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Abstract

Multiple Multipartite Graphs tracking, a derived approach by mixing Multiple Hypothesis Tracking with

Multipartite Graphs, was integrated into ACE soccer player tracking system to address occlusion events.

Additionally, a spurious filtering based on hue histograms and predominant color swatches evaluation was

integrated to provide the tracking algorithms with a data set clean of spurious objects, which considerably

and negatively affect the tracker performance. Combining this spurious filter with other methods to handle

occlusion events, as occlusion alarm and merge blob splitting, it was possible to achieve a reduction of 88% in

false positives and an increase of 25% in MOTA in the test data set. When evaluating the tracker in reduced

sets to study occlusion events more closely, a MOTA of 76% was achieved, representing an improvement of

50% when compared against the original tracker with a MOTA of 50.55% under the same data set.
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Resumen

Rastreo por Múltiples Grafos Multipartitos, derivado de mezclar rastreo por múltiples hipótesis con grafos

multipartitos, fue integrado en la plataforma de rastreo de jugadores de fútbol ACE para enfretar eventos de

oclusión. Adicionalmente, un filtro de espurias basado en histogramas del tono y la evaluación de colores

predominantes en el muestreo de color fue integrado para proveer a los algoritmos de rastreo de conjuntos de

datos libres de espurias, las que considerablemente afectan de manera negativa al rendimiento del rastreador.

Al combinar este filtro de espurias con otros métodos para manejar eventos de oclusión, como lo son la alarma

de oclusión y el separador de blobs fusionados, fue posible obtener una reducción del 88 % en los falsos positivos

y un incremento del 25 % en MOTA. Al evaluar el rastreador en un conjunto de datos reducido para estudiar

más de cerca los eventos de oclusión, se alcanzó un MOTA de 76 %, representando una mejora del 50 % al

comparar con el MOTA de 50.55 % obtenido por el rastreador original para el mismo conjunto de datos.
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Chapter 1

Introduction

This chapter covers the project’s background and motivation, problem description and proposal of the

solution to the problem stated.

1.1 Background and Motivation

Object tracking is used in different areas where it is important to know the motion of the objects

of interest; some examples are submarine tracking, where a submarine needs to recognize projectiles

and other ships moving alongside using passive sonars, aircraft surveillance with a similar scenario

but using passive radars or an electronic warfare device to recognize the moving surroundings [77], in

analysis of sports data [92], and, more recently, in medicine fields for cell tracking [54].

In terms of sport disciplines, the athletes usually use visual guides to improve and practice, be it

recordings of the sport in execution or other visual aids on details of the discipline. The traditional

method to analyze all the information available from those sources is to manually pick the scenes of

interest and then select key plays to replay and study, the coach then will design a strategy based

on the information extracted to improve the athlete’s performance. Object tracking is introduced as

a way to automatize data extraction for sports analysis, some disciplines require the tracking of an

athlete’s motion, in other cases like team sports, it is required to capture the motion of the many

players involved. Players tracking goal is to provide information of the position of the player at any

time during the whole match, by analyzing this simple piece of data it is possible to tell different

statistics of its performance: total time played, distance traveled, area of the field covered during

the match, speed, fatigue and placement of the player during different key plays [69]. Thus, players’

performance and tactical evaluation can be assessed based on information from object tracking, making

it a valuable tool for sports analysis.

One of the most popular sports in the world, with an estimate of more than 3.5 billion of fans,

is the Association Football, or simply Football or Soccer [97]. It is a game in which two teams of 11
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players, using any part of their bodies except their hands and arms, try to maneuver the ball into the

opposing team’s goal area, with a valid maneuvering field of about 90–120 m long and 45–90 m wide.

The team that scores more goals wins at the end of a match [72].

Figure 1.1: Football Soccer (Association Football) field. Source https://www.conceptdraw.com/

examples/football-pitch-dimensions-in-metres

In the last years, some companies have dabbled into soccer players tracking for sports data analysis,

the following are some examples of the most cited commercial applications in professional literature:

Kizanaro: It’s a Uruguayan company started in 2008 as part of an academic project, with

the purpose to provide services into soccer applied technology. It is used by the soccer teams of

Angola, Uruguay, Paraguay, Venezuela, Colombia and others. The company states that it allows a fast

visualization and analysis of the matches, obtaining information about the performance of the teams

and players into video sections. The software classifies and breaks down the main plays of the match

[41].

