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Shape graphs and the instantaneous
inference of tactical positions in soccer
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We propose shape graphs as instantaneous representations of spatial arrangements in association
football (soccer). Shape graphs are a novel type of subgraph of Delaunay triangulations inspired by
related applications in fingerprinting and facial expression detection. They provide a foundational data
structure that supports various downstream tasks in a manner that is flexible, explainable, and
efficient. While previous approaches aggregate spatial positions over periods of time to stabilize the
underlying signal, we instead interpret each frame individually for increased explainability at the
highest possible temporal resolution. As an example use case we introduce position plots, a novel
visualization capturing the characteristic fluidity of relative positioning during a game while retaining
the possibility to add match context.

Association football (soccer) is a territorial invasion game in which simple
rules lead to complex collective behavior1. Consequently, spatial positioning
is of paramount importance in football tactics2. To be able to coordinate
quickly and with limited communication, players assume situational
responsibilities for opponents and areas of the pitch.Conventionalmeans to
describe such collective behavior include tactical positions with labels such
as ‘left back’ or ‘center forward,’ and team formations with labels such as ‘4-
4-2’or ‘3-4-3,’ summarizinga split of outfieldplayers intobacks,midfielders,
and forwards3.

However, these descriptors are largely static and decontextualized.
Players’ spatial responsibilities generally differ between match phases and
even within possession sequences. They are moderated by opponent
behavior, and may change temporarily or permanently following the
demands of an unfolding match. Although these dynamics are widely
acknowledged, media and match reports commonly content themselves
with the average locations of players4.

We here propose a novel framework to analyze spatial arrangements
instantaneously, i.e., at the temporal resolution at which tracking data is
available and without using information from other moments in time.
Tracking data is utilized at an increasing rate in a variety of team sports5,
including football6,7. Our framework integrates and extends previous ideas to
describe the dynamic spatial arrangements of teams. Instead of aggregating
player locationsoverperiodsof time,we analyze eachdata frame separately to
generate time series at the original temporal resolution. From a proximity
network imposedonto the set of player locations,we are able to derive tactical
positions, team formations, and other aspects of interest for each snapshot
and therefore without losing temporal contexts such as match phases.

Our two main contributions are as follows.
• Shape graphs:The shape of a team’s spatial organization is represented

as a combination of structure (networks) and geometry (space) by

augmenting each frame of spatial tracking data with a novel kind of
proximity network.

• Instantaneous tactical positions: By inferring tactical positions from a
single shape graph, each snapshot is interpreted separately. This yields
instantaneous positions that facilitate the exploration of dynamic
positioning in a novel visualization of such high-frequency time series
of spatial information.After introducing these concepts in the next two
sections, we demonstrate their use on publicly available tracking data.

Team shape
To characterize a team’s dynamic spatial arrangement in terms of tactically
relevant features such as compactness or defensive line height, it is common
to derive time series of geometric descriptors such as centroids, lengths, and
areas from trackingdata8,9.While these are determinedona frame-by-frame
basis, more complex features such as player activity or team formations are
typically determined fromdata aggregated over sequencesof frames10–14.We
combine these two approaches and generate high-frequency time series of
complex features.

Since players are trained to use other players as spatial references,
proximity relations are a natural starting point for the definition of team
shape. Delaunay triangulations capture many of these relations in a single
structure15 and are therefore used extensively for shape representation in
football13,14,16, computer graphics, biometry, and many other domains.

ADelaunay triangulation is a planar graph defined on a point set in the
plane as exemplified in Fig. 1a. It can be determined efficiently and a
characteristic feature is that no circumcircle of a triangle encloses another
point. Its graph contains, for instance, the convex hull of the point set,
pairwise nearest neighbor relations, and a geometric minimum spanning
tree. It alsomaximizes theminimumangle between incident edges across all
triangulations of the point set. Delaunay triangulations are dual to Voronoi
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diagrams, whichwere among the first techniques tomodel whatwould later
be called pitch control17–20.

