprinting More than 6.1 m/s. A real elite soccer match was examined to demonstrate the

capabilities of the proposed pilot tool. Positional data of the
two teams was acquired using player visual tracking at 10 Hz
.. . resolution, resulting in 27,000 coordinate entries per player
In_(jIVIdUQI A_naIyS|s _ _ per time. Firstly, a signi cative event—in this case a goal-,
It is of major interest for analysts to inspect traits related \hich is known by the user prior the analysis task, is presented
.cert.ain playgrs in the groupwhen searching for events thatltto  Then the prototype is used to search for other secondary
justify certain group behaviors. In our work ow, the expedrt  gyents within the relevant play build-up that support a certain
compare information from the_se two di ere_nt sources in e_lwtsua hypothesis that explains the nal outcome of the play. The other
manner to speed up the nding of meaningful conclusions assyxample proposes a free exploration of the dataset. By employing

opposed to traditional, manual techniques. phase analysis, the analyst is able to identify signi catieney
) that generate dierent kinds of situations of interest in the
Speed Evolution Chart game.

Given the di erent players' positions and their evolution imte

we are able to calculate the speed, which is later discreiized cg55a Study #1: Analyzing a Goal Scored

ve intervals or paces, represented Table 1 Discretization of .
: - Build-up Play

the speed variable occurs only once per match data set and in tfje tional & Aincludes the original vid

data import phase. During an analysis session, the user can a iC an operational exampiejgure 4 Inciudes the ornginal viceo

players to the individual analysis zone using the mouse stamgn otage and the two-dimensional visual representation aa e
button the tool of three di erent moments of a scoring play. The key

players intervening in the play are three attackers of theoyell
Chanae of Pace Chart team and three defenders of the red team. Covered area by the
9 two groups is shown in the tool. At the center of each area there

This line cl:hart, re erc]ts the di erelnt.ch.angeslof rp:ace fcl)r ON€is a dot lled with the color of the team. This allows us to know
or more players in the given analysis interval. The analyst cao e the centroid of the three players is, allowing the user to

browse through the data evaluating the speed progressiorein t@ee their average positions at all times. It is known therenis a
selected time interval. In line with other visualizationgpented ;. .aase in the chances of scoring a goal when the attacking
in this paper, this chart is also interactive in the way thatlibas group's centroid surpasses that of the defenders. In this use ca

tr;e researcher ;‘0 na:nggte t?] the det_e_cteld kgyﬁve_nt_ln theaVi e verify how this technical event can be easily detectediin o
player, e ectively reducing the cognitive load that is invehin o010 explain a real game event.

the analysis process. The rst moment depicted inFigure 4 shows the start of

. . the build-up, where Player 15 (red) gets the ball in the 0 ense
Distance Covered Comparison Chart phase. In the second moment, he has surpassed a mid elder
We employ a stacked bars chart to allow fast visual comparisofhd is approached by two of the three highlighted defenders,
of the distance covered by players in a time interval. Eaatkstawhich creates an opportunity for Player 7 (red) to get a scoring
represents the portion of the total distance performed at eaeh o chance. In the last moment, Player 15 has already passed the
of the di erent speed intervals presented above. This enabkes t hg to Player 7, who will nish easily and score a goal due to
analyst to have a bird's eye perspective of the e ort performed byhe defenders being stuck in more advanced positions, making
the di erent players in a group, giving the analyst the perceptionit impossible to catch him. The second moment represents the
about the time periods in which a player performed at a certairkey to the scoring chance and ultimately the goal. By exptprin

pace. the positioning data, we better understand the impact of the
two defenders (20 and 5, yellow) on the play. They decide to
Heatmaps close onto the attacker with the ball (15, red) and that cause