TRACAB: Optical Player Tracking solution from ChyronHego team, started in 2003 in Sweden.

It’s installed in about 300 soccer stadiums, being the official tracking technology used in leagues such

as the English Premier League, German Bundesliga and Spanish La Liga, having also been selected

for the major international UEFA and FIFA tournaments, as well as other sports than soccer. It uses

camera arrays to record the field and delivers 3D information of the matches. The object tracking is

supervised by a human operator (figure 1.2) [91].

https://www.conceptdraw.com/examples/football-pitch-dimensions-in-metres
https://www.conceptdraw.com/examples/football-pitch-dimensions-in-metres


3

Figure 1.2: TRACAB Soccer Players Tracking System: Camera array and super-
vised real time tracking. Source: https://chyronhego.com/products/sports-tracking/

tracab-optical-tracking/

ChyronHego also offers others solution to sports analysis as an annotation tool, named Paint,

used in sports news broadcasting to better visualize the different key plays. Nonetheless, the tool is

a graphical visualization aid for sports journalists rather than a tracking or ”ground truth” generator

framework [63].

STATS: Company with more than 35 years in the market working with sport fans and athletes.

The company offers different solutions into sports analysis and fan engagement, for data capture the

system SportVU is used, which offers performance statistics via extraction and processing of players

and ball coordinates during the match, using High Definition (HD) cameras and statistical software

and algorithms [89], [90].

Match Analysis: Started as a way to share the coach’s view to the team players, introduced

into the market in 2000 in USA with data collection centrals in USA and Mexico. It brings a set of

tools for video analysis and digital libraries to provide performance information and data storage, to

perform tactical analysis of soccer teams. Real time data is collected and then synced with the video

recordings by the analysts [51].

Since in 2015 the IFAB (International Football Association Board) allowed the use of techno-

wearables during some soccer matches [23] as well as the standardization of tracking systems by

FIFA [24], many other technologies are also taking part into soccer player tracking, including different

accessories into the players’ uniforms, one example is the use of GPS devices placed into the players’

shirts [34], [88]. However, optical players tracking has the advantage of not being intrusive on the

players and that it requires just the video cameras and not any other support accessory, it’s cheaper

and the methods can be exported to other areas on optical tracking. More recently even artificial

https://chyronhego.com/products/sports-tracking/tracab-optical-tracking/
https://chyronhego.com/products/sports-tracking/tracab-optical-tracking/
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Figure 1.3: Match Analysis system flow. Source: http://matchanalysis.com/process.htm

intelligence systems are integrated into tracking players.

Due to the nature of private commercial software, it is not clear in general terms if the implemen-

tation is fully automated and which algorithms or methods are used to perform the object tracking

tasks.

The Laboratory of Pattern Recognition and Intelligent Systems (PRIS-Lab) has developed a tool

to perform Automated Soccer Players Tracking. This platform, named ACE, processes off-line video

recordings of soccer matches’ obtained from a single point of view, and returns the tracklets of the

players’ positions throughout the video. The current project development is on this platform, accessing

the source code and soccer matches ground truth data base. The main goal is to improve robustness

of the platform to occlusion events by implementing a Multiple Hypothesis method on it’s multiple

object tracking process.

1.2 Document Outline

The present work is organized as follows: first and current chapter is an introduction to object tracking

and automatic soccer player tracking to define the field of research and the problem to solve, it develops

the State of the Art i.e. the study of related professional literature to settle down the line of work,

and the scope and objectives of the project; chapter 2 contains the theoretical background on optical

object tracking and multiple hypothesis approaches; chapter 3 corresponds to the methodology, where

framework and time frame are described; chapter 4 covers the Multiple Hypothesis with Multipartite

Graphs implementation details for multiple object tracking as well as other developments into increas-

ing the tracker performance, chapter 5 presents and discusses the results, chapter ?? includes final

http://matchanalysis.com/process.htm
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conclusions and recommendations. The final section contains the appendices with different supporting

documentation, as well as an additional brief research on estimating players’ distribution on the field

to dynamically enable/disable tracking algorithms in a multi-feature tracking platform.
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1.3 Professional Literature

There exist different methods and algorithms that have been developed to solve the many problems

that arise when trying to track multiple objects, specially when these objects share so many features

in common. M. Villalta [92], based on the Object Tracking survey by A. Yilmaz et al. [99], proposes a

classification of these methods in three main classes according to the core functionality of the tracking

algorithms, suited as Deterministic Methods, Probabilistic Methods and Data Association Methods.

