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Introduction
The competitive environment of professional sports is at the cutting-edge of the latest 
technological solutions to gain a better understanding of their own players as well as 
the opponents [1]. The largest sports venues are nowadays equipped with systems that 
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Abstract
Spatiotemporal analysis of professional sports like American football is a research 
area that has grown in recent years with the emergence of reliable tracking 
technologies for both players as well as the ball. Although established research 
focuses on analyzing which team controls which parts of the playing field, usually 
the ball is not taken into account in this type of analysis. We propose a nuanced 
quantification of passing target regions by which parts of the field can be reached 
by each player before the ball arrives when a pass is thrown. A safe target area in 
American football is characterized as a part of the field that can be reached by a 
receiving offensive player but no defender. A physics-inspired method and a data-
driven method for estimating the area each player can cover are presented. Each 
is implemented using two approaches for discretizations, one based on squares 
and one based on hexagons. This analysis makes the spatial dynamics in passing 
plays explicit and thereby provides coaches, academics, and fans a more precise 
understanding and a novel perspective. The utility of the resulting areas is evaluated 
using a publicly available dataset of passing plays from the 2018 NFL season. Passes 
to a safe target area as identified by the physics-inspired method using hexagons 
with 0.1 yard long sides are completed 89% of the time compared to 59% if the pass 
was not considered safe, and only 2 out of 410 interceptions occurred when the 
pass was considered safe. Furthermore, passes that are considered safe according to 
the data-driven method, using 0.1 yard by 0.1 yard squares, result in 2.02 additional 
yards per attempt and 0.25 more expected points added per attempt. The identified 
safe passes are less likely to result in bad outcomes and on average lead to more 
productive results.

Keywords  Spatio-temporal data, Player tracking data, Football, American football, 
Pitch control, Passing, Data-driven, Motion modeling, Grid-based
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track every movement of all players on the field at all times. This technology has also 
opened new avenues for research in the field of sports analytics, as this tracking data 
have become publicly available [2].

While spatial analysis using player positions in other sports, e.g. soccer, has a long his-
tory of established research [3], the largest US sport, American football, still lags behind. 
The National Football League (NFL) also recognizes this problem and created the 
annual NFL Big Data Bowl (see [4]) to facilitate more tracking data analysis in American 
football.

In many team sports, including soccer and American football, space is an important 
concept, as there are multiple players but only one ball - most players, most of the time 
do not control the ball but focus on positioning and on controlling space. Tracking 
data covering player as well as ball movements allows for advanced analyses of player 
movements and positioning. Consequently, tracking data is used to investigate different 
aspects of space, including which team controls how much of the limited available area, 
improve tactical understanding, and enable advanced passing analysis ([2]).

In American football there are two main ways to advance the ball and score: passing 
and running. In the 2018 season, there were 121, 737 yards1 gained by 17, 671 passing 
plays and only 58,  601 by 13,  272 rushing plays. Passing plays are not only more fre-
quently used, but also more productive. Each play resulted on average in 7.4yd com-
pared to 4.4 for the rushing offenses in 2018 according to [5]. However, passing can also 
result in the worst case in an interception by the defense. An interception does not only 
mean no progress towards scoring points, but the offense even looses possession all 
together without scoring any points and furthermore potentially leaves the opponent in 
a good position to score themselves. It is therefore paramount avoid these interceptions 
as much as possible.

An unique characteristic of passing in American football requires that a pass is caught 
before hitting the ground or it is ruled incomplete leading to the play being over without 
any getting closer to scoring. While a successful pass is generally a pass that is completed 
to a teammate, both in the American football literature [6, 7] and other sports like soccer 
[3, 8, 9]. For a successful pass, the possible target areas are therefore limited by how fast 
and how far the ball can be thrown on one hand and by how far the players can travel 
during that time on the other. This sets American football apart from other team sports.

However, passing analysis in American football focuses on player positioning, includ-
ing relative position between receiver and defender [6, 10, 11], receiver and passer [11] 
and spatial control [11]. Furthermore, these approaches are concerned with the outcome 
of the pass, i.e. the likelihood of a completed pass. Furthermore, in soccer, [12] analyze 
passing safety of target regions on the field based on the difference between the time of 
arrival of teammates and the time of arrival of opponents without taking the ball into 
account, since the ball in soccer does not need to be caught directly. There is some work 
analyzing passes using the balls trajectory in soccer [9, 13, 14], demonstrating the utility 
and feasibility of passing analysis using ball trajectory data.

In this work, we identify safe passing target regions by combining the area that each 
player can cover with the range of the pass. This approach allows automatic identifica-
tion of areas on the pitch that are safe to target with a pass and those that are not. Given 

1 In American football distance is given in yards. 1 yard ≈ 0.915 meters.
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a time interval for the pass to reach a receiver, the area each player can reach at the end 
of that interval can be estimated. Calculating the union of reachable areas for offense 
and defense results in the area where a receiver could catch the ball and the area cov-
ered by the defense respectively. The difference between offense and defense describes 
the portion of the reachable area where offensive players are expected to catch the ball 
unbothered by any defender. Finally, the overlap between that area and the throwing 
range of the football is the portion that can be safely targeted with a pass.

American football is a complex sport, even if focusing solely on passing. There are dif-
ferent ways of evaluating the quality of a passing attempt and there are various aspects 
influencing its outcome. For example, the further the pass is away from the endzone, the 
larger the area the defense has to cover and thus the more difficult to defend all receiv-
ers well. If it is raining heavily and the ground is wet, quick direction changes or steep 
acceleration are more difficult and in a two-minute-drill, the offense often prefers passes 
close to the sideline. All of these different factors build on the passes that are thrown to 
be actually caught, and the competition between the receivers to get open against the 
defenders trying to cover them. Understanding when a receiver is open or which areas 
covered better or worse follows the same idea independent on wether it is a short or a 
long pass or if the drive is just starting with 90 yards to go or already in the redzone.

Partitioning the playing area according to which team can reach the different spots on 
the field provides a novel perspective on spatial dynamics that not only allows coaches, 
analysts, scientists, and fans to understand positioning and spacing better when analyz-
ing a single play. At the same time, it enables objective analysis of defensive coverage and 
offensive success of creating open areas for passing. The same concept can be used to 
help coaches easily and transparently identify patterns and tendencies of opponents as 
well as their own teams performance.

The presented discrete set based approach is designed to be adaptable to practitioners 
needs, as it allows to balance efficiency and granularity. Since the grids are consistent 
across plays, this applies both to how quickly and fine-grained a single play can be evalu-
ated. When analyzing multiple plays, the grids can be easily combined for many plays 
with a single aggregation operation.

The area each player can cover is estimated building on previous work modeling 
player movement, either using physics-inspired models [3, 12, 15, 16], or data-driven 
approaches [17, 18]. Either way, the resulting regions need to be aggregated. Since the 
union of several circles or polygons is not necessarily convex and calculating the differ-
ence between non-convex planar sets is complex to solve, we provide an efficient alter-
native by using a discrete grid-based approach that transforms this complex problem 
into simple set operations.