Spatial distribution maps or heat maps are a popular means tthe centroids of both groups to get at practically the same
visualize spatio-temporal variables such as position or sp&®d. position. What is more, this triggers an unbalanced situatio

a companion visualization for the stacked bars chart, thdyaha in which players 9 and 7 of the attacking team (red) are left
also has the possibility to generate this kind of visualmatn  alone against Player 3 of the defending one (yellow). When th

demand. By employing heatmaps we are able to provide a bettewo defenders that tried to prevent the pass, start recovering
picture of a player's performance through any given period ofind running back, it is late enough for Player 7 (red) to be on
time. a clear scoring position, as depicted in the third moment. The
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FIGURE 4 | Build-up phases of a scored goal. The area covered by attackes and defenders is depicted in the system.

FIGURE 5 | Speed comparison between players 7 (attacking) and 3 (defeling) during the analyzed play.

di erence between both centroids at this point is the largefst osu cient advantage to be alone in a scoring position later, esrs
the sequence. This fact is in line with the proposals from othein the last moment depicted iRigure 5.

authors previously explaine@®(arte et al., 200)3since from the

moment the average position of the attackers was more addanc€ase Study #2: Studying Inter-player

than that of the defenders, the play went their way and theyeend Coordination With Relative Phase Analysis
up scoring. Relative phase can also be used to identify inter-player
Further explanatory facts can be found using individualsggrgination. Two instants between minutes 28 and 38
analysis, for example if the speed evolution graphs of two Qf;e highlighted in Figure 6 depicting the times when the
the players are considered: Player 7 (attacker, red) an®@P&y cqordination between Player 3 and 6 of the red team (defegjdin
(defender, yellow). As depicted Figure 2, Player 7 maintained was low. This implies that one defender moved toward the
a higher speed over Player 3 during the 8 analyzed secon@gntroid while the other moved away from it, creating an
The most important moments stand between the 1:34 and 1:3fnpalanced situation in the defense which has important
marks, as Player 7 sprinted toward the goal a second aft@hplications on the outcome of the play (for example the rst
the defender started his movement. This allowed him to gainnstant corresponds to a goal score by the opposing team).
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The two instants of the sequence are depicted-igure 7.

passes the ball back and that causes the defenders to lose

By reproducing the play, we can see how the two defendetkeir coordination, as one stays still at the goal line and
go back to cover Player 8 (yellow) as he surpasses thethe other runs to prevent the shot from the attacking player
trying to prevent a scoring chance. This attacking player theitnumber 15, yellow) who is outside of the goalkeeper's area.

FIGURE 6 | Phase analysis for the two defenders between minutes 26 and&
of the second half. The two lowest moments of coordination & rounded in
the image.

Moments of low coordination between defenders of the red
team are generated in situations where the defenders are clos
together and an unexpected action (such as a back pass)
happens. This unpredictable situation forces the defenders to
lose synchronization with the rest of his teammates meaning
each one of them took di erent directions, as it happened in the
presented situation: In this concrete case, one decidedtomsit
in the goal line and the other to cover the shot, thus creating
completely opposite movements from the centroid of the whole
defense.

The second point of low coordination is depictedkigure 8.
In this case, the play did not result in a scoring chance, aitfo
we comment on other interesting aspects of the game that
generated this situation. In this play, player 5 passes thetdall
Player 20 (both attacking, in yellow), and Player 30 (defegdi
red) is not fast enough to stop the attack, making Player 6
(red) to leave its defense position to cover the area left by
his team mate. It becomes clear that bad defense by Player 30
caused a break in the coordination of both central defenders
(3 and 6, red). While Player 3 had to remain covering the
attacker (Player 9, yellow), Player 6 had to go out of his zone
of in uence to stop Player 20 and prevent a cross or any other
potentially dangerous play on oense. This special situation
could also be easily identi ed in the pilot tool by employing

FIGURE 7 | First moment of low coordination between two defenders (Plgers 3 and 6, red). The outcome is a goal by the attacking team.
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FIGURE 8 | Top: Second moment of low coordination between two defendes (players 3 and 6, red). Bad defending from another player eses the disruption.
Bottom: Speed and movement comparison between the two defeders involved in the opposition advantage play.