It is important to highlight that the order of appearance of these classes is a remark on the timeline

of evolution of the approach mindset, as prior methods were not able to completely solve the Multiple

Object Tracking (MOT) problem, it also depicts the focus transition when simpler issues were solved

and the more complex had to be taken into account, like occlusionevents. Furthermore, M. Manafifard

et al. [49] bring a detailed and extense survey on Player Tracking in soccer videos, reviewing about

163 different publications on the issue, studying cases like Multiple Hypothesis Tracking (MHT),

Particle Filters, Graph Representation and Occlusion Detection and Handling. From this study it

is important to highlight the following: detection (segmentation, background substraction) is critical

in the performance of the tracker, occlusionsare the biggest challenge in MOT, MHT has improved

different existent methods in occlusionsolving matters outperforming single hypothesis tracking, there

is no mention of Multipartite Graph (MPG) approach as presented by [92] nor a mixture of MHT and

MPG resulting in Multiple Multipartite Graphs (MMPG).

The following reviewed literature is used to illustrate the previous statements, the evolution of

different approaches and to sustain MHT for occlusionmanaging. In addition, a subsection has been

separated to discuss the works which implementations are focused on being robust to identity ambi-

guities and occlusionevents, appendix ?? depicts the distribution of reviewed methods in a table.

Deterministic Methods

These are methods that use visual characteristics to perform a deterministic trajectory tracking, i.e.

there is a model that describes its motion and/or its appearance. The basis of most of these methods

is to use brute force to find areas on an image that match a predefined and well known pattern. These

methods fail as the track is lost when objects interact with others alike (players of the same team) and

can’t solve occlusionby itself.

The main approach in this category is known as template matching, where a predefined template

is compared with different regions of the image, whenever it matches best, an object (player) would
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be identified [10], [79]. The problem with template matching is that the algorithm is fully dependent

on its similarity with the objects of interest, if the template is not compatible with the players shape

or color in a determined frame, it will fail. This is common on soccer player tracking due to the many

visual changes a person has as it moves around the field turning around, crouching, falling and other

shape shifting events, enforcing the necessity of a big and robust templates dataset to consider the

many scenarios, also, the tracking result will have Identity Swap as the players of the same team have

similar chromatic distribution.

Lefèvre introduces the use of active contours into soccer player tracking with a snake-based method

[46]. The non-rigid nature of a soccer player is considered in this method, allowing a reconstruction

of the contours of the players whenever its necessary, adding flexibility in comparison with a fixed

template-matching. However, it would fail when occlusionhappens, as the contour may consider both

players (in a 2 objects occlusioncase) as a single player, due to one player blocking the other in a 2D

view.

To combat the occlusionproblem, some methods implement data fusion of information provided

from different sources to aid the players detection. A template is updated with newer information from

new observations over time, characteristics as size, texture and color are used to differentiate between

players, and states are stored so that correct assignment is done after the occlusionpasses, which doesn’t

fully solve occlusionassignment. This method increases the complexity of the tracking platform as it

incorporates an observation unit to update the templates, and also the template complexity by adding

new features to recognize (color, size, texture). As it still depends on a template, the right update of

the template and its initial state are crucial, which forces to manually declare the initial states of the

match to aid tracking [53], anyways, similar and occluded players remains a problem.

Probabilistic Methods

Most of these methods are based on Bayesian inference and estimations to perform object tracking.

They were introduced as a solution to optimal estimation of non-linear non-Gaussian state-space

models, situations where the typical linear model-based Kalman Filter was not enough [22]. The main

idea of these methods is to estimate the position of the object on a frame and update its likely position

with new measurements, the measurements are assigned certain probability (weights) based on previous

information until an optimal result is selected. It is important to highlight that these methods’ decisions

are based on probability, it chooses the most likely solution based on the cumulative probability of the
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assignments along the different frames, therefore, a wrong assignment will spread over time.