Despite their many desirable properties, Delaunay triangulations also
have disadvantages, especially in the context ofmoving objects. As shown in
Fig. 2a, alignments of points can lead to ambiguities and thus sensitivity to
perturbation.

Among the variety of approaches to measure sensitivity and cope
with perturbations21,22, we found a scale-invariant measure of angular
stability23 particularly suitable for our context. As depicted in Fig. 2b, it
is defined as the angle formed by an endpoint of a Delaunay edge and
the circumcenters of its two incident triangles. Since circumcenters are
the vertices of the dual Voronoi diagram, the angle corresponds to the
lengths of dual Voronoi edges in Fig. 1c. Removing all edges with
angular stability below some angle α yields a so-called α-stable
Delaunay graph. This subgraph, however, is often too sparse, because
the joint removal of multiple edges with low stability may reduce
connectivity, yield non-convex faces, and thus lead to shape descrip-
tions that do not match the assumptions about spatial orientation of
players.

We therefore introduce a new kind of Delaunay subgraph which we
refer to as shape graph. A straightforward generalization of angular stability
to non-triangular faces allows us to remove a least stable edge, update the
stability of all edges in the newly created face, and iterate until no unstable
edges remain. We use α ¼ π

4 ¼ 45� as the threshold and provide compu-
tational details in the section on Methods.

Figure 1c illustrates that our shape graphs are less sensitive to shape-
preserving movement. Although we here consider only the outfield players
of one team in our examples, the approach extends naturally to repre-
sentations including the goalkeeper, the ball, or the opposition team as
additional points.

In the next section, we show how to exploit shape graphs to infer
tactical positions of players.

Instantaneous tactical positions
We reserve the term position for the tactical concept, and refer to a point
with coordinates in space as a location. For the purpose of this contribution,
we further distinguish between player positions as spatially, and player roles
as behaviorally defined concepts. However, we do not aim for a unified
terminology, because stakeholders such as coaching staff, data providers,
and the media all have their own nomenclature for tactical positions, often
mixing positions with roles.We do attempt to stay consistent with themost
common terms, however.

A position such as left center back or central attacking midfielder
describes where a player is generally expected to play in relation to his or her
teammates. A role such as support striker or playmaker describes the actions
expectedof aplayer,whichmaydiffer evenwhen theplayer appears in similar
locations. Moreover, particular roles such as wing back or false nine can be
viewed as combinations of positions assumed in different situations. Note
that this differs from the terminology of Bialkowski et al.10 and subsequent
work, where the term role is used for a predominantly spatial concept.

Fig. 1 | Representing the spatial arrangement of a team’s ten outfield players in a
4-4-2 formation. We define a shape graph (b) as a subgraph of the Delaunay
triangulation (a) that ismore stable against shape-preserving perturbations (c). Note

that small movements suffice to cause structural changes (dashed) in the Delaunay
triangulation and its dual Voronoi diagram (gray).

Fig. 2 | Co-circular andnear-degenerate point configurations. aFor four points on
an otherwise empty circle with center c, either diagonal can be in the Delaunay
triangulation. bAfter translating r! r0 , only pq is a Delaunay edge, because the two

circles defined by p, q and one of r0; s do not enclose the remaining point, whereas
those defined by r0; s and one of p, q do. The two pairs of circumcenters are neces-
sarily separated by the same angle α.
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We propose a simple method to infer positions from shape graphs,
which by their very definition ease a number of tasks:
• Normalization: The structure of shape graphs is, by definition,

invariant under translation and scaling, and therefore robust
against collective movements such as shifting, contraction, and
expansion that teams use to cover space efficiently. This invariance
eliminates the need for transformations common in other
approaches10,11,24.

• Identity:When determined separately for each frame of tracking data,
the structure and geometry of shape graphs is independent of player
identities. Since we infer positions from the geometric graph only, with
no regard for who a node represents, nomutual constitution of players
and positions through matching10,12 is needed.