the line graph, without the need to visualize the entire 6 mine ciency of the analysis. In the provided examples, we could

of game. also appreciate how the proposed work ow can scale to many
di erent game situations and combinations of analysis types -
CONCLUSIONS collective or individual. By following a top-down approach that

goes from the general to the speci c, the analyst can navigate
In this study, we demonstrate that including visual analysighe positional data by progressively tuning the interfacetaa
techniques in sports group behavior analysis can produce boi@nd reach to conclusions of interest. Furthermore, the athges
high quality results and a satisfactory experience with th@f combining the proposed work ow with a visual tool could
computer at the same time (s&upplementary Video ). We  be noticed in the implementation of two di erent use cases that
designed an iterative work ow companion to this tool that employed geospatial data acquired from a professional match in
e ectively captures and accelerates many expert work ows thad very similar setting to what many sports scientists have éirth
had to be performed manually or semi-automatically in the pastdaily work.
We found that the application of data visualization and user- Despite of these promising rst results, the ideas presented in
centered design techniques helps to maintain the overathieg  this paper require of further validation and more complex user
curve of the system at without compromising the accuracy orstudies that we expect to implementin future research, alaitty w
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the following lines of future work that we compiled during our Real Video Playback
research: The pilot tool is able to link incoming metrics data with real
. in-game situations by establishing an interactive refaldp
Positional Data of the Ball between the virtual player and the two analysis zones. During
As it has been commented before in this paper, some authors takgalysis sessions, analysts tend to complement the usagesef the
the ball position into account when calculating di erent giu  prototypes with real video playback of the game under study.
metrics. Given the recent advances in positioning techrie®g Currently this process must be performed manually, but it would
we expect to be able to work with more data sets that include thipe interesting to reduce the number of steps needed to reach to
feature. relevant parts of the video in a similar way to how the virtual

Social Network Analysis player performs in the current tool.

As a result of the incorporation of the ball position, we plan
to generate social network visualizations that depict datoos

of players during the game, extracting statistical datateela RT, JS, and CL-P: Conceptualization; JS and CL-P: Funding

to the number of passes between players, direction of thgcquisition' AB, RT, JS, and CL-P: Methodology; CL-P: Project
pass and other traits, which will be used as inputs for ou%dministrat’ion"AB, RT' and AL: Software: AB ’RT and AL:
system. This information should be presented to the user b e T Al . o '

: ) - Yisualization; AB, RT, AL, JS, and CL-P: Writing—originalftira
employing dynamic network analysis and other complex network

isualization techni .
visualization techniques FUNDING

AUTHOR CONTRIBUTIONS

Visualization of Biomechanical Variables

In our current implementation, we discretize the speed vddaab
according to ve prede ned clusters. In a similar way, we abul
employ other non-geospatial variables gathered using di eren
equipment attached to the athlete's body, such as a pulsometer

The present study was supported by the Ministry of Economy and
Competitiveness of Spain with the Project DEP2016-75875-R.

SUPPLEMENTARY MATERIAL

Visualization of Labor Division and Areas Th(_e Suppllementa-ry Materlal_ for_ this art_lcle can be found
online at: https://www.frontiersin.org/articles/10.38tsyg.

of In uence 2018.02416/full#supplementary-material

Di erent studies divide the e ective playing space of a group of
playing sp 9 p Supplementary Video 1| Overview video. In this video, we present the proposed

playt_ers in several areas_of In u_e‘nce (O_ne p_er _player). There aFJ?ototype to the interested reader. It gives an overview of bihe features
previous attempts to achieve this functionality in visuahtsrby  presented in this paper and depicts the usage of the tool to peorm individual and
making use of Delaunay triangulations and Voronoi cells. group visual analysis employing real in-game data.
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