One of the most popular probabilistic algorithms for object tracking is known as Particle Filter

(PF), introduced in 1993 as bootstrap filter, a numerical method for the solution of optimal sequential

state estimation problems in non-linear non-Gaussian scenarios [57], and with increasing applications

due to how the algorithm has evolved in hand with computational power. Due to its extended use in

the topic it has been considered important to dedicate this section to its implementation.

Czyz, Ristic & Macq implement a color-based particle filtering algorithm, it was first designed to

work with single object tracking, thus leading to wrap all players of the same team in a single global

state. As particles are attracted to areas of high density, error from a single player is dragged through

states update. The solution approached is to add a color histogram and to join detection and tracking

tasks to distinguish players of the same team [19]. The experiments show that PF is a powerful tool

on MOT, but the scenes analyzed did not consider occlusionevents, and the issue of particles moving

towards areas of high density persists, which leads to Identity Swap of players that are close together.

To solve the wrong assignment due to particle mixing, some authors have implemented single particle

filtering for each player.

Single particle filters per player increases the computational processing requirements as the al-

gorithm is applied for each player. Dearden, Demiris & Grau not only use Particle Filter for each

player but decide to spatially segment the most likely areas where the player may move, thus including

a spatial window and delimiting the possible solutions of the algorithm; PF is then applied on the

delimited area [20]. This approach diminishes the influence of one player’s error into the rest, however,

the occlusionproblem remains. During an occlusion, the particles used may mix and get messy, there-

fore, the reliability of the data obtained throughout the event decreases the longer the players remain

occluded. After the players separate from each other, using color-based recognition, the particles are

reassigned to the respective player by estimating the trajectory that each player had before the event.

Even though, the authors mention that particles mixing is still a possible outcome, so that all particles

are assigned to a single player (therefore, losing the other player) or leading to Identity Swap with

players of the same team.

Kristan et al. implement multiple single-trackers to confront the multi-target tracking problem,

including closed-world assumptions to aid in the visuals processing [43]. The robustness of the algo-

rithm is improved due to the constraints of a closed-world, as it was tested for indoor matches, however,

those assumptions cannot be considered when working with outdoor sports, as outdoor conditions are
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not easy predictable (e.g. a cloud’s shadow may cover the field totally or partially for a short or long

period of time, it may rain or get foggy), also, the camera is statically placed above the court hanging

from the ceiling, position that cannot be achieved in an outdoors stadium.

A major problem when dealing with Particle Filters is the degradation of particle assignment,

specially when dealing with occlusion, as particles are wrongly assigned due to lose of information

in the involved frames, which leads to losing players’ identity after an occlusionevent (Identity Swap

and new player condition after a split), therefore, PF alone cannot solve the problem. Itoh et al.

[35] introduce a time-situation graph beforehand to an occlusionevent, the graph is used to solve the

players’ tracking lost after an occlusion, the quantity of players involved in the event is derived from

the graph association prior and after the players interaction, thus allowing to assign the “new” players

detected after the occlusionto the existing ones after the occlusion, fixing the splitting problem, but

the swapping remains as the algorithm is based on PF. Similar approaches introduce the use of graphs

to retain the states of the players so that they are not lost after an occlusionor in boundaries conditions

as when player exits the frame (for broadcast recordings) or exits the field limits.

Data Association Methods

These methods address the object tracking as to find the optimal solution to a data association problem,

where the data to associate is obtained from the object detection step. The main goal of these methods

is to solve the wrong assignment and object track losing due to occlusionor similar players collision,

most of the time used as a complement to a probabilistic/deterministic approach.

The simplest implementation of a data association method is using the Kalman filter due to its

recursive nature, used to update the object-track assignments [75]. It is stated that for multiple-object

tracking, there should be an additional computing to identify each detected object before actually

tracking them, thus the method results are dependent on the right object detection step frame to

frame.

The preferred representation of data for these methods is via a graph, were usually the nodes

represent different states of a single player or team, and edges are weights that connect one state with

the possible next. Soomro, K. et al. [86] implement a graph approach where each team is represented

by a graph, in which the nodes correspond to player positions and the edge weights depend on spatial

inter-player distance. They use color-based tracking to differentiate between teams to assign the player

to one or another graph, and teams formations data to aid into the estimation of the position of the
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players, with the assumption that players remain in an organized manner, therefore, it is expected

that error increases when players won’t completely follow the initial formation. It also uses only video

clips from broadcast matches with an overhead view, occlusionis dismissed.