This work is structured as follows: an overview of the literature is given in Sec-
tion "Related work". A description of the proposed methodology is presented in Sec-
tion "Methods", consisting of two parts; first, we describe two alternative approaches 
to estimate the area that players can reach in continuous space. This approach provides 
a novel perspective on large-scale data-driven analysis of passing in American football 
that respects the practical restrictions of the game. The second part details how this 
approach is implemented using either a square grid or a hexagonal grid. Subsequently, 
Section "Computational experiments" describes the evaluation and implementation fol-
lowed by an analysis of the results for the 2018 NFL season in Section "Results". Finally, 
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Section "Conclusion and further work" provides concluding remarks and an overview of 
limitations and possible directions for future work.

Related work
There are several components that form the foundation of this work, starting with the 
concept of spatial control in team sports. Table 1 lists the relevant literature and shows 
that spatial control is a common avenue of research. Voronoi diagrams are a common 
starting point for spatial analysis of team sports, both as a main tool for analysis [19–21] 
and as a building block for a more complex model [3, 15, 22]. The evaluation of space in 
team sports started with [3], who propose a quantitative analysis of teamwork in soccer 
based on enhancing Voronoi diagrams with a physics-inspired motion model. [15] build 
on the concept of dominant regions proposed by [3] with a modified model of motion 
for field hockey. [23] investigate the accuracy of the model proposed by [15] for soccer 
players by comparing the model to the observed trajectories and find that [15] accurately 
predicts the trajectories to end within circular regions.

[16] compare four different physics-inspired player movement models for estimating 
the boundary of the reachable area of soccer players within a set time interval. These 
models, based on physical laws of motion, include constant speed, uniformly accelerated 
motion with bounded and unbounded velocity, as well as a non-uniform model with 
the first segment based on the initial velocity and the based on uniform acceleration. 
They conclude that while circles around the initial positions result in an upper bound of 
reachable areas, the estimate can be improved if the maximum speed of the players and 
initial velocity are considered.

The research of player tracking accelerates with growing technical capabilities, both 
in frequency and variety. As an alternative to physics-inspired modeling, [24] and [17] 
employ a data-driven probabilistic formulation of spatial control and player movement 

Table 1  Overview of approaches in sorted by year of publication
Reference Year Pitch

Control
Pass Player

Traj.
Ball
Traj.

Sport Dataset

[3] 2002 ✓ S Not mentioned

[15] 2005 ✓ FH Multiple scenes

[19] 2016 ✓ BB Not mentioned

[26] 2017 ✓ S 726 matches

[13] 2017 ✓ ✓ ✓ S 38 games

[18] 2018 ✓ ✓ S 20 matches

[28] 2018 ✓ S 82 matches

[17] 2019 ✓ ✓ S 1 match

[27] 2019 ✓ S 18 matches

[25] 2019 ✓ ✓ AF 91 games

[29] 2020 ✓ AF 154,908 frames

[6] 2020 ✓ AF 91 games

[24] 2021 ✓ S 4 matches

[12] 2021 ✓ ✓ ✓ S 45 games

[11] 2021 ✓ ✓ AF 91 games

[16] 2022 ✓ S 3 games

[9] 2022 ✓ ✓ ✓ S 918 games

[20] 2023 ✓ S 2,243 games

[14] 2024 ✓ ✓ S 34,938 shots

This work ✓ ✓ ✓ ✓ AF 253 matches
S: Soccer, FH: Field Hockey, BB: Basketball, AF: American Football
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that grants control to the player with the highest likelihood of arriving at a given point 
on the field first. [20] combine insights from a Voronoi tessellation and manually created 
zones to analyze patterns in pitch control. [25] propose a Deep Learning approach for 
estimating pitch control based on predicted player trajectories in a competition entry to 
the NFL Big Data Bowl 2019.

While other approaches aim to create a binary partition of the pitch, assigning points 
either to one team or the other, [18] use a multivariate Gaussian to quantify occupa-
tion as a value between 0 and 1 instead of a binary assignment to one team or the other. 
Furthermore, [12] extend the binary view by distinguishing between safe and risky con-
trolled areas. They characterize those areas as risky, in which the minimum arrival time 
of the opposing side is close to the minimum arrival time of the controlling team. This 
concept of risky implies the potential of interference by an opponent when receiving a 
pass.

The investigation of passing is another topic of interest in a variety of team sports. 
As Table 1 shows, analysis in passing is done both with and without relying on pitch 
control. [26, 27] and [28] design spatio-temporal features to quantify passing in soccer. 
[9] builds on event data including a model of player movement to analyze passes and 
[12] and [24] connect pitch control and pass evaluation directly by evaluating the passes 
depending on which team controlled the target area of the pass.

While soccer passing analysis can fall back on decades of spatial analysis, the NFL has 
a monopoly on the data and only recently made it available to researchers as part of the 
Big Data Bowl. Consequently, passes in American football are less thoroughly investi-
gated. In general, the player who passes the ball is always the Quarterback (QB). Inves-
tigating QB performance, and therefore passing, can be done in different ways. On one 
hand, [29] evaluate QB decision making including catch probability. On the other hand, 
[11] evaluate QBs based on receiver openness, which they define as a combination of 
pitch control (as proposed by [18]), distance to the sideline and to the closest defender. 
[6] introduce a Bayesian approach to hypothetical completion percentage of passes that 
were never thrown. On the defensive side [30] use tracking data to evaluate defensive 
players, including against passing plays.

It needs to be mentioned, that there are several companies that are providing data 
analysis as a service to teams, either using tracking data or video data. Companies like 
Catapult, Chyronhego, Skill Corner or Kinexon have a variety of products including Soc-
cer and American football. However, it not publicly available, what their products capa-
bilities are and how they compare to the academic state of the art represented in the 
scientific literature.

In summary, there are a variety of approaches analyzing passing and space, both 
individually and in combination. Table 1 provides an overview and shows that most of 
the literature does not focus on American football. This work aims to bridge the gap 
between spatial and passing analysis for other team sports and the specific requirements 
of American football passing.

While many existing approaches model passing safety based on spatial analysis of 
players, we model the interaction of the range of the football with the area the players 
can cover while the ball is in the air. Identification of safe passes provides an avenue for 
advanced analysis of passing in American football that goes beyond available metrics.
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The proposed approach compares two intuitive and transparent approaches to esti-
mate reachability of players and ball. First, a model based on ideal kinematics, which is 
anchored in prior research but due to its simplified nature can overestimate the reach-
able area. Second, a data-driven approach based on historic observations in order to 
capture a more realistic estimate of relative movement.

Methods
The core idea of this work is based on the area each player can cover within a given time 
interval in combination with the distance the ball can be thrown. The reachable area of 
a player can be estimated as a function of the initial position of the player and the length 
of the time interval.

Following the literature of the field, we compare two approaches of estimating the 
reachable regions; the first approach is inspired by the laws of motion while the sec-
ond is a data-driven approach based on the actual trajectories observed from players. In 
both cases the areas are mapped to discrete masks of the playing field with a square grid 
and a hexagon grid, where each cell can either be reachable or not reachable by receiver, 
defender and ball.