• Orientation: Finally, the space we are concerned with is oriented, from
goal line to goal line and from touchline to touchline. Following the
logic behind common terminology, and thus to avoid cognitive dis-
sonance, we use the convention of pitches oriented vertically, with the
focal team playing upward. This terminology also suggests that the

assignment of position labels can be separated into a horizontal (left,
central, right) and a vertical (backs, midfielders, forwards) component.
For all these advantages, our method is rather simple (see Fig. 3):

• Split off two levels at the extreme ends of each dimension, and
• repeat the procedure once to further discriminate central players.

Splits are determined independent of scale by using the centers ofmass
for each internal face as references. The two extreme centers define the
dashed horizontal levels at which players are separated in Fig. 3. The pro-
cedure is applied analogously to the horizontal component, and our
handling of edge cases is described in the Methods section.

As a result, we obtain up to five ordinal levels horizontally and verti-
cally, or a 5 × 5-matrix of relative positions, which may be labeled, for
instance, as shown in Fig. 4.

Results
The purpose of this section is two-fold: first, we aim to build trust in our
method todetectmeaningful positions, and second,we exemplify how it can

Fig. 3 | Decomposition of a shape graph into vertical positions. Centers of faces (small circles) serve as reference for splitting off the upper and lower parts of the convex
hull, and the procedure is repeated once on the remaining midfielders.

Fig. 4 | Player positions are determined from the
shape graph of each individual tracking
data frame. a Based on structure and geometry,
players are assigned color-coded vertical and hor-
izontal levels. b Their combination is translated into
a tactical position according to a matrix template.
Because of their typical positioning patterns, left and
right full backs (LB, RB) and wide forwards (LF, RF)
are expected to be found in either of twomatrix cells.
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beused inmatch andopposition analysis. For concreteness and replicability,
we present results obtained for some publicly available tracking datasets.

Validity of position labels
There is no single concept of tactical position, asmany coaches and analysts
have their own approaches, players interpret positions differently, and the
fluidity of the game leads to varying observable outcomes even if the
underlying principles are the same. Hence, differences between any two
means of assigning positions are inevitable.

The quantitative validation of our shape-graph derived labeling should
therefore not be understood as an attempt to measure the accuracy of
predictions, but as a demonstration that consistently assigned labels from a
major commercial data provider yield consistent and distinguishable pat-
terns of labels in our method.

Bassek et al.25 recently published data from sevenmatches of the 2022/
2023 season in the first and second division of German professional men’s
football. For each of these matches, the data include optically tracked
locations at 25 frames per second (roughly 143,000 frames per match) and
provider-assigned position labels as shown in Fig. 5a. To reduce noise and
small-sample effects,wedouble the size of thedata as follows.Assuming that
there should be no systematic bias in lateral positioning, we add a copy of
each frame mirrored across the longitudinal axis (from goal to goal), with
players relabeled accordingly (LM to RM, DMR to DML, etc.). This yields
between three and five match occurrences for positions LA/LR, LM/RM,
DML/DMR, IVZ, and DMZ, and at least 16 for all others (except HST and
MZ, which are not present in the data). Moreover, we only consider the 176
players who started amatch or were substituted into the game no later than
the 75th minute.

For about one million frames during which the ball is in play we
determine our instantaneous horizontal and vertical levels. Level
combinations of players with the same label in the data set are aggre-
gated. After normalization, we obtain relative frequencies by which
players with the same given label are assigned to each of the 25 matrix
cells. Results are depicted in Fig. 5b, where the area of each disc is
proportional to the share of frames in which the corresponding levels
were assigned.

