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Abstract. We propose automated sport game models as a novel technical means for the analysis of
team sport games. The basic idea is that automated sport game models are based on a conceptualization
of key notions in such games and probabilistically derived from a set of previous games. In contrast to
existing approaches, automated sport game models provide an analysis that is sensitive to their context
and go beyond simple statistical aggregations allowing objective, transparent and meaningful concept
definitions. Based on automatically gathered spatio-temporal data by a computer vision system, a model
hierarchy is built bottom up, where context-sensitive concepts are instantiated by the application of
machine learning techniques.

We describe the current state of implementation of the ASPOGAMO system including its computer vision
subsystem that realizes the idea of automated sport game models. Their usage is exemplified with an
analysis of the final of the soccer World Cup 2006.
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1 Introduction

Providing effective support for the interpretation and analysis of sport games requires the
systematic and comprehensive observation of games and the abstraction of the observed
behavior into informative models. Such models, usually created mentally by coaches and
scouts, enable to infer the strengths and weaknesses of individual players and teams as
well as of strategic planning and tactical decision making. Due to the human way they are
subjective and limited to only small subsets of aspects at one time.

In the ASPOGAMO project, we investigate a new generation of sport game models that

— are based on players’ positions, motion trajectories, and ball actions as their primitive
building blocks;

— represent the interaction between ball actions, game situations, and the effects of ball
actions and thereby allow for more comprehensive assessment of the games;

— use concepts such as scoring opportunity, being under pressure, and passing oppor-
tunities, classifying situations and interpreting the game events. These concepts are
defined transparently and therefore constitute objective criteria for classification and
assessment.

— can be acquired automatically by a camera-based observation system.



The benefit of this system is its possibility to model even cognitive abstractions based
on an automatically gathered position data pool. The generated concepts are reproducible
and revisable and hence objective. If highlevel definitions are modified or added, the
change is transparently distributed to all other concepts. Although the system will never
come close to human cognitive abilities, which are based on a much wider data base, au-
tomated models can help and accelerate human analysis of complex activities in sports
games. They create new opportunities in sport science to get insights into the process
instead of comparing the final results only after the end of the game.

In computer vision, video indexing and the extraction of statistics in major sports
games have received a great deal of attention due to their controlled setting, e.g. a soccer
field or tennis court with well separable actors and predefined rules for actions. Surveys of
computer aided sport analysis are given in (Wang & Parameswaran, 2004b; Yu & Farin,
2005; Setterwall, 2003). The field can roughly be split into indexing and tracking methods.
The first divide a predominantly broadcasted video into several labeled parts, while the
latter estimate trajectories of moving objects like players or their equipment in recorded
images.

In broadcasted material, the shots themself provide information about the content.
Multiple cameras are usually employed to generate different game perspectives and view
types such as player close-up, panoramic view or slow-motion replay. Broadcasters adhere
to well established video production rules to select video feed for view consistency, mak-
ing it easy for viewers to follow the game. For example, the sequence of views that tracks
a game-service point in tennis usually begins with a close-up of the player preparing to
serve, followed by a change to the panoramic court-view after the ball is served, until the
break, when view changes to a close-up of the player, who won the point. A close rela-
tionship is maintained between the temporal view changes and the semantic game events.
Syntactic structures of the game can therefore be reverse-engineered by recognizing these
view type changes. Audio cues may also be used; since the crowd is usually quiet during
play, the detectable sounds are ball hits, followed by loud eruption of cheers and applause
when point is won. Similar structures can be observed in most major sports videos. Much
research has been done exploiting these domain constraints by visual information (Ekin
et al., 2003), audio clues (Rui et al., 2000; Lao et al., 2006a) and the multimodal inte-
gration of video, audio and chroma keying (Babaguchi et al., 2002; Han et al., 2002).
Applications have been found almost in all major sports as tennis (Pingali et al., 1998),
baseball (Rui et al., 2000; Han et al., 2002), basketball (Zhou et al., 2000), soccer (Ekin
et al., 2003; Assfalg et al., 2002) and American football (Babaguchi et al., 2002; Li &
Sezan, 2001).