Physics inspired region estimation

The area each player p = 1, . . . , P ∈ N can cover can be estimated based on the widely 
known formula of uniformly accelerated motion xt = x0 + v0t + 0.5at2, where x0 
is the initial position, v0 the initial velocity and a the acceleration. The goal is an esti-
mation of reachability and taking initial velocity and direction of motion into account 
leads to a smaller reachable area. We assume that the initial velocity of the players is 
vp

0 = 0, ∀p = 1, . . . , P  and they can accelerate in every direction equally, which overesti-
mates the reachable area, but for the purpose of this approach, overestimation is prefer-
able to underestimation. The area that player p covers is therefore estimated as a circle 
centered at their starting position (xp, yp) with a radius rp depending on their accelera-
tion ap and top speed vp

max as follows:

rp = 1
2

apt̄2 + vp
max(max{0, t − t̄})� (1)

where t̄ denotes the time at which the maximum velocity is reached. We use speed to 
mean the magnitude of the velocity.

Furthermore, the acceleration ap and maximum velocity vp
max are assumed to be con-

stant and identical for all players, i.e., ap = a, vp
max = vmax, ∀p = 1, . . . , P . The values 

for a, v, and vmax are set based on the data as described in Sect. "Experimental setup".
Using constant and identical values provides stable values for all players, even if there 

is not a lot of data available at the cost of slightly overestimating some players athletic 
prowess or their capabilities to accelerate even if already moving at a high speed.

Applying these parameters to an example interval of t = 2.5 seconds, chosen as a 
midpoint of considered interval durations, results in the estimated boundary shown 
in Fig. 1. The figure shows the relative positions from the tracking data of players after 
2.5 seconds of movement as blue points. When not taking initial speed and movement 
direction into account, as overall more than 99.9% of players end within this estimated 
boundary. This is also true for other time intervals. From the second time step on, more 
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than 99.5% of player movement falls within the estimated boundary. After a single time 
step, 1.5% of movements exceed this boundary due to the initial velocity being high. The 
impact of the initial velocity decreases with increased interval length, which is reflected 
in the portion of movement ending outside of the estimated boundary declining strictly 
monotonically (Fig. 2).

This provides an estimated boundary of the area each player can reach within a given 
time interval. The union of all players of one team is the region they can reach as a whole 
within the given time interval and provides a clear understanding of the area that team 
can cover. Figure 3 shows the resulting areas for both teams in the top row.

The same process is applied to the football, with acceleration af  and maximum veloc-
ity vf

max, resulting in the image on the bottom left of Fig. 3. Combining the different 
reachable regions provides a spatial division of the pitch based on which team can reach 
each area within the flight time of the ball. In Fig. 3, red means the offensive team can 
reach that area, green means the defensive area can reach that area, blue means the foot-
ball can be thrown that far. An overlap between green and blue areas (but not red) is 
shown as teal, which is the mix of blue and green, and means that both ball and defense 
can reach that area but not the offense. Similarly, purple is a combination of blue, indi-
cating the ball can reach that area and red, indicating a receiver can reach that area, but 
not green, indicating no defender can reach that area. So purple areas are safe to target.

Fig. 1  Random sample of relative player positions after 2.5 seconds starting from point (0, 0) and disregarding 
initial movement speed and orientation. The circle describes the calculated reachability boundary. The diagram 
shows 1,000,000 randomly drawn observations of player movement from passing plays of 253 NFL games with a 
duration of 2.5 seconds contained in the dataset without further restrictions on players or game state
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This physics-inspired method is based on the assumption that the initial velocity is 
zero and the player can accelerate in all directions equally. This approach provides an 
efficient and transparent way to calculate the area each player can reach. However, as 
[16] already observed, it overestimates the area players actually end up in. In order to 
estimate the minimal reachable regions, a data-driven alternative approach is employed.

Data-driven region estimation

The estimation of areas on the pitch reachable by some players can be based on his-
toric observations of past player trajectories, consisting of player and ball position, speed 
and direction of motion. When directly computing the reachable region as the minimal 
convex area containing all past player trajectories, this results in a tighter boundary and 
therefore in a more precise analysis.

When disregarding initial speed and direction of movement, the physics-inspired 
approach provides a good boundary. In contrast, if those variables are taken into 
account, the resulting areas are no longer circular. Figure 2 shows the starting point and 
previously estimated boundary, but the points are colored according to the initial veloc-
ity and the relative positions are corrected for the initial movement direction. This figure 
suggests that the larger the initial velocity the less appropriate it is to model the reach-
able region of that player as a circle, as larger initial velocities coincide with increasingly 

Fig. 2  Random sample of relative positions after 2.5s, observed of all players, color coded by initial velocity, given 
in yd/s, and corrected for initial direction of movement to align vertically downwards. For reference, the circle 
of the pixel based method is shown in pink. Clearly, the outliers have to be eliminated to get an accurate region
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smaller regions towards the edge of the reachable region, i.e. the previous approach 
overestimates the area this player can cover.

Instead of estimating each region on a physics-inspired model of motion, an alterna-
tive approach is to solely rely on the information provided in the data. The goal is to 
estimate the boundary of the area a player can reach within a time interval. This can be 
estimated by computing the smallest convex polygon containing the set of all vectors 
of relative position after a time interval of the same length. This set can be extracted 
directly from the data and the smallest polygon containing all these vectors is the convex 
hull.

Before computing the convex hulls, the relative positions for each player at each play 
sequence and for all time intervals need to be calculated, where the intervals of interest 
re bounded by the maximum duration in time steps of a pass. Each trajectory is grouped 
by game, player and play, resulting in a single group of data points ggameId,playId,playerId, 
i.e. one group of points corresponds to one trajectory per player and play, can then be 
divided into |g| − t − 1 sub-intervals of length t, with |g| the length of the group, or tra-
jectory. The relative position (xp

r , yp
r ) of a player p starting at the initial position (xp

0, yp
0) 

and being at (xp
t , yp

t ) after t time steps is given by

(
xp

r
yp

r

)
=

(
xp

t
yp

t

)
−

(
xp

0
yp

0

)
� (2)

Fig. 3  Reachable Regions for each team based on circular boundaries of the first passing play of the season. The 
colored areas represent the area that can be reached within the time interval. The first three plots are aggregated 
together to get the bottom right image. The triangle corresponds to the position of the football at the time the 
pass is thrown. The offense is playing right to left
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resulting in a set of vectors (xp
r , yp

r ), ∀p = 1, . . . , P  that contains one vector for each 
unique interval of length t and each player playing at that time.