Figueroa et al. use the graph representation for player tracking by focusing on the occlusionevents,

where the nodes are used to represent different blobs to distinguish the players, aided with features

as mentioned in above studies, like multi-camera view and color. Moreover, the study adds the use of

morphological features for blob separation (like a pixeled player’s size and shape model); the algorithm

uses a backward and forward graph representation to optimize the graph and aid on multiple cameras

to simplify the graph in occlusionevents. This is done by selecting the best view depending on the

distance of the blob to the center of the field of camera view and which one brings the most information

of isolation of a player, i.e. if in a view the occlusionoccurs, other camera can be used to verify if a

player becomes isolated in that view [25], [26].

Wei-Lwun et al. use the graph representation to keep track of the previous assignments, using

Bipartite Graphs (BPGs) to guarantee that one-to-one assignment is done by graph constrains; the

graphs allow continuity from existing tracks, in contrast with other methods which nature tends to

the creation of new tracks anytime an object is detected (as with particle filtering after occlusionwhen

dealing with MOT). Wei’s implementation considers the players as entities, each containing a set

of features (faces, numbers on uniform, skin or hair color) that compose the Conditional Random

Field (CRF), thus integrating different sources of information to improve the player recognition and

tracking [96]. Siles, F. follows a similar approach by combining a set of features (color, texture, shape

and kinematic model of soccer players) to the edges of a BPG to aid the tracklet-player assignment

[81]. Later, Villalta, M. expanded the graph usage from a BPG to a MPG, the assignment is the

solution of a graph energy minimization problem [92]. Villalta also includes a single panoramic view

of the whole field by stitching the images from two 4K cameras used to record the matches. This

approach eliminated problems related to resolution or temporal segmentation needed for clips from

TV broadcast, however, occlusionproblems remain as the optical capture is from a single point of view,

even though the use of MPGs improves the correct assignment of blobs identities, occlusionis not fully

solved. It is also important to highlight that using two 4K images recording impacts in the amount of

data to process (2x4k cameras of 3840x2160 px each, recording at 30 fps, leading to a load of 995 328

000 pixels per frame), thus, the use of high capacity computers like clusters or parallelization of the

algorithm is needed to speed-up the process [93].
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The typical implementation of a graph tracker requires to divide the whole video track into several

blocks to process, where the initial state of the next block is defined by the graph solved from the

previous one. There are two considerations on this: first, an error on any assignment (new blobs,

Identity Swap, etc) will spread to the next block, second, the graph solving is a local solution for

the block being contemplated, there exists information that’s ignored on the current block because

it is contained in further blocks, specially in occlusionmatters. Gedikli, S. et al. [30] implement a

probabilistic method for estimating the trajectory of the players adding a MHT algorithm. The MHT

preserves multiple hypotheses and their evolution through a defined temporal sequence (window), at

the end of the window a decision is made with the best fitting hypothesis; Gedikli states that MHT

was able solve some misclassifications result from occlusionevents that the typical tracker could not

solve.

Multiple Hypothesis, initially presented as a solution for noisy and complex object tracking scenes

in 1979 by Reid [1], is formerly widely used in scanner applications [6], where different measures

are received on each scan cycle and spreading of a wrong assignment is critical in application such

as projectile tracking, submarine location and others with a tight error acceptance. Moreover, it is

recently extended to scenes considered complex due to the dynamic interaction between the objects

to be tracked, like pedestrians and sport players tracking, where it outperforms single hypothesis

algorithms [49], [100]. Due to its high computational cost, it is usually used as a complementary aid

for other algorithms, commonly particle filters and/or a graph representation, instead of being used

as the core algorithm of the tracker. Breitenstein’s [14] experiments show that adding a MHT layer

improves the results from a single algorithms implementation, in this case using MHT as an addition

to PF, in particular in soccer with a Multiple Object Tracking Accuracy (MOTA) higher than 80% for

the scenes selected for evaluation, however, identity switches persist due to the use of particle filters

and robustness is low during the initial sequences.