On the other side, tracking methods focus on extracting the positions of the players
and the ball or puck in ball games. Different segmentation and motion tracking techniques
have been used including color based methods (Xu et al., 2004; Pingali et al., 1998; Duan
et al., 2003; Liang et al., 2005), feature extraction (Jin, 1994; D’Orazio et al., 2002) and
additional postprocessing (Yu et al., 2003) for single camera settings as well as some
integrating information captured by multiple cameras (Pingali et al., 2000).



While most of them deliver raw trajectory data or simple statistics, Sudhir et al. (Sud-
hir et al., 1998) not only track tennis players while estimating the camera pose, but also
map the spatial data to limited higher level classifications of the scene such as Baseline-
Rallies, Passing-Shot, Serve-And-Volley and Net-Game using a lookup table. Similar
work was done by Lao et al. (Lao et al., 2006b) integrating also audio cues. Wang and
Parameswaran (Wang & Parameswaran, 2004a) classify tennis ball trajectories extracted
from videos of calibrated cameras to 58 tactic patterns defined by sport experts using
Bayesian inference.

Most of the methods so far reveal semantics in broadcasted material that has been
already encoded by humans, or provide only low-level statistical informations based on
trajectories as e.g. the covered distance containing far less semantics. Few enrich videos
with semantics that are interesting for sport scientists and trainers beside limited classi-
fications. The ASPOGAMO system tries to automatically gather a spatio-temporal infor-
mation basis and build a rich context-dependent domain knowledge upon it. Transparent
definitions can be stated in an objective way allowing the applicability to unseen games,
their usage for indexing and may also reveal unknown insights into the structure of team
sport games.

We describe the framework instantiated for the soccer domain by giving an overview
of the complete system in the first section. It is splitted functionally into two main compo-
nents: Section 3 details the automated observation system that extracts the position data
of all soccer players and ball trajectories from multiple pan-tilt-zoom cameras. The auto-
mated models, built on these data, and the generation of high-level analysis are explained
and exemplified for the final game of the Football World Cup in 2006 in Section 4. Finally,
we draw our conclusions and give future prospects.

2 System Overview

The ASPOGAMO system extracts meaningful sports game models from video footage pre-
senting an interface for analysis. An overview of the pipeline with the two main compo-
nents of the ASPOGAMO system, the observation system and the automated hierarchical
model is depicted in fig. 1.

Image sequences captured by one or more pan-tilt-zoom cameras — possibly including
also broadcasted material — form the input of the system. The observation system bundles
state-of-the-art computer vision techniques to estimate camera perspectives as well as
to segment and to track all soccer players and the ball in real-time exploiting domain
knowledge to make the problem tractable. For example, the segmentation relies heavily
on characteristics of the inspected domain as e.g. the appearance of the playing field and
is implemented for soccer only, so far. The automatically gathered and possibly revised
trajectories are fed by the observation system to the knowledge base. They build the base
of all models assuming that this information is sufficient to completely describe a game.
The knowledge base is organized as an ontology and provides hierarchical models of



games. Contextual concept definitions are grounded transparently in the data by datamin-
ing techniques supposing valid declarations and adequate data. The model framework is
not specific for soccer but can incorporate other sports games as well, given an adjusted
conceptualization. Users of the ASPOGAMO system, which are sport scientists, the media
and the viewers, can query the knowledge base in terms of the model and receive an-
swers visualized in appropriate ways. Visualizations can be abstract images or videos but
also augmented video parts of the original material. All the data needed for augmentation
has been already gathered by the observation system. The automated sports game models
provide in conjunction with their groundings a rich source of analysis.
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Fig. 1. Overview of the ASPOGAMO system.

3 Observation System

The observation system extracts player and ball motion data from video footage (Beetz
et al., 2007; Gedikli et al., 2007; Beetz et al., 2006). For the acquisition of trajectories it is
necessary to solve a complex probabilistic estimation problem consisting of subproblems
interacting in subtle ways. One of these problems is the estimation of the camera parame-
ters, such as the position of the camera related to the field as well as its pointing direction
and zoom factor. Also, the detection of players in the video frames and of team affiliations
need to be considered. Finally, the tracking of all players disambiguating them through
occlusions needs to be solved by fusing the position estimates from different cameras and
integration over time. To deal with all these problems, the observation system consists
of two basic components, named the Vision module and the State Estimation module, as
shown in Figure 2. The Vision module is in charge of the image processing and computer
vision tasks, while the State Estimation module is used to estimate camera parameters and
the position of each player.