This set can be further improved by aligning the vectors according to the initial direc-
tion of movement, given by the angle θ ∈ [0◦, 360◦] to the y-axis. The relative posi-
tion after correcting for initial direction of movement (xp

n, yp
n) is obtained by rotating 

(xp
r , yp

r ) by −θ

(
xp

n
yp

n

)
=

(
cos(−θ) − sin(−θ)
sin(−θ) cos(−θ)

)
·
(

xp
r

yp
r

)
� (3)

Subsequently, the resulting points are then grouped according to the initial velocity. This 
is done by discretizing the velocity into equal-width buckets and assigning each point 
to the bucket according to its initial velocity value. As an optional step, it is recom-
mended to eliminate outliers using depth-based outlier detection as described in [31, 
section 8.2.3]. The convex hull of each set of points is then computed. The resulting con-
vex hulls are used to estimate the limit of the relative positions a player can end up after 
a specific time interval, i.e. their reachable region. The estimated hulls computed from 
the points shown in Fig. 2 are visualized in Fig. 4. An overview of this algorithm for data-
driven calculation of the regions is provided in Algorithm 1, given a dataset D of player 
tracking data including sequences of player positions (x,  y), direction of movement θ 
and velocity v and the maximum duration of a pass max_pass_duration. each point is 

Fig. 4  Convex hulls of all positions observed after 2.5s color coded by initial velocity, given in yd/s, and corrected 
for initial direction of movement to align vertically downwards. For reference, the circle of the pixel based method 
is shown in pink
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associated to a game with a gameId, a play with a playId, and player with a playerId. That 
data is divided into groups using an arbitrary groupby function and an algorithm Con-
vexHull is used to compute the convex hull of a set of points, this work uses [32]. The 
Algorithm is presented without elimination of outliers.

Algorithm 1  Data-driven region estimation

These convex hulls are then used as estimates of the reachable region of a player. As 
the hulls are computed with the points that were corrected for the initial movement 
direction, the resulting hulls need to be rotated to align with the actual direction of 
movement of the player in question.

Similar to the circle regions, combining the individual hulls of one team leads to the 
reachable region of the whole team. Figure 5 shows the resulting regions for offense, 
defense, and ball in the top right, top left, and bottom right, respectively. In comparison 
to Fig. 1, it shows a much more jagged outline of the regions, clearly influenced by direc-
tion of movement of the players. Furthermore there is a red area around the 50 yard line 
at the top, where the receiver is open behind the defense. However, in this example play 
the ball cannot reach the receiver in time.

Grid-based mapping of reachable regions

Both the physics-inspired and the data-driven approach require calculating a set of 
reachable regions, either in the form of circles or polygons, for players and ball. These 
regions are then combined by calculating the union for each team and subsequently cal-
culating the overlap between ball and offense and subtracting the defenses area to iden-
tify the safe target regions. Calculating the union, overlap and difference is a complex 
problem in itself. A more efficient approach is to solve the problem in a discretized set-
ting numerically.

Previously we already presented images of the estimated regions, each image can also 
be interpreted as a binary mask. Each pixel indicating whether a pixel-sized portion of 
the field is within the reach of a team or not. An American football field is 120 yards (yd) 
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long and 53.3yd wide, so in an image with a size of 1200 × 533 pixels, one pixel cor-
responds to a square patch of size 0.1yd × 0.1yd. We define oij , dij , bij ∈ {0, 1} as the 
binary variables that represent whether the pixel (i, j) is reachable by an offensive player, 
by a defensive player, and by the ball, respectively. As the safest passes are those, that can 
be caught by a receiver but not by a defender, then we define the safeness pij  of a pixel 
(i, j) as follows:

pij = oij(1 − dij)bij .� (4)

Therefore the safe target areas are those, where the mask is oij = 1 for offensive play-
ers and dij = 0 for defensive players. In addition, the ball needs to be able to reach the 
target as well, i.e., bij = 1. In Fig. 3 the aggregated mask shows the safe regions where 
pij = 1 in purple, since those areas with both red(oij = 1) and blue(bij = 1) but not 
green (dij = 0) result in purple pixels.

The masks for the different regions are computed utilizing drawing functions, which 
is equivalent to analytically calculating the overlapping regions followed by a numerical 
evaluation at the center of each pixel. The image size can be chosen such that one pixel 
is equivalent to a single grid cell of the chosen size. The circle shaped regions can be 
mapped to the grid in this case utilizing a disk-drawing algorithm, like the Bresenham 
midpoint circle algorithm [33]. It follows the idea, that all pixels on a circle are roughly 
the same distance from the center and directly adjacent to two other pixels. Similarly, 

Fig. 5  Reachable Regions for each team based on observation based convex hull boundaries for the first passing 
play of the season. The colored areas represent the area that can be reached within the time interval. The first three 
plots are aggregated together to get the bottom right image. The offense is playing right to left

 



Page 13 of 27Schilling et al. Journal of Big Data           (2026) 13:78 

the convex hulls can be mapped to the grid by drawing a polygon, e.g. using Bresenhams 
line drawing algorithm [34].

Mapping the regions on a mask using disk or polygon drawing is implicitly utilizing a 
square grid, where each pixel corresponds to one grid cell. However, as [35] observed, 
in the context of geoinformation systems hexagonal grids provide superior geometric 
properties when trajectories and shapes with non-straight edges are considered, as they 
are closer to circles and have equidistant neighbors. Therefore, a similar approach based 
on a hexagonal lattice is tested as well.

Compared to the square grid used previously, also referred to as pixel based, this 
approach requires a few modifications. First of all, the coordinates (x, y) have to be trans-
lated to hexagonal grid coordinates (hi, hj), with hi, hj ∈ N representing the hexagon 
with the center point at (hi · 1.5 · l, hi · 0.5

√
3 · l + hj ·

√
3 · l), where ℓ denotes its side 

length. When directly computing this distance on the hexagon grid, i.e. touching hexa-
gons have a distance of 1, hexagons with the same distance from a center point form 
concentric rings of hexagons around that center. Therefore, since we cannot use draw-
ing directly, we instead compute all k concentric rings with distance to the center less or 
equal to k to obtain the reachable grid cells. k depends on the radius r and side length ℓ, 
and is computed as

k =
⌈

r
2ℓ+

√
3ℓ

2

⌉
� (5)

where the ceiling function ⌈·⌉ is used to overestimate the resulting region and the mean 
of the width and height of the hexagon is used as an approximation of the diameter.

Mapping a circle to the grid this way results in a region that is not circular, but a hexa-
gon inscribed in the circle. This approach is easy to compute, as the indices of all hexa-
gons that are part of the region can be directly determined from the index of the center 
hexagon with index (hc

i , hc
j) and the number of rings k. Following the idea that all hexa-

gons indices (hi, hj) must satisfy

hc
i − k ≤ hi ≤ hc

i + k � (6)

max(hc
j − k, hc

j − hi + hc
i − k) ≤ hj ≤ min(hc

j + k, hc
j − hi + hc

i + k) � (7)

where the constraints represent the bounding edges of the hexagon. The intuition is that 
the hexagon is a parallelogram with the two corners furthest from the center trimmed 
away, so that all indices on the boundary are equally far from the center. Figure 6 shows a 
mask calculated following this approach.

In order to map the convex hulls to the hexagon grid, each hexagon center is checked 
whether it is inside the hull or not. Hexagons having center points within the hull are 
considered part of the reachable region while the rest is considered outside. This 
approach allows for the creation of a mask, from which point on the aggregation of the 
different masks and subsequent spatial classification is performed analogous. Figure 9 
shows the results for the four proposed methods for comparison.
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Computational experiments
The described methods are validated on passing data of the 2018 NFL season (see [36]). 
This section starts by describing dataset and evaluation metrics we use. Afterwards we 
describe the results and compare the approaches.