The evident patterns in Fig. 5b suggest that the positioning of players
relative to their teammates as determined by our method is strongly asso-
ciated with the position labels provided in the data. To test the association
further, these distributions are used as prototypes for a simple classifier. For

each of the sevenmatches we classify every player who featured by the 75th
minute. IfQ ¼ ðqijÞ1≤ i;j≤ 5 is the distribution of level combinations for any

one appearance of a player, it is assigned to the prototype P ¼ ðpijÞ1≤ i;j≤ 5
from Fig. 5b that is most similar according to the Bhattacharyya coefficient
BCðP;QÞ ¼P5

i¼1
P5

j¼1
ffiffiffiffiffiffiffiffiffi
pijqij

p
. Figure 6a confirms that this classification

matches the labels provided in the data inmore than two-thirds of the cases
(122 out of 176).Moreover, ametricmulti-dimensional scaling ofHellinger
distances

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� BCðP;QÞ

p
between positional distributions suggests that

they cluster well and in alignment with given position labels.

Inspection of mismatches and clustering outliers revealed a few com-
mon scenarios suggesting that it is often the labels provided in the data,
which are assigned before the start of the match25, that are implausible.
• Players expected to be fielded on one side actually play on the other

side. An example shown in Fig. 7a is Lukas Schleimer of 1. FC Nürn-
berg in a match against Fortuna Düsseldorf on October 15, 2022.
Although commonly a striker and labeled as right center forward
(STR), he actually played on the left in a 4-2-2-2 after coming on in the
65th minute.

• Positions may change during a match, which necessarily yields dis-
tributions that do not fall squarely into a single category. The example
in Fig. 7b is Edmond Tapsoba of Bayer Leverkusen in a match against
VfLBochumonMay27, 2023. Labeled and starting as a left center back
(IVL), he moves to the right side when the team changes from four to
three at the back at half-time.

• Positioning may depend on ball possession. The example in Fig. 7c is
Dawid Kownacki of Fortuna Düsseldorf in a match against Hansa
Rostock on September 10, 2022. Labeled as the center forward (STZ) in
a 4-2-3-1 formation, he tendedmore to the left when his teamwas out
of possession.

Match analysis example
For an example analysis of position dynamics, we use better known data
from amatch that has been available for some time. It is themost recent in a
small compilation published by Metrica26, and contains anonymized event
and tracking data for an unspecified match referred to as Sample Game 3.
Thedatawas collected at a rate of 25 frames per second for a total of 143, 761
frames (close to 96min), each containing location information for all
players and the ball.

Fig. 5 | Comparison with position labels
provider data. Position labels reproduced from
Bassek et al.25 (a) and the relative frequency bywhich
our method assigns players with these labels to a cell
in the 5 × 5 positionmatrix (b). No player in the data
set is labeled HST (support striker) or MZ (central
midfielder), but additional labels DLM, DRM
(defensive left/right midfielder) are present.
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We used Python package kloppy v3.1527 to infer times during which
the ball is not in play from the event data. After dropping the corresponding
frames from the tracking data, T = 117, 448 frames remained.

Shape graphswere computed separately for the outfield players of each
team in each frame. Frequent shape graph edges shown in Fig. 8 are
restricted to the first half, because substitutions and tactical changes dis-
cussed below lead to a mix of principles in the second half.

Both teams play with a back four (four defenders at the back) and a
double pivot (twomidfielders in front of the back four). Their higher degree
in the graph of frequent proximity edges suggests that Players #6 (Team A)
and #24 (Team B) cover a substantially larger vertical range than their
partnering defensive midfielders #8 and #23, who are in corresponding
average locations but seem to play different roles.

Average locations of Team B give the false impression of a compact
attack through the center, which seems different from the wide locations of
#5 and #9 inTeamA. Since the individual shape graphs are planar, however,
crossing proximity edges already hint at frequent lateral movement. Since it
is not possible to infer the actual dynamics from such aggregate repre-
sentations, we next turn to time series of positions.

Using the color scheme from Fig. 4, we visualize the ordinal level pairs
for all players as bivariate times series in Fig. 9. For readability and resolu-
tion, we aggregate over intervals of six seconds (150 frames) and display the
modal level (most frequent color) in each time interval.