Based on this functional description, the path followed by the data flow is as follows:
The Vision module using the Correspondence Finder and Player Detection submodules,
performs the estimation of the camera parameters, and, at the same time, the localiza-
tion of the players for every image in the video stream. The Correspondence Finder uses
the predicted camera parameters and player localizations to find line correspondences be-
tween the current and previous video frames, avoiding the unwanted effects of possible
occlusions. These line correspondences are sent to the Camera Parameter Estimation,
where a prediction of the camera parameters for the next frame is made. The Player De-
tection combines the predicted camera parameters, the player hypotheses, the results of
a local spatial variance filter and a color template matching to deliver the player position
measurements to the Player Position Estimation. The player positions and their uncertain-
ties are projected to world coordinates. This information is used by the Multiple Target
Tracking module to combine and associate the individual positions over time to consistent
team configurations, and to predict a set of hypotheses required in the next frame.

The dashed box in fig. 2 indicates the parts of the observation system that are cloned
for each camera.
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Fig. 2. The observation system of ASPOGAMO.

3.1 Camera Parameter Estimation

The only sensors used by the ASPOGAMO system are rotating and zooming cameras. Since
all measurements are done in the images taken by these cameras, the mapping character-
istics of these cameras are required to transform measurements from image coordinates
into measurements in real world coordinates. This mapping is mathematically described
by the pinhole camera model with one radial distortion coefficient. This model has twelve
free parameters, which have to be estimated by the Camera Parameter Estimation mod-
ule.



Estimating all parameters for every frame is unreliable, inefficient and unnecessary,
as most of these parameters stay constant during the whole game. Since the cameras are
usually mounted on tripods around the field, they are fixed in their position, changing
only their orientation and zoom factor to track the game. Considering these kind of cam-
era configurations and making some reasonable assumptions, the camera parameters are
split into two sets: the constant parameters, which stay constant during the whole game,
e.g. the position of the camera, and the dynamic parameters, which have to be estimated
successively for each frame (tilt v, pan v and focal length f). This allows ASPOGAMO
to estimate the constant parameters accurately from multiple views beforehand, while in-
creasing the efficiency and robustness of the estimation of the dynamic parameters during
the game.

Continuous Camera Calibration ASPOGAMO uses model-based localization for its esti-
mation of the dynamic parameters, where the model describes the appearance and geom-
etry of real world features on the field. The basic idea is to determine the parameters of
the camera model that lead to the best fit between the image and the projected field model
(see Figure 3). The quality of an estimate is determined from correspondences between

Fig. 3. Model based estimation of dynamic camera parameters.

model points and image points.

First, predicted camera parameters are used to project the field model onto the im-
age (Figure 4 left). Then, correspondences between image points and model points are
searched perpendicular to the corresponding model line (Figure 4 right). Finally, the op-
timal parameters are determined by minimizing the distances between model points and
corresponding image points.



Fig. 4. Projected fieldmodel using predicted parameters (left), finding correspondences along the search lines (right).

Since the estimation is done successively for each frame, it can be described as a track-
ing problem and is solved using the Iterated Extended Kalman Filter IEKF) (Bar-Shalom
& Fortmann, 1988). IEKF provides also the uncertainty of the estimated parameters as a
covariance matrix, which is used to determine the search window for the next time step
as well as to determine the uncertainties for the player positions.

Advanced image processing and probabilistic estimation techniques enable ASPOGA-
MO to reliably track the camera parameters even when confronted with inhomogeneous
lighting conditions, image compression artefacts, fast camera motion, missing line fea-
tures and noisy and sometimes wrong observations. These techniques are briefly described
below.

To deal with blurry lines and edges, ASPOGAMO uses probabilistic color classes and
characterizes lines as well as edges by color transitions. Image points corresponding to
given model points are found by searching the color distribution along the search line
that best fits the expected color transition. Additionally, the variances of the respective
correspondences are heuristically estimated from the match.