Dataset

This work uses data published by the NFL for the NFL Big Data Bowl 2021 [36], as it is 
publicly available and remains relevant for the purpose of this analysis, since the analy-
sis focuses on player movement. It contains 2D-position, speed and movement direc-
tion every 100 ms for all players (except linemen) and for the football. An overview of 
the 18,309,388 rows of raw tracking data is provided in Table 2. Data cleaning proce-
dures, e.g. removing extreme and unlikely high values for velocity and acceleration, are 
described in Section "Experimental setup".

Additional annotations for game events like the ball snap, a forward pass being thrown 
and the play outcomes are recorded, including the time step at which they occur. The 
tracking data is complemented by further information for games and players as well as 
individual plays that provide further context. Specifically, the data for each play’s result is 
relevant here, as it provides the basis for the analysis.

The dataset contains passing plays of 253 of 256 games of the 2018 NFL regular sea-
son, with on average 76 plays each. In total there are 19,239 plays in the dataset. After 

Table 2  Summary statistics of the raw tracking data of the 2018 NFL season
Variable Mean Median Min Max
x [yd] 59.8 59.8 −3.88 124

y [yd] 26.7 26.7 −9.30 62.7

velocity [ yd
s

] 3.04 2.77 0.00 42.7

acceleration [ yd
s2 ] 1.94 1.73 0.00 70.2

θ [◦] 180 180 0 360

pass duration [s] 13.7 12.0 0.1 4.6

Fig. 6  Combined hexagonal regions with polygon side length ℓ = 1.0yd. Offense is playing right to left, the safe 
target area is shown in purple
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eliminating plays without a forward pass or when no QB is on the field, there remain 
17,643 plays, consisting of 11,208 complete, 6,025 incomplete and 410 intercepted 
passes. The dataset does not contain other types of plays such as running plays.

Evaluation metrics

There is no direct metric that we can use to quantify how well the resulting regions are 
modeled. In this section, we provide a set of passing metrics that allow us to measure 
the quality of the proposed methods. For a pass to be safe, we expect several proper-
ties to be true. Defending players should be unlikely to interfere with the receiver catch-
ing the ball. This suggests that the completion percentage (Eq. (8)) should be higher for 
safe passes than for non-safe passes. Furthermore, this means that the ball is less likely 
to be intercepted. Since no defender is close enough to challenge the catch, they can 
also not immediately tackle the catching player, leading to an increased output of yards 
after catching the ball. Safe passes, due to the lack of bad outcomes and the potential 
for yards after the catch, should result in a higher average Expected Points Added (EPA) 
than unsafe passes.

To evaluate the results of the experiments, we define the following metrics based on 
whether a pass was classified as safe or not safe on the one hand and the result of the 
pass on the other. Possible outcome are complete, incomplete or intercepted. Thus, we 
define C, I, IN  as the sets of complete, incomplete, and intercepted passes, respectively. 
The most obvious metric for evaluating passes is based on the success of the pass.

Completion percentage

The completion percentage is the percentage of passes that are completed of all 
attempted passes. The fraction of completed passes is computed as

Comp = |C|
|C ∪ I ∪ IN | � (8)

where | · | represents the cardinality of the specific set. From this value (always in the 
interval [0, 1]), we define the completion percentage as C% = 100 · Comp. When only 
those passes classified as safe are considered, this is equivalent to the widely used con-
cept of precision

PrecC = |S ∩ C|
|(S ∩ C) ∪ (S ∩ C̄)|

= |S ∩ C|
|S|

� (9)

where S is the set of passes that are classified as safe, S ∩ C is the set of completed passes 
that are classified as safe, S ∩ C̄ is the set of passes that are classified as safe but were not 
completed, i.e., incomplete or intercepted C̄ = I ∪ IN .

Specificity

The other important aspect of a safe target is the possibility of the pass being intercepted 
by a defender. A safe pass is expected to have a much lower chance of being intercepted. 
The metric capturing this, the specificity with respect to the interceptions, is computed 
as
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SpecIN
= |S̄ ∩ IN |

|(S̄ ∩ IN ) ∪ (S ∩ IN )|

= |S̄ ∩ IN |
|IN |

� (10)

where S̄ is the set of passes classified as not safe, S ∩ IN  is the set of safe passes that are 
intercepted and S̄ ∩ IN  is the set of not safe passes that are intercepted. The specificity 
describes the portion out of all interceptions, that happen as the result of an unsafe pass. 
A specificity close to 1 means interceptions occur mostly on passes that are not consid-
ered safe. Since the pass can be tipped or the receiver can make a mistake while catch-
ing, there remains a small chance of an interception occurring even on a safe pass.

Recall

The third metric is the portion of all completed passes that are considered safe. This is 
captured by the recall (or sensitivity) of safe passes.

RecC = |S ∩ C|
|(S ∩ C) ∪ (S̄ ∩ C)|

= |S ∩ C|
|C|

� (11)

Although most safe passes are expected to be completed, not in every play will there be 
a targeted safe receiver. As the proposed approach is designed to identify passes with 
a low chance of failure, the precision is more important than the recall. Therefore the 
results are expected to reflect this with a precision value close to 1.0 and a recall that is 
lower.

EPA

A football-centric approach to comparing the different methods can be achieved using 
an established advanced metric called Expected Points Added (EPA), which has been 
previously used by [10] and [37]. EPA is an approach that estimates the expected points 
of an offensive possession based on distance to the end zone, down, yards to the next first 
down and home-field advantage. For each play the difference in expected points can then 
be calculated, which is the EPA of that play. With the expected points for touchdown set 
at seven, i.e. six points for the touchdown plus one point after touchdown, a drive is 
between −7 points for a defensive touchdown and 7 points for an offensive touchdown. 
Therefore the Expected Points can have a value between −14 and +10, where +10 corre-
sponds to a scoring drive from the own 1 yard line starting at −3 expected points. In this 
data set, the observed values of EPA are between −11.94 and 8.63. EPA lends itself as an 
evaluation metric for the proposed approaches, because it quantifies the outcome of a 
play in terms of scoring points and is readily available as it is part of the dataset.

Yards per attempt

A more direct analysis is based on the yards per attempt of each play to provide an appli-
cation focused interpretation of the distinction between safe and not safe passes. On 
one hand providing a tangible quantification of passes and allowing a comparison of the 
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different approaches on the other. Three different metrics are used in this section: Yards 
per attempt, attempted air yards and completed air yards per attempt.

Yards per attempt (Y/A) is a widely used passing metric calculated as the sum of yards 
divided by the number of passing attempts. This number provides the average gained 
yards of the play including both the pass and the running with the ball after the catch. 
The other two metrics are only taking the passing distance into account, not the gains 
after the catch. Air Yards are calculated as the difference between the yard line where 
the ball was caught and the yard line where the ball was snapped, not the actual euclid-
ean distance between the throwing position of the QB and the catching position of the 
receiver. Attempted air yards (aAY/A) describe the attempted pass distance regardless 
of result, the completed air yards (cAY/A) incorporate whether or not a pass was com-
pleted. Comparing the completed air yards with the total yards per attempt as expressed 
by Y/A provides insight into the potential for yards after the catch, i.e. the amount of 
yards the catching player can gain after catching the ball by running and carrying the 
ball. The yards after the catch reflect the idea that a pass thrown to a receiver that is 
unbothered by a defender can gain more additional yards than a receiver that is closely 
guarded.