Therefore, most improvements on tracking results due to robustness on occlusion events are found

from a mixture of algorithms, usually by mixing MHT with other algorithms (Kalman filter, PF, ) or

similar approaches like a multi-layer outline, or, with PF based algorithms [9], [58], [101], where MHT

has proven to be comparable to ”stat-of-the-art methods on standard benchmark datasets” even in its

early 90’s implementation [40], [49].
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Robustness against identity ambiguity

occlusionevent, as stated before with different examples, is one of the biggest problems in optical object

tracking. Of the several ways to fight it, some examples are: improving the current algorithm with

more features, omit occlusionand care only for previous and posterior identities, increase points of

view adding more cameras, and treat the tracking as an optimization problem via multiple layers of

assignment (typically via MHT or graphs plus additional criteria).

Hess & Fern improve the PF with their Discriminatively Trained Particle Filters [32], which is an

alternative for the typical particle filtering approach by training the data set of the players with features

as appearance (size, color), motion (via 11 different probabilistic features) and player interaction (to

prevent particles mixing between different players), all features constantly updated frame to frame.

This method increases the complexity of implementation of the algorithm as it requires to update

the features and train the data set for each player, but shows great robustness when occlusionoccurs,

especially considering that the algorithm was implemented in American Football, sport with more

contact between players than Association Football.

Ok, Seo & Hong attack the particles mixing problem when using PFs by implementing an Occlusion

Alarm Probability (OAP) [60], intended to repel the particles from sticking between players in multi-

target tracking, thus preventing particles mixing and Identity Swap. The results show that there are

some occlusioncases in which the repel leads to unassigned particles to one of the players, after the

occlusionends, the player previously hidden is now considered as a new player (blob) entering the

game due to the missing information from its previous states during the occlusion, this due to not

considering tracking splits scenarios.

Sabirin et al. [74] detect early occlusionevents by defining a rectangular Region of Interest (ROI) to

separate each player, rather than a tight contour, when two or more of these regions are overlapped by a

60% of their area, an occlusion is detected. In general, occluded players are considered a big single ROI

during the occlusion event, their identities are assigned after the event, when there’s enough information

to identify the players during the occlusion, single regions are assigned preserving the shapes from

previous frames, updated just after the event finishes. There’s no complete identity solution during an

occlusionevent, making the algorithm robust to occlusions (the identities are recovered after the event)

but not occlusionsolving. It is important to highlight that Sabirin included players’ texture as a feature

for object identification, alongside other features as position and estimated motion based on optical

flow in the hue channel, to identify different players, showing it as an useful feature allowing easily
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differentiation from different teams and also being the key on the algorithms robustness to occlusion.

However, the method is dependent on the segmentation results, as many others, thus the importance

of efforts on improving the frames segmentation.

Morais and Xu [55], [98], although working with the indoor sport futsal, both suggest the use of

multiple cameras to improve the players distinction, as different planes will add position information

that a single plane cannot easily obtain, the positions of the players are estimated using homography.

Iwase, S. & Saito, H. implement multiple view images in outdoors scenarios locating cameras around

the game field [36]. Even though the use of multiple cameras has proven to improve the segmentation

results and diminish the occlusionissues (especially when the field is surrounded by cameras and 3D

information is obtained), it is dependent on the optimal different views needed to prevent occlusion,

which can anyway happen for non-rigid 3D objects in motion, e.g. one or more players may fall over a

single player so that it is completely hidden from any camera, or there may be a group of more than

two players colliding, which leads to players ambiguity associations. [42] also mixes information from

multiple camera views into an MHT environment, using 3D information to aid correct identification of

players during an occlusionevent. To prevent occlusionusing multiple cameras, new research questions

may arise like: how many cameras? And, where to place them to cover the most, if not all, the 3D

space? Thus, making the solution hardware dependant. In [49], the previous questions are exemplified

by a variety of camera configurations, many different ways to place the camera and occlusion persists

being a nuisance.

Jiang [38] represents the possible locations of a single object as nodes of a graph, building a

multi-layer graph with the occupation probability of the object, a set of graphs would represent the

multiple objects to track. Shitrit et al. [80], in a similar way, implement a graph representation for

players’ tracklets, reducing the problem to a multi-commodity network flow optimization, using K-

shortest path to solve the assignments on a multi-layer graph. These representations work similar to

a MHT approach, where different tracks are preserved and optimized to find the best later on, instead

of picking local bests on each iteration of the algorithms. The above implementations resemblance a

MPG with MHT approach, differing in the way the graph is constructed, which is considered on the

current work’s implementation as a MMPG.