Most outliers (wrong measurements) are caused by occlusions of field lines by play-
ers. Therefore, all correspondences lying within player regions are removed in a first step
(See Figure 4 right).

Furthermore, ASPOGAMO uses a robust optimization method to suppress the impact
of the remaining outliers to the final estimation. This is done by integrating the robust
M-Estimator (Huber, 1981) into the MAP estimation of the Kalman Filter.

To obtain reliable estimates for sequences without sufficient field lines, ASPOGAMO
uses the optical flow information between subsequent images to predict the camera pa-
rameters in the time update stage of the Kalman Filter. In a first step, the relative change
in the parameters are obtained in a closed form solution from the homography, which it-
self is robustly determined by RANSAC (Fischler & Bolles, 1981), between both images.
Then, this solution is used as an initial point for a non linear least squares estimation,
where again the M-Estimators are used to suppress outliers in the measurements.

A monitoring process, using several low level features which complement each other,
is used to detect when the estimation fails. In such a case, the estimation process is auto-



matically reinitialized using detected field lines in the image. This however is only possi-
ble for images with a sufficient number of visible field lines (e.g. goal area).

3.2 Player Detection and Localization

In order to estimate the real player positions, the positions of the players in image coor-
dinates are required along with the camera parameters. Every image in the sequence is
processed in three steps: segmentation of regions, which possibly contain players, called
blobs, the player localization inside these blobs and the mapping of the player positions
in the image to real world coordinates on the field.

The blob segmentation exploits the homogeneity of the green grass field. The spatial
variance of the intensity image is thresholded and the regions showing a high variance
are assumed to contain the searched players. The threshold to classify the variance image
into player blobs and field regions is selected adaptively based on a Maximum Likelihood
approach.

Fig. 5. Hard scenes for the player segmentation: bad resolution due to the small player sizes and player occlusions (left),
illumination changes due to strong shadows (middle), washed-out of the pixels due to camera motion blur (right).

The next step is to robustly locate the players inside the blobs. A color template match-
ing procedure is applied, where color templates are generated for every different player
type. The color template is formed by three sections, where the upper section represents
the shirt, the middle the shorts and the bottom the socks of the player. Every section of
the template is associated to one or more color classes, which are modeled as Gaussian
distributions in the color space. To generate these color classes, some regions containing
the most representative colors are selected beforehand from the input video. The sys-
tem can also handle cases where one team is completely dressed in a uniform color or
both teams share some colors between them. If occlusions between players appear, the
template matching is supported by the application of geometrical constraints. This geo-
metrical constraints incorporate the expected player size and their shape.



Finally, the image positions of the players are projected to the field using the already
estimated camera parameters. Additionally, the covariance matrix for each player position
is propagated from the covariance matrices of the camera parameters and the template
matching.

The player recognition is a very challenging task that is effectively tackled by the
ASPOGAMO system. Our robust and accurate segmentation of the players accomplishes
also small size of the players due to low image resolution, inherent player occlusions,
overlapping color classes and blurry images caused by fast camera motion. To get a
glimpse of the variety, some of the mentioned challenges are depicted in Figure 5.

3.3 Player Tracking

The detection of players is performed locally in every frame for each camera. The task of
the Tracker module is to form consistent trajectories for all visible players independent
from the current view. As there is only one real player configuration at a time, the infor-
mations gathered in each single camera view have to be fused. In addition, an integration
over time contributes to consistency and therefore results in a better approximation.