These position plots are inspired by visualization designs for
collective movement28, and since the colors have an interpretation
that persists across teams and matches, they represent more

Fig. 7 | Examples ofmismatches.Position distributions of the examples highlighted in Fig. 6b suggest that their labels providedwith the tracking data are not suitable.While
a is simply a misclassification, b results from a position change during the match, and c from the overlay of in- and out-of-possession phases.

Fig. 8 | Frequent shape graph edges. Edges
appearing at least 20,000 times (i.e., in more than
one third of all frames) during the first half of the
Sample Game 3. Thicker and darker edges appear
more often, with the maxima for both teams above
50,000 times. Players are placed in their average
locations. a A single center forward and few edges
betweenwingers indicate stricter positioning. bFour
attackers with close average positions and many
edges represent a more varied approach.

Fig. 6 | Comparison of given position labels with our position distributions for
176 player-match instances. aA classifier assigning the nearest prototype from Fig.
5b largely recovers the given position labels. b The scatter plot is a two-dimensional

representation of similarity among position distributions associated with given
position labels. Circled outliers are discussed in Fig. 7.
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information than seemingly similar depictions of cluster membership
in related work10,11,14.

In Team A, for instance, Player #10 is recognized as a center forward
being almost always highest up the pitch (mostly red in the top row) and
rarely moving wide of other players (only light colors in the bottom row).
Player #12, on the other hand, replaces right center back (RCB) #2 at half-
time and plays in the same position until right back (RB) #1 is replaced by
another RCB, #17, and #12 moves to RB instead. Categorizing all other
players in the same way, we conclude that Team A play out of a 4-2-3-1

formation. With respect to the aggregate plots of Fig. 8, we observe that the
wide players rarely move to the other side.

TeamB, on the other hand, plays out of a 4-4-2 formation inwhich the
two center forwards and wingers switch sides often. This explains the see-
mingly compact attacking formation in Fig. 8b, because player rotations
visible from the position plots result in more central average locations.

An interesting change of tactics can be observed by combining the
two charts. When Team A introduce #16 as LDM for AM #7, #14 rotates
right, #5 into the center, and #13, having already played more advanced

Fig. 9 | Position time series over the entirematch.Color pairs represent vertical (upper half of each row) and horizontal (lower half) levels. Gaps indicate substitutions in the
team, with dots linking the players involved.
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than #8 after coming on at half-time, moves to LF. It appears that Team B
respond by replacing a CF with RB #34 and moving #29 into positions
between the new RB and RM #30. During this final stretch of the match,
Team B appear to abandon the 4-4-2 and free up #29 for man-
marking #13.

In addition to general trends, coordinated exceptions become appar-
ent.Wehave alreadynoted that the center forwards ofTeamBare swapping
sides frequently, whereas thewide forwards of TeamAare not.A temporary
change involving more players can be observed when the center backs of
Team A exchange vertical positions with midfielders early in each period,
likely to expect a corner kick or a free kick in the opposition half. Similarly,
after conceding the second goal, both the full backs LB #4, RB #1) and wide
forwards (LF #9, RF #5) of Team A drop deeper until the next substitution
is made.

Position plots allow for muchmore detailed analysis when augmented
with match phases, main events, ball location, and other information. Such
extensions, however, are beyond the scope of this paper.

Discussion
Shape graphs represent simultaneously the structure and geometry of
relative positions and dispense with the need to normalize player
locations by translation or scaling. They capture meaningful proximity
relationships because players are trained to make use of four different
types of spatial references: their teammates, their opponents, the ball,
and the pitch29. Although the shape graphs presented here make use of
the first type only, inclusion of additional references is straightforward.
Shape graphs defined on the locations of all outfield players in both
teams, for example, would allow for the derivation of time series that
represent marking and pressing dynamics30–32.

Delaunay triangulations of moving points change when passing
through ambiguous configurations of zero angular stability, and our
criterion for preemptive removal of edges with low angular stability shifts
changes to moments in which a third point is close enough to challenge
the existence of an edge representing mutual spatial referencing of two
players.