In [50], it is used an appearance-based model MHT, in which they consider appearance and

motion cues to refine players’ identification. The combination of different features in order to improve

the segmentation, as stated by Manafifard, is a needed modification to data association, as these
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methods usually start by considering that the nodes to associate (in a graph representation) are the

right measurements. They show that an appearance-based model MHT performs better than a simple

MHT algorithm, giving it the a better discrimination of players and false alarms. This consideration

is taken into account in the current project, where the nodes of the graph are not only a label and a

position, but a set of optical features that weight on the association solution phase.

MHT outperforms those methods using single hypothesis in the case of occlusion and noise [49],

however, it is still not a flawless method, as it depends on the estimates of the measurements within

an occluding blob, where a sudden change on velocity (reality differs highly from estimation) or a

simple bad estimate results in tracking error [39]. Also, it has a high computational cost that makes

it unattractive for real-time applications, nonetheless, it sets an interesting paradigm from which a

multi-layer structure for assignment solving can be implemented [38], [80], which sets a different way

to resolve the typical graph optimization problem. The previous leads to the idea of implementing a

multi-hypothesis/multi-layer structure as a mixture of MHT and MPG, a Multiple Multipartite Graphs

(MMPG) tracker.

Artificial Intelligence

More recently, with the approvals and standardization in the use of performance and tracking tools

in sports like soccer [23], [24] and the raise of Artificial Intelligence (AI), AI powered tools have

been incorporated to aid in player’s performance evaluations via automated optical tracking, from

the generation of ground truth data sets to train, test and validate the tracking solutions [61], to the

integration of AI to track the players real-time from soccer matches recordings, detecting off-sides,

goals and tracing players’ trajectories [2], [4], [66], [67], [78], [85].

However, it is important to highlight these solutions do not rely solely on artificial intelligence, they

follow the thread of combining different tools and methods into a robust and more complete platform,

including but not limited to wearable trackers, installation of multiple cameras mounted underneath

the roof of the stadiums ([78] use 12 dedicated tracking cameras) and human aid to monitor the results

and make corrections as needed, since even with AI errors can occur, as recorded on 2020 when an AI

camera operator confused the head of a bald referee as the soccer ball [3].
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1.4 Problem Description

Research question

Will a Multiple Multipartite Graphs approach improve precision of soccer players’ tracking

in comparison to the current method based on single Multipartite Graphs?

Problem

Automatic multiple object tracking is not a flawless process, there are different events that make it a

difficult task, in particular, the occlusion events. When performing optical object tracking, occlusion

events cause information losing that leads to wrong or incomplete tracking results. Many algorithms

have been implemented to solve this issue, but they fail one way or another, making it necessary to

add a final layer of human aided correction, thus current tracking platforms are not fully automatic.

1.5 Hypothesis

By implementing a Multiple Multipartite Graphs data association tracking method, it is

possible to improve the occlusion event management of the tracker, which will lead to a

metric value of MOTA greater than 75% on a whole match.

1.6 Objectives

General Objective

Implement a Multiple Multipartite Graphs occlusion solver to manage occlusion events on automatic

soccer players’ tracking from Ultra High Definition video.

Specific Objectives

• Develop the framework needed for the Multiple Multipartite Graphs tracker.

• Design a metric to detect simple occlusion events on soccer matches.

• Implement Multiple Multipartite Graphs occlusion solver.

• Validate the algorithm against annotated ground truth datasets.

• Disseminate research to scientific community.
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1.7 Scope

The current project focuses on the occlusion events problematic, it departs from the previous ACE

platform version which includes multipartite graphs to perform players’ tracking, using panoramic field

view in ultra high definition (UHD) images from the stitching of two 4k recordings of each half of the

soccer field. The platform will transform from using single multipartite graphs to a Multiple Hypoth-

esis Tracking scheme, self-named Multiple Multipartite Graphs. Some other changes are considered

to improve the platform, according to different specific needs of the project encountered during its

implementation.



17

Chapter 2

Theoretical Background

This chapter covers important concepts and key theory regarding Multiple Object Tracking (MOT),

Occlusion, graph representation and the intuition on Multiple Multipartite Graphs (MMPG), as well

other concepts related to complementary integrations to ACE tracking platform with the goal of

improving the tracking results.