We use a Rao-Blackwellized Resampling particle filter (RBRPF) for multiple target
tracking of each single player identity (von Hoyningen-Huene & Beetz, 2009). This parti-
cle filter can handle similar appearances of players of the same team, frequent occlusions
and false alarms by focusing on the data association problem of multiple target tracking.
The RBRPF approximates the posterior over all complete player configurations. Single
positions are represented as Gaussians forming a multi-modal posterior to take the un-
certainty in the data association of players and detected measurements into account. New
states are sampled with an importance density over the possible data associations and
an analytical solution to find the optimal Gaussian for the given association and predicted
state. Kalman filters deliver theoretically optimal sample distributions and its use refers to
the Rao-Blackwellization of the filter. The sampling is based on the approach by (Sarkka
et al., 2004; Sarkka et al., 2007), which presupposes either the independence of associa-
tions or the knowledge and fast computability of the dependency to make the computation
of association probabilities tractable. We relax this assumption by sorting the associations
of measurements of a sweep randomly. Only few associations are highly probable for
each predicted state and, therefore, the algorithm can make use of memoization to in-
crease performance. A constant velocity model approximates the dynamics of the athletes
for prediction; the team affiliation is represented as a simple appearance model, which in-
fluences the sampling of associations. We assume clutter or false alarms to be distributed
uniformly over the measurement area. Sampled states are weighted according to their fit
to the measurements and dynamics and the posterior probability of their state of the for-
mer time step. Resampling replicates particles with a high probability by sampling more
associations for them. The discreteness of associations allows the subsumption of equal
states, reduces the computation time for unambiguous player configurations and offers
real-time performance in the first place.



The fusion of measurements of different camera perspectives reduces the probabil-
ity of occlusions and increases the accuracy of the tracking result. It is done by incor-
porating every measurement sweep sequentially, which is computationally equal to the
parallel case. The player detections of each camera produced asynchronously by several
independent modules are synchronized to feed the Tracker with the correct sequence of
measurement sweeps.

3.4 Ball Tracking

In any ball game like soccer, the ball is invariably the focus of attention. Images showing
the ball paths have become indispensable for analyzing scenes since they tell about the
tactical situation on the field. In ASPOGAMO the tracking of the ball is implemented in
every frame for each camera following the particle filter framework (Arulampalam et al.,
2002). Particles stand for hypothetical ball states including position, velocity and accel-
eration in real world coordinates. Every frame, their current state is updated according
to the ball dynamics supposing a constant acceleration motion model. New particles are
resampled according to their weights of the previous step. Using the known camera pa-
rameters, their position can be projected into each monocular camera image. Summation
of color template matching in the original image and shape constraints in the variance
image determine the new weight of the sampled particle. Since the ball is small in size
and always moving, there always exist a motion blur in the color image while detecting
the ball. To avoid this problem, the spatial variance of the intensity image is examined. If
the ball is occluded by a player, its weight is set to a threshold value that is lower than the
usual one exhibited by color and shape template matching. Of course, two cameras are
needed at minimum to determine the 3D trajectory of the ball.

4 Model for Football Games

The outcome of the observation system is a set of ball and player trajectories, which has
limited ability for direct inspection because already for a short time period the data set
gets too complex to be displayed in a single picture (see Figure 6). Therefore, the raw data
have to be reduced or abstracted according to the analysis tasks. A model denotes such a
set of abstractions and transformations of data.

4.1 The Model Hierarchy

We use a hierarchical structure for our model (Beetz et al., 2004c; Beetz et al., 2004b;
Beetz et al., 2004a; Beetz et al., 2005) (see Figure 7) allowing for a bottom up develop-
ment of model levels. Each level builds concepts upon lower level concepts providing a
big range of different model abstraction levels.

The most basic layer of the model, the motion model (Beetz et al., 2004b), represents
the positions and motions of the players and the ball. This level can be generated auto-
matically from the position data created by the observation system. The data is stored in
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Fig. 6. Complexity of trajectories for all players and the ball with corresponding ball actions belonging to only 34
seconds within the World Cup final 2006.
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Fig.7. ASPOGAMO model hierarchy.

a compact and structured way to ease subsequent interpretation and analysis of position
information. To achieve this, the continuous motions are segmented into curve segments
that can be approximated with a specified accuracy by simple curve functions. The posi-
tion and motion data do not only build the basis for subsequent building of higher level
concepts but already allow for interesting analysis, e.g. static or dynamic heat maps rep-
resenting the distributions of player positions or velocity profiles of players giving hints
on the physical strain of players.

At the second level of our model hierarchy, ball actions are represented. From the
motions of the players and the ball, the system identifies ball contacts as accelerations of
the ball caused by a contact with a player. The ball contacts are classified into different
categories like pass or shot with sub-categories such as a center or a through ball. This
model allows for an analysis of actions, their frequencies and their a priori success rate.
Possible analysis include passing dyad or pass success rates of players.