As our approach is computationally efficient and instantaneous, it is
suitable forusewith live trackingdata. Futurework could include the storage
of shape graphs in kinetic data structures33 for efficiency, and in graph
databases for querying moments of interest34,35.

By deriving them instantaneously from shape graphs, we have sepa-
rated the detection of positions from their matching with players.
Momentary tactical positions of players are inferred from their relative
spatial locations. It is therefore not necessary to assume team-level persis-
tence of the set of positions over any period of time. In fact, previous work
can be viewed as focusing on the identification of spatial arrangements that
are stable over periods of time, and therefore interested just as much in
temporal segmentation as in positions and formations. With the template-
matching approach of Müller-Budack et al.12 a notable exception, position
labels are generally assigned by hand after positions have been determined.

Our assignment is systematic and interpretable; and it may be applied
to any configuration, including the output of aggregation approaches. After
the first vertical split in the example of Fig. 10, the shape graph of the four
midfielders forms a horizontal path, so that no further distinction takes
place. In the horizontal partition, inside players are split equidistantly (see
Methods section), but the center forward is close to being interpreted as
another left center forward.

On a temporal scale, the tactical tweaks pointed out in the Results
section are fairly coarse grained. The time a team in transition needs to
return to their default shape, and frequent patterns of positional
changes are but two examples of interesting analyses at higher tem-
poral resolution. Instantaneous positions may further be used to
contextualize individual events. Passes, for instance, are often labeled
with time, players involved, their locations, a pass type, and an out-
come, but could be augmented with the tactical positions at this
moment.

The position plots in Fig. 9 are but one example how to visualize
position time series. They can be varied, for instance, by filtering, changing
the level of resolution and annotation with further match events. The latter
may include bookings,matchphases,momentum, or any other information
common formatch time-lines and potentially driving positional changes or
providing situational context. Our example should therefore not be con-
sidered a specific chart design, but a framework to construct static depictions
of positional dynamics.

Methods
To complement the introduction of shape graphs and instantaneous posi-
tions, we outline in this section some additional details relevant for their
implementation.

Fig. 10 | Automated labeling of aggregate config-
urations. Bauer et al.38 (their Fig. 3) approximate
distributions of normalized locations during match
phases. With shape graphs defined on their cen-
troids, position labels can be assigned automatically.
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Shape graphs
Assume we are given a sequence of tracking data frames PðtÞ ¼
fpðtÞ1 ; . . . ; pðtÞn g containing two-dimensional spatial locations pðtÞi 2 R2 for n
objects at discrete time steps t = 1,…, T. In the present scenario with 25 Hz
tracking anda focus on theoutfieldplayers,wehaveT ≈ 140, 000, andn = 10
for each team.

Given a finite point set P � R2 in general position, a Delaunay tri-
angulation is a planar graph D(P) = (P, E) such that every internal face is a
triangle whose circumcircle does not enclose another point of P. The cir-
cumcenters of those triangles are the vertices of the dual Voronoi diagram.

For p, q ∈ P, consider the oriented line ~pq through p and q, and let
Ppq = {r∈ P⧹{p, q}: (q− p) × (r− p) < 0} be the subset of points in the half-
plane to its right. Consequently, Pqp contains those in the half-plane to the
left, as this is to the right of the reverse line ~qp ¼ pq .

Note that the circles through p, q and any third point r∈Ppq are nested
in the half-plane to the right (and reversely nested on the left), and that an
innermost arc belongs to a point with maximum angle ∠prq. We therefore
define αðp; qÞ ¼ maxr2Ppq ffprq and call it the angle on the right of ~pq (and
on the left of ~qp). IfPpq ¼ ;, we letα(p,q) = 0; this occurs forp,q consecutive
in counterclockwise order on the convex hull of P and corresponds to the
angle with a point at infinity.