Experimental setup

We compare the proposed methods to a pitch control baseline approach, a Voronoi 
diagram, which assigns each spot on the pitch according to which player is closest. 
We choose it as a baseline because it is both the starting point for many pitch control 
approaches and commonly used in the literature for comparison ([17, 20, 24]). The deci-
sion of whether a pass is safe or not is based on the Voronoi diagram calculated at the 
time of the pass. The pass is safe exactly if it ends in a Voronoi region of an offensive 
player.

The first proposed method estimates the reachable area as a circle, where the radius 
depends on the velocities and the acceleration of the player or ball of interest. Since 
the actual highest velocity and acceleration occurring in the data are unrealistic val-
ues, 42.74yd

s  and 70.15yd
s2 , respectively, the maximum speed for the players is set to the 

99.9th percentile of the players accelerating over 1yd
s2  and moving over 1yd

s  respectively, 
resulting in ap = 8.31yd

s2  and vp
max = 9.86yd

s . The speed and acceleration of the football 
is set analogously to af = 22.17yd

s2  and vf
max = 25.91yd

s . It has to be noted that the data-
set uses yards per second as a unit of velocity and yards per second squared in the case 
of acceleration, which has the advantage of being easily mapped to the grid since the 
American football field, and thus the grid, is set in yards as well. With the acceleration 
and maximum speed given, the radius for the interval of interest can be computed and 
the circular area for each player is mapped to the grid, with the center of the circle given 
by the current player position.

The second method is based on the observed player trajectories in the data which 
allows for incorporating the initial velocity and direction of movement. In this approach, 
the initial velocities are grouped in intervals of 2 and the orientation of the movement 
is used as an integer value. The mask is once again mapped directly to the square grid 
using polygon drawing as visualized in Fig. 7, while for the hexagons are considered part 
of the region if their center points are inside the hull. The resulting mask for the first 
pass of the season is shown in Fig. 8.
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Both methods are implemented on two discrete grids, namely, a square grid and a 
hexagonal grid. Each grid is parametrized by ℓ. The highest resolution square grid with 
ℓ = 0.1 consists of A = 0.1yd × 0.1yd = 0.01yd2 squares. Similarly the smallest hexa-
gon grid with ℓ = 0.1 consists of A = 1.5 ×

√
3ℓ2 = 0.026yd2 hexagons. All computa-

tions are run for ℓ ∈ {0.1, 0.2, 0.3, 0.5, 1.0} yards.

Results

The results for the passing plays of the 2018 NFL regular season are described in Table 3. 
The average for all passing plays that have been considered is provided for comparison in 
the first row.

The passes classified as not safe based on the Voronoi diagram have an average com-
pletion percentage of 39%, which is 25% less than the overall average whereas those 

Fig. 8  Mask using convex hulls with ℓ = 10 hexagon grid. The safe target area is shown in purple

 

Fig. 7  Mask using convex hulls with ℓ = 1.0yd square grid with the offense playing right to left. The safe target 
area is shown in purple
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classified as safe are completed at a higher rate 78% of the time. Additionally, the Y/A are 
almost a yard less than the average.

Figure 10 shows the recall and specificity for the different models with ℓ = 0.1yd 
in comparison to the Voronoi based classification. While the recall using Voronoi is 
much higher, the specificity is much lower. With only 0.65, meaning 65% of intercep-
tions occurred on not safe passes, i.e. 35% of interceptions happened on supposedly safe 
passes, the specificity of this method is mostly filtering out bad attempts rather than 
identifying good passes. The method presented in this work are conversely showing a 
high specificity, meaning the passes identified as safe are more unlikely to lead to bad 
outcomes.

The difference between this work and Voronoi based analysis is further supported 
when comparing the values for recall. While 77% of completions are classified as safe 
according to the Voronoi model, our models classify 12%−19% as safe. The reachable 
region estimation expressly identifies areas that are expected to be reached before the 
ball by a receiver but the defenders only arrive after the ball. The Voronoi tessellation 
on the other hand classifies all passes as safe, that are thrown to a location closer to a 
receiver than any defender, even if a defender is very close and can easily reach the target 
location before the ball arrives. This is consistent with 11,086 passes classified as safe 
and 6,557 unsafe according to Voronoi compared to only 1,535 to 2,449 based on reach-
able region estimation.

Looking at the physics-inspired model on the square grid, as shown in Table 3 in the 
first block, the first major difference is that the unsafe passes are close to the overall 

Fig. 9  Comparison of the different region estimation methods with ℓ = 1.0yd. The safe target area is shown in 
purple
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average, i.e. Y/A is within 0.1yd, EPA differs by 0.01 and completion percentage only 
by 3%, suggesting that unsafe passes are the rule. This is consistent with the idea that 
a majority of targets are competently defended and therefore unsafe. Furthermore, safe 
passes being the exception is also reflected in the split of 1,  792 to 1,  797 safe passes 

Table 3  Resulting metrics,ℓ: side length in yard, Y/A: Yards per Attempt, aAY/A: attempted Air Yards 
per Attempt, cAY/A completed Air Yards per Attempt, C%: completion percentage,RecC : Recall 
with respect to completions,SpecIN : Specificity with respect to interceptions, Count: number of 
observations passes
Method ℓ  Safe A/Y aAY/A cAY/A EPA C% SpecIN