The concept “situation” can be viewed as a snapshot of the game. On the situative
level, all features such as player and ball positions as well as their interactions are repre-



sented at a specific time stamp. Considering the spatial constellation of passing opportu-
nities, properties such as whether or not a player is being marked or is being attacked are
modeled on this layer.

Based on the situation concept, tactical set-ups can be defined on the tactical layer.
These include typical action selection criteria of players, action parameterizations or tac-
tical activities.

Finally the analytical level is comprised of assessment models for situations and tac-
tical behaviors as well as the identification of typical attack and defense systems.

The concepts and the relationships between them are stated in form of an ontology
allowing an automatic reasoning about them. The ontology has a human readable as well
as a parsable interface and constitutes the domain knowledge as well as facts of the seen
games.

4.2 Visualizations

An abstraction of data can also be done visually, exploiting the advanced visual cognitive
abilities of humans. Position information about the players can, for example, be abstracted
into heat maps (Figure 8) that represent the probability distribution over player positions
on the field. The tactical lineup and positional structure inside a team is made visible by
depicting a 11x11 grid which is colored according to the most frequent player label for
relative player indices.

Fig. 8. Heat map visualization for Zidane and a grid determining the tactical lineup of the Italian team.

While these visualizations are a big achievement themselves, they are limited to a
specific context and new ones are not easily developed without creativity. The visualiza-
tions rely on a specific relationship between the data that they depict. The ASPOGAMO
system incorporates all data in an ontology providing a convenient way to describe the
context needed for a specific visualization. The applicability to specific data subsets or
transformations can be deduced automatically by their ontological tags.



4.3 Model Acquisition

The central part of our analysis system is the acquisition of an informative model of the
observed football game (Beetz et al., 2004a) by applying statistical learning to a number
of games resulting in a model of football games in general. This model provides a high
abstraction level to view the game as a whole but also allows to perform detailed analysis
for special aspects of the game. The system adapts the model automatically, when data
for a new game are available.

Our model is divided into two parts: A static part that is not dependent on a specific
game or class of games, and a dynamic part that has to be adapted for the context it is
used in.

The static part contains concrete definitions of the individual model layers that are
independent of a specific game or game class. This part can be specified once for all
football games and applied to all games in the same way. It contains general rules and
classifications like the offside law, what a successful shot is or the number of allowed
substitutions.

The dynamic part consists of concepts that relate to the same definition but different
specifications. For example the concept of scoring opportunity has a well defined mean-
ing, but depends on the quality of the involved teams. A given situation would be a scoring
opportunity e.g. for a World Cup player, because he would always score, but could not
be classified as such for another one (e.g. a junior player). So some (unfortunately most)
parts of the model have to be specific to the game, to the teams or to the players and there-
fore have to be specified relative to their context. We solve this problem by enabling our
system to learn the dynamic part from observed games automatically by machine learn-
ing techniques given the abstract meaning that is consistent through all contexts (von
Hoyningen-Huene et al., 2007).

As an example we examine the episode model of our model hierarchy. We can easily
specify statically, that a successful pass denotes a ball contact of one player of a team
followed by a ball contact of another player of the same team. For unsuccessful passes
however, the definition is very hard to specify in a general way. But we can state that the
characteristics of unsuccessful passes should be similar to passes regarding the velocity
of the ball, the direction, the ball was played in, or the positions of team mates and of
opponents. This definition holds for all games even if the attributes are highly correlated
with the abilities of the players and, therefore, depends on the league or competition, in
which the specific game took place. Transforming this static definition into a datamining
task, the system can learn rules for each league that specify which ball actions should be
considered as passes and which ones rather as shots. Taking the known set of successful
passes, shots and dribblings as training data, a decision tree (Quinlan, 1993) or respec-
tively a regression tree (Witten & Frank, 2005) is learned automatically for each binary
classification (pass or no pass, shot or no shot, dribbling or no dribbling). The tree is split
into several rules by logical disjunction of the nodes on all possible paths beginning at
the root and ending at a leaf. The abstraction comes into play by the pruning of the tree



that is a part of the learning algorithm to avoid overfitting. The rules are transformed to
descriptions in the ontology and in this way they are integrated into the knowledge base.
The description (consisting of the rules) as well as the concept itself (referring to the
classification of instances) can be inspected transparently.