Any four points in general position form a quadrilateral in which the
sumof the internal angles is 2π = 360°. If these points are co-circular, the left
and right angles of each diagonal each sum to π = 180°. If points p, q∈ P are
connected by aDelaunay edge,α(p,q)+α(q,p)≤π, and the edge is calledπ−
(α(p, q)+ α(q, p))-stable23. Note that this generalizes to edges in the convex
hull. As was illustrated in Fig. 2a, edges with zero stability are exactly those
for which circumcenters of the two adjacent faces coincide and it is
ambiguous whether they are in the Delaunay triangulation.

Geometric properties, stability experiments, and discussions with
domain experts led us to set 1

4 π ¼ 45� as a minimum angular stability
requirement. Removing all below-threshold edges simultaneously,
however, can lead to large faces far from being circular. Therefore, we
propose a generalization of angular stability to non-triangular faces and
remove edges of minimum stability iteratively to obtain a subgraph that
is, in general, more connected than the π

4-stable subgraph23 for which
edges are filtered in a single sweep. Our generalization sets α(p, q) to the
minimum angle with any vertex in the face to the right of ~pq. See, for
instance, r1, r2 in Fig. 11b. An edge is removed only if all vertices in the
two faces incident to it are nearly co-circular, i.e., the resulting larger face
is circle-like.

Algorithm 1. Shape graph

The shape graph of a set of n points is determined by Algorithm 1,
where angles associated with edges in a newlymerged face are updated after
each removal. Worst-case running time is thereforeOðn2Þ, as evidenced by
any convex point set P, but in applications to football we typically have
n ≤ 23 (all players and the ball) and only few removals.

While essentially absent frommatch data, ties in least angular stability
do occur in textbook examples of spatial arrangements. If two edges are tied
forminimum stability and the removal of one leads to a stability update that
lets us keep the other edge, we in fact keep both to maintain symmetry.

It is important to note that shape graphs are geometric graphs36, i.e.,
combinations of network structures and spatial information. In addition to
the combinatorial structure of player proximity, they also represent geo-
metric properties of that structure, and therefore quantitative spatial
information that can be organized in variables associatedwith the structural
elements. Examples include the area of faces or the orientation of edges
relative to the direction of play. This representation is lossless, and since the

Fig. 11 | Delaunay edges pq are removed from the shape graph, if their angular
stability is below α= 45°. a For an internal edge of the triangulation we test ∠cspcr =
∠crqcs < 45° or, equivalently, ∠prq+ ∠qsp > 135°. b For an internal edge adjacent to a
face that is no longer a triangle, the removal condition has to be fulfilled with all of its

corners, i.e., for mini¼1;...;k ffpriq replacing ∠prq. c For an edge on the outer face, the
outside angle is set to 0°; the removal condition becomes∠psq>135° or, equivalently,
s being inside the gray area.
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additionalmemoryneeded for their storage is linear in thenumberof points,
the overhead is negligible.

Tactical positions
Splits obtainedwith face centers as reference are tolerant to shape changes in
other parts of the team. The latter present difficulties for approaches based
on pairwise distances and clustering24,37.

Whenmultiple players align on circles or straight lines, however, shape
graphsmay contain too few faces and potentially even bridging edges in the
outer face. To ensure robust and meaningful assignment of positions, the
following exceptions are introduced in our two-tier decomposition
from above:
• If the shape graph contains steep bridging edges, the edges themselves

are treated as faces, so that their center is in themiddle of the edge. The
slope of the bridging edge in Fig. 12 aligns with the vertical partition in
12a, but defines threshold for the first horizontal split in 12b.

• If a group of at least four vertices is maximally imbalanced, i.e., divided
into a singleton, an empty center, and the rest, then the large group is
assigned to the central partition.Otherwise, a configuration such as the
one in Fig. 12a, which resembles the midfield of a 4-1-4-1 formation,
would have four attacking midfielders.

• If all centers of internal faces and at least one vertex are in the middle
third between the highest and lowest vertex, we split into equal thirds
instead. See the secondary split in Fig. 12b for example.

Data availability
The data used in this article was made publicly available in Metrica (2021)
and Bassek et al. (2025).
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