RecC Count
All 7.26 10.64 5.02 0.14 64 17643

circle square 0.1 False 7.20 11.39 5.24 0.13 61 1.00 0.14 15846

True 7.77 4.08 3.08 0.19 85 1.00 0.14 1797

0.2 False 7.21 11.40 5.24 0.13 61 1.00 0.14 15847

True 7.68 4.01 3.04 0.19 86 1.00 0.14 1796

0.3 False 7.20 11.38 5.23 0.13 61 1.00 0.14 15847

True 7.78 4.13 3.14 0.19 86 1.00 0.14 1796

0.5 False 7.21 11.38 5.23 0.13 61 1.00 0.14 15855

True 7.67 4.13 3.12 0.18 86 1.00 0.14 1788

1.0 False 7.21 11.38 5.23 0.13 61 1.00 0.14 15851

True 7.67 4.10 3.14 0.17 86 1.00 0.14 1792

circle hex 0.1 False 7.12 11.68 5.26 0.12 59 0.995 0.19 15194

True 8.14 4.22 3.54 0.25 89 0.995 0.19 2449

0.2 False 7.11 11.65 5.25 0.12 60 0.998 0.19 15281

True 8.22 4.14 3.51 0.25 89 0.998 0.19 2362

0.3 False 7.12 11.59 5.24 0.12 60 0.998 0.18 15370

True 8.23 4.25 3.51 0.25 89 0.998 0.18 2273

0.5 False 7.13 11.49 5.22 0.12 60 0.998 0.16 15567

True 8.22 4.28 3.47 0.24 88 0.998 0.16 2076

1.0 False 7.16 11.23 5.15 0.13 61 0.995 0.12 16108

True 8.32 4.51 3.59 0.21 87 0.995 0.12 1535

hull square 0.1 False 7.03 11.16 5.07 0.11 61 0.998 0.15 15625

True 9.05 6.62 4.63 0.36 82 0.998 0.15 2018

0.2 False 7.03 11.17 5.07 0.11 61 0.998 0.15 15617

True 9.04 6.62 4.64 0.36 82 0.998 0.15 2026

0.3 False 7.03 11.17 5.07 0.11 61 0.998 0.15 15620

True 9.04 6.58 4.61 0.36 82 0.998 0.15 2023

0.5 False 7.03 11.17 5.07 0.11 61 0.998 0.15 15605

True 9.01 6.64 4.59 0.36 82 0.998 0.15 2038

1.0 False 7.03 11.19 5.08 0.11 61 0.998 0.15 15565

True 9.02 6.58 4.57 0.36 82 0.998 0.15 2078

hull hex 0.1 False 7.03 11.17 5.07 0.11 61 0.998 0.15 15623

True 9.05 6.62 4.61 0.36 81 0.998 0.15 2020

0.2 False 7.02 11.16 5.06 0.11 61 0.998 0.15 15617

True 9.12 6.65 4.68 0.36 82 0.998 0.15 2026

0.3 False 7.02 11.16 5.06 0.11 61 0.998 0.15 15614

True 9.13 6.67 4.70 0.37 82 0.998 0.15 2029

0.5 False 7.02 11.16 5.06 0.11 61 0.998 0.15 15638

True 9.09 6.62 4.64 0.36 82 0.998 0.15 2005

1.0 False 6.99 11.16 5.06 0.10 61 0.998 0.15 15564

True 9.29 6.77 4.71 0.38 82 0.998 0.15 2079

hull False 7.03 11.16 5.07 0.11 61 0.998 0.15 15623

True 9.03 6.69 4.62 0.35 81 0.998 0.15 2020

Voronoi False 6.32 16.23 5.05 −0.00 39 0.65 0.77 6557

True 7.81 7.34 5.00 0.22 78 0.65 0.77 11086
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out of 17, 643 total passes. Compared to overall average, the Y/A, EPA and completion 
percentage of safe passes are higher, by 0.5yd, 0.05 points and 21% respectively, mark-
ing them the better option when available. This is further supported by the Specificity, 
which is 1.00 so all interceptions occur on unsafe passes.

Another observation can be made regarding air yards. Figure 11 contrasts safe and 
not safe passes for different methods. The attempted safe passes are thrown for an 
average gain of 4.01 to 4.13 yards, that is much shorter than both the overall average 
pass, 10.64yd, and the unsafe passes of even longer 11.40yd. When taking completion 
into account, the average distance gained by a pass is only 0.96–1.0 yards less than the 
attempted distance, while it is 6.15 to 6.16 yards less for unsafe passes. Furthermore, the 
average of gained yards per attempt is 0.56 to 0.58 more for safe passes than for unsafe 
passes, suggesting a bigger opportunity for additional yards after the catch if the pass is 
considered safe. This is consistent with the concept of no defender being near the point 
of the catch, and therefore also not being able to quickly tackle the receiver to end the 
play. In total the safe passes are more productive on average while at the same time being 
rarer.

There are several key differences comparing square and hexagonal grids for the physics 
inspired approach. The difference between safe and unsafe passes is larger when using 
the hexagonal grid. In the case of circles mapped to the square grid, safe passes result on 
average 0.56yd − 0.58yd more per attempt while for the k-rings on the hexagonal grid 
the safe passes result in 1.02 − 1.16 higher Y/A.

The latter also identifies more passes as safe, up to 2, 449 or 652, which at the same 
time are also completed at a higher percentage of 652 more, and the 0.89%, and 0.85% 
should be 89% and 85% respectively. This is also reflected in the recall, with the square 
grid consistently showing a recall of 0.14, while the hexagon grid starts with higher recall 
of 0.19. Especially at finer resolutions, the EPA difference as well as the completion 

Fig. 10  Recall and specificity for different region estimation methods with ℓ = 0.1yd and Voronoi
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percentage and Y/A show a higher average gain by passes classified as safe with the 
based on the hexagon grid rather than the square grid. This is true for both safe and 
unsafe passes, suggesting that the implementation of hexagon rings rather than map-
ping the circle directly to hexagons influences the results. As the latter are smaller at the 
edges of the region, this indicates that the full circle is more likely to overestimate the 
area each player can cover.

On the other hand, the circles mapped to the square grid provides consistent perfor-
mance for different grid resolutions while using k-rings on the hexagonal grid results in 
fewer passes being identified as safe as the cells become larger. This is reflected in the 
recall dropping from 0.19 at ℓ = 0.1 to 0.12 at ℓ = 1.0 and the number of passes clas-
sified as safe decreasing from 2, 449 to 1, 535. This suggests that when mapping a con-
tinuous shape to a discrete grid, the discretization error has little effect on the results. 
However, when calculating the region directly using the hexagonal grid distances, the 
difference in cell size is important. This is corroborated when comparing the square and 
hexagonal grids to discretize the hulls in the data-driven approach. When comparing the 
square and hexagonal grid version of the data-driven approach, they are almost identical 
for ℓ < 0.5yd and differ only slightly for larger grid cells. Safe passes using hexagon cells 
are slightly more productive, resulting on average in 0.27 additional yards and 0.02 more 
points with ℓ = 1.0yd.

Fig. 11  Comparison of pass outcomes for the different region estimation methods with ℓ = 0.1yd and Voronoi
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The differences between safe and unsafe passes are more pronounced, when hull-
based regions are used for classification compared to the physics inspired models. Safe 
passes provide an average gain of 2 yards more than non-safe passes and EPA of around 
0.25 more compared to up to 1.1 yards and 0.13 EPA for the hexagon k-rings. Both the 
model with the highest EPA and Y/A are based on hulls. Both the attempted and com-
pleted air yards are also higher, 6.62 − 6.77 aAY/A and 4.61 − 4.71 cAY/A compared to 
4.01 − 4.51 aAY/A and 3.04 − 3.59 cAY/A. At the same time, the completion percentage 
is 3%−8% lower while the specificity remains at near perfect 0.998. This suggests that 
considering the initial movement direction and velocity allows to better identify longer 
passes as safe.

Compared to Voronoi and circle-based region estimation, using the hulls as a basis 
for estimating the boundaries of the reachable regions for players and ball provides bet-
ter results in terms of difference between the safe and unsafe passes overall, which is 
expected based on the fact that the hull is calculated including initial velocity and direc-
tion of movement. An exception is the completion percentage, where the circle com-
puted on the hexagon grid provides the highest completion percentage and the lowest 
portion of open cells in the unsafe case.

Overall, the methods presented here identify passes as safe that are highly unlikely to 
lead to interceptions. Additionally, while the throwing distance tends to be below aver-
age, the passes result in above average yardage gains because safety in this context means 
that there is no defender close by and therefore the potential to gain more yards after the 
catch is higher.