There exists also a second class of definitions that contain a dynamic part. Most of
the continuous attributes of actions in team sports are discretized into classes like slow,
normal and fast or short to far. This is usually done by simple thresholding at predefined
ranges. If we look closely to these kind of concepts, the sensitiveness to their context
becomes evident. The velocity of a fast sprint in a international competition obviously
differs from values for a burst of speed in the minor league. Still, there is a common defi-
nition, that partitions the usual velocity range in a predefined number of parts, naming the
part with the highest velocities as fast. Partitioning is achieved by datamining techniques
called clustering (MacKay, 2003) which iteratively find a locally optimal subdivision.
Also a smooth fragmentation can be achieved automatically by using probabilistic as-
signment to clusters obtained by fuzzy clustering (MacKay, 2003). The partition and the
naming of each part is again transformed into descriptions in the ontology to provide a
seamless interface.

All these models, the static and dynamic ones, are accessible to the system due to
their integration into the ontology. Their definition and semantics can be inspected and
analyzed by the user resulting in more alternatives to analyze a football game and at-
taining more objectivity from the transparency of the models. For example, the user can
retrieve the scoring opportunities of the teams and then analyze how they might arise by
interpreting the generated rules for the concept. A concept for all situations, in which the
ball was lost, could be stated and from the resulting rules, some reasons for the failed ball
action may be derived. Clustering the situations, in which the ball was lost, can help in
gaining insights, how the opponent team forced the loss of ball possession, etc.

4.4 Example of Analysis

In our soccer ontology each pass is assigned to a set of attributes including its length
(short, middle, long), speed (fast, middle, slow), direction (forward, cross, back), and risk
(risky, safe). Although their definitions contain already dynamic parts, they build the base
of further analysis. We present three different kind of analyses inspecting the passes in
the final game (Italy vs. France) of the FIFA soccer world championship 2006.

Defensive pass classes Instead of examining statistics over all attributes and obtaining
a multi-dimensional distribution, the analyzer can ask, “What are the four most typical
classes of passes played by defenders?”. Therefore, he introduces new concepts to the
system that partition all passes of defenders of one team and are named p!, ..., p} for
Italy and p!", . .., p¥" for France. The subfigures of fig. 9 visualize these new concept. The
four classes for the Italian defenders are the long cross passes, the medium length forward
passes, the very long forward passes and the fast forward passes. For the French team, on



the other hand, these passes are the long or fast passes not played back, the passes not
played long with medium velocity, the slow passes and the fast or medium velocity back
passes.

Comparing these two sets of classes, one can see, that, while the Italian team prefers
cross passes in the backfield (a) and tries to play long passes to the right wing player,
the French team aims at passing to the outside (f) and often plays the ball back to the
goalkeeper if there are no suitable pass receivers (h). One can also see that different types
of passes are spatially local.

Passes of French defenders
Passes of Italian defenders

(e) long or fast not back (f) not long medium veloc-

(a) long cross ity
TN
. " ]
(c) very long forward (d) fast forward (g) slow (h) fast or medium velocity
back

Fig. 9. Typical pass types of defensive players of the Italian (a)—(d) and French (e)—(h) team during the World Cup Final
2006. One can see that the passing game of both teams can be characterized using different classes of passes that are
typical for the respective teams.

We can also include positional and situational features as well as the roles of the play-
ing and receiving players. With this information, one can analyze the individual classes of
the whole Italian team in greater detail, automatically creating descriptions of the classes.

Descriptions of subsets of passes An example of a more abstract analysis examines
the typical passing behavior of a team. We will now describe how this is performed and
how it relates the different layers of the model. First, a specific subclass of passes is
selected from the episode model by the user, for example, all passes of the Italian team.
Next, these passes are partitioned on the situation model layer. This is achieved by an
automatic clustering of spatial and situational features, that are computed for the start and
end situations of the passes. The automatic clustering delivers regions that need not be
specified beforehand but are generated adaptively for existing structure in the data. In our
example five clusters were found automatically and can be inspected in Figure 10.
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Fig. 10. Clusters for the Italian team’s passes.