Conclusion and further work
The study at hand shows that the combination of reachable regions of players in com-
bination with passing range provides an informative and novel perspective leading to 
a better understanding of the interaction between defensive backs, receivers, and the 
football in passing plays. It allows to clearly identify the areas on the field that can be 
safely targeted by a pass. Those passes thrown to a safe target area are more productive 
and at the same time very unlikely to result in an interception. The presented method 
allows teams, fans, academics, and analysts to improve their understanding of spatial 
dynamics between receivers, defensive coverage and the ball by moving from individual 
player paths to interacting areas. While player behavior and tactical approaches change 
depending on the game context, the safe target areas as identified in this work remain 
the same across situations: An area is safe to target with a pass if there is a receiver able 
to arrive in time to catch the football, but defenders are out of range.

We compare a physics-inspired model based on simplified kinematics with a data-
driven approach leveraging the amount of data collected over a whole NFL season. 
The former is to provide good results, especially in terms of recognizing passes that 
are more likely to be completed and very unlikely to be intercepted. The latter, data-
driven, approach is superior at identifying a wider variety of passes as safe, which is 
expected due to the estimated reachable regions closer aligned with the observed player 
trajectories.

While the proposed methodology is well suited to understand which parts of the pitch 
are safe to target with a pass, these safe passes are not necessarily the best options avail-
able to the quarterback. Often times, a safe option is a quick checkdown to a Tight End 
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or Running Back. However, while that pass might be the safe option, it can be a better 
alternative to target a receiver further down the line that is open enough to justify the 
extra risk. Especially given game context, e.g. if time is tight or the play is a third down, 
a pass might not always be the best available pass just because it is safe. In further work, 
incorporating additional context such as down and distance or other game context can 
provide a path to understand and analyze QB decision-making better. Additionally, a 
more detailed kinematic model [16, 23, 38] can narrow down the reachable regions even 
more and give a more precise estimation and understanding.

There is a variety of work using sports tracking data to understand reachable areas 
based on player movement observations [3, 15–17, 23, 38], the concept of pitch con-
trol [3, 12, 15, 18, 19, 21, 22, 25] and passing analysis in American football [6, 7, 29, 39] 
and other sports, e.g. [8, 9, 13, 26–28]. However, using the travel time of the football to 
understand how far players can travel in the same time interval provides a novel per-
spective on spatial dynamics and passing. Taking into account the throwing range of the 
ball is especially relevant in American football, since the ball cannot touch the ground, 
or the pass will be ruled incomplete. This allows us to clearly identify the areas where a 
pass is possible and, more importantly, highly unlikely to be intercepted, adding to the 
existing passing analysis focused on completion [6], targeted player [40], or pass interfer-
ence fouls [7].

The approach of reachable regions results in a binary view of whether a defender can 
interfere with a receiver catching the ball or whether a receiver can even reach the ball to 
catch it. This does not allow any reasoning about the quality of the pass or whether it was 
the best available option. Especially at the edges of the reachable regions, a probabilistic 
model of player movement as proposed by [18] or [17] might allow for a more nuanced 
analysis. Similar to the data-driven approach, for each player a two-dimensional discrete 
distribution can be estimated, which then allows for how likely a player will end up at a 
given grid cell. Those can then be aggregated following the same logic as presented in 
this work to create a continuous rather than a binary concept of safety.

Alternatively, the approach of [12], which uses the difference between the time of 
arrival of teammates and opponents to analyze passing in soccer, can also provide more 
information. They conclude that the pass is more likely to succeed if the difference in 
arrival times between teammate and opponent increases. They do, however, not con-
sider time of arrival of the ball in their analysis. This can extend our analysis by quan-
tifying how safe a target area is rather than deciding whether it is safe or not, e.g. by 
computing a value between zero and one instead of a binary classification of safety. 
A continuous quantification of safety can open new directions of research such as 
risk-reward-tradeoffs.

In order to focus on the concept of safe regions, we only consider the interval between 
the passing of the ball and when the outcome of the pass is decided. This approach con-
strains the analysis to one interval per play and does not allow recognition of missed 
passing opportunities or passes that are significantly longer or shorter in terms of time 
needed to reach the target. Therefore, another interesting avenue for research is an anal-
ysis of a whole play continuously. This requires a more complex approach to efficiently 
identify and update reachable regions but could provide valuable insights into defensive 
coverage or offensive structure.
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While the presented methods are efficient enough to be executed in real time, contin-
uous analysis of complete plays can lend itself well for a real-time decision-support tool 
in game contexts, adding a layer of understanding the current game, to coaches and ana-
lysts, can provide all the edge needed in close contests and can provide insights not only 
into actually thrown passes but also missed opportunities. In order to facilitate a con-
tinuous and real-time application, the next step would be investigating how much inter-
mediate results can be saved and reused and how to compute the difference between two 
subsequent time steps instead of individually computing one time step after the other.

Given a continuous analysis, the results can be provided to the coaching staff using 
a dashboard around a 2D-Player visualizing player movement and game context, such 
as down and distance, score, lineups in combination with the results of the analysis for 
individual plays. Another interesting avenue is aggregating different plays within a game, 
e.g. in the form of a heatmap, to better understand patterns in the coverage or receiver 
movements by aligning the different plays using the line of scrimmage or the first down 
line. However, as different plays can vary a lot, depending on personnel and game situa-
tion, this probably needs to be combined with a filtering mechanism such as formations, 
personnel on the field, play type or outcome, and field position. A dashboard can also 
be used to extend the analysis with other metrics, such as individual player metrics like 
Quarterback Rating, or other team or play focused metrics like win probability added 
(WPA) or expected completion percentage to quantify the performance of teams, line-
ups, or players, and achieve more well rounded and comprehensive understanding of the 
game or situation at hand.

The competitions hosted by the NFL that provide the data for this work are designed 
with specific questions in mind. Although public availability is helpful for scientific 
progress, the published data set is limited. In the data for this work, only games of a 
single season are taken into account, the tracking data at 10 Hz is only available for a 
subset of players, and no external factors such as weather are taken into account. The 
high speeds lead to imprecise measurement for players and the ball, especially if they are 
moving fast, and for some aspects, such as when a pass has arrived, the annotations can 
be imprecise and may not be available in a real time decision support setting.

Extending the dataset can help to make the results more robust, especially with 
respect to rare situations or conditions. Adding missing players provides more context 
for understanding the passer. More importantly, adding data of more seasons allows 
provides more robust insights, and allows for a better estimate for the data-driven 
approaches. Lastly, a higher resolution of tracking, e.g. 30 Hz instead of 10 Hz could 
alleviate imprecision in measurements caused by high speeds as well as interactions 
between players and other players or the ball. Overall, a more complete and larger data-
set could provide a more robust and more well rounded analysis, which is likely to be 
beneficial in game as complex as American football.

We propose a methodology for computing safe passing target regions and evaluating 
them by contrasting passes between safe and unsafe regions. The same regions can also 
be used for a variety of other analysis. On the one hand, the same analysis can be used 
to evaluate the passing behavior of teams or individual quarterbacks based on their ten-
dency to play safe or unsafe passes. However, spatial analysis can also be used to ana-
lyze the capabilities of offensive lineups to generate safe target areas following the idea 
that the amount of open space is indicative of a good offensive scheme. Following the 
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same logic, our methodology can be used to quantify defensive performance, as a good 
defense prevents the development of safe target areas.
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