In the next step of the analysis, the system automatically creates several alternative de-
scriptions for the partitions previously found. This is done as follows: first, different non-
overlapping feature sets are selected. Decision trees that discriminate between an individ-
ual cluster and the rest of the specified passes are learned. All paths to nodes labeled with
the same cluster are combined by con- and disjunctions, transforming the decision tree to
a rule. This rule constitutes a description of the cluster in terms of the given features. By
the use of spatial features only, we get rules that discriminate the clusters spatially and,
therefore, form a spatial description of each cluster. In our example, extracted with the
x coordinate x, of the starting and the y coordinate y. of the final situation of a pass as
features, cluster 3 can be described as all passes fulfilling z;, > —8.52m A y. > —0.3m,
the passes from the French half of the field (reaching 8.5m into the Italian one) to the right
side (see Figure 11b) with an accuracy of more than 95%.

These descriptions are sorted by a quality measure derived from the complexity of the
rule as well as the accuracy of the description. The accuracy is computed as the ratio of the
number of entities that belong to both, the cluster and the describing rule, and the number
of entities that belong to at least one of them. Descriptions with high quality measure are
presented as alias to the clusters, e.g. the cluster depicted in Figure 11a is described as
long cross passes.

Comparing different descriptions A possible subset of the discarded descriptions still
contains interesting information. Short rules that represent sub- or supersets of the cluster
are presented as asymmetric descriptions to the user, too. In our running example, the rule
Te > —3.8Tm N ys > —5.72m (the passes to the front from the right side of the field)



(a) long cross passes (b) passes from the right to the front

Fig. 11. Two classes of typical passes of the whole Italian team during the first half of the World Cup final 2006.

defines a subset of the cluster depicted in Figure 11b, again with about 95% accuracy. So,
we have the following two simple descriptions that are strongly correlated:

— Firstly the cluster is described as the passes from the right side of the field to the
opponent’s (front) half * and
— secondly it contains all passes from the front half to the right side of the field.

From these descriptions, the system creates the following rule comparing the different
descriptions:

re > —3.8Tm N ys > —5.72m — ye > —0.30m A s > —8.52m

In other words, the passes from the right side of the field to the front are played from the
front to the right.

The consequences of this rule and the propositions following from it are not imme-
diately obvious, because the start and end positions of the passes are intermixed. For an
easier interpretation, we group them together to form two rules that state that

— passes from the left front area of the field are not played to the right side of the field
and
— passes to the right back area of the field are not played from the front of the field.

Whereas the second rule is a rule that is fairly usual for football games, the first one, the
lack of cross passes from the front left side of the field to the right side, is again a specialty
of the Italian play.

The two clusters examined in this example make up about one third of all passes
played by the Italian team each. So, these two clusters, the extracted rules and their inter-
pretation should give a fairly good insight into the passing behavior and its characteriza-
tion.

3 The area is not exactly one half of the field but a partition close to it created by the system from the data



5 Conclusions

In this article we have presented ASPOGAMO, a new generation of sports game analysis
models. Trajectories of the ball and the players extracted from video by our state-of-the-
art camera-based observation subsystem build the base of these models. Semantics of
higher levels of abstraction are automatically grounded by adapting static concept defini-
tions to the appropriate context of the observed game using statistical learning methods.
The automatic and transparent acquisition of high-level facts provides objectiveness and
comparability. Games can be analyzed in an explorative and objective way, gathering
meaningful sub-categories of concepts and propositions specific for the game that is in-
spected. ASPOGAMO will provide new opportunities for sport scientists to analyze sports
games, support scouts in inferring the strengths and weaknesses of the players and help
coaches in the strategical planning and tactical decision making processes. To demon-
strate the possibilities of automated sports game models, we provided some exemplar of
analysis for the final of the soccer world championship 2006.

For further improvements we will investigate the way of defining new concepts for
sport scientists, which can be stated clearly and naturally, but still ensures objectivity and
the ability for automated processing. We will examine the scalability of our approach to
huge data sets providing a richer source for analysis, but also making high demands on
memory and performance requirements of the used algorithms.
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