2.1 Multiple Object Tracking - Soccer Players Tracking

To perform soccer players tracking, a single player must be distinguishable from any other player along

the match. This task, as easy as it may seem for the trained eye, is a hard task in object tracking,

taking into account the next considerations: not relevant objects (e.g. goal posts, banners, audience)

must be filtered from the objects of interest (players, ball, referee), each player must be identified in

each single frame, the same player must be identified throughout the video (consecution of frames), the

referee is not a player (can be or not removed from the tracklets depending on the desired analysis),

there are active players substitutions during the match with fresh players, both teams fight for the

same ball leading to occlusion and tons of players interaction, and many others. To cover all of these

and more, object tracking is separated into different steps dedicated to specific tracking tasks.

Three key steps can be recognized: detection of objects of interest, tracking of such objects from

frame to frame, and analysis of object tracks to recognize their behavior. The whole tracking task

can be defined as “the problem of estimating the trajectory of an object in the image plane as it

moves around a scene” [99]. Tracking objects can be messy due to loss of information caused by

projecting the 3D world onto a 2D image (some platforms like SportVU [90] operate directly with 3D

data from multiple views coupling), noise in images, resolution of the video recordings, complex object

motion, scene illumination changes, partial and full object occlusions, and other problems application

dependent; each step has its own difficulties.

The three key steps mentioned above can be recognized in the implementation of the computational
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platform ACE. The Pattern Recognition and Intelligent Systems Laboratory (PRIS-Lab) develops

a computational platform for soccer digital video analysis, called ACE, platform with the task of

providing automated soccer matches analysis to human motion scientist, coaches, teams and general

public. This platform is implemented in a multi-layer architecture comprised of two main stages:

perception and cognitive [82].

First stage is covered by the temporal and spatial segmentation blocks. The temporal segmenta-

tion performs detection and classification of scenes with players information (applicable to videos of

broadcasted soccer games) to remove those recording scenes that have no information of interest, like

advertising spaces; if the soccer game is recorded in panoramic view of the whole field, this block is

not needed. The spatial segmentation detects and localizes the objects of interest in each frame of the

scene.

The second stage is covered by the trajectory tracking and semantics of the game’s tracked activity.

The trajectory tracking is where the position-object assignment is performed, using as input data the

results from object segmentation. The semantic analysis performs a reinterpretation of the trajectories

to detect actions and classify events, this block is responsible of generating statistics, occupational

map and other information to provide to the customer [81].

Figure 2.1: ACE computational platform architecture layers

Different methods and algorithms are used to try to solve each object tracking step. As the project

focuses on the players trajectory tracking, the current scope prioritizes methods and algorithms directly

related to the trajectory-object association. The inputs of the algorithms to study are the objects

spatially segmented by the previous block in ACE’s flow, i.e. player blobs, block which graphically

identifies them by drawing a contour around the player’s detected shape, the centroid of the contour
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is used as the estimated position of the player. It is important to highlight the influence of the results

of the segmentation task into the trajectory tracking, any error in the players’ segmentation and

detection will highly lead to a wrongful tracking. Details of the base implementation of ACE platform

are discussed in [92].

To understand the complexity of assigning the positions detected in a set of frames to a player

and identify its trajectory, it is important to know how a typical soccer game is broken down. First,

the game officially starts with all 22 players ”easily” distinguished as they are separated one another

following a game strategy formation, both teams start located in opposite sides of the field. As the

game begins, the players start to move over the field reacting to the game events as the match unfolds,

a player may decide to stay in position, move arms or crouch (shape change), jump, go forward or

backward, left or right, follow a player or the ball; as the ball moves from one side of the field to the

other, the player may change its previous intended trajectory to another; the motion is errant and not

much predictable without the semantics of the game, even though there is a general strategic plan.

If the players would not interact one with another, the trajectory-player assignment may not be as

hard, but, as the game definition states, both teams are fighting for the same ball, this leads to more

than one player sharing a close range to the ball as they struggle to control it, possibly generating

occlusion when one player is placed behind another (from the perspective of the 2D image recorded

from the same view plane); which player is which? Using the colors of the soccer suits is useful only

if the players are of different teams, but if the players are of the same it won’t help much, even less if

it is confused with the background (see Figure 2.2).

Figure 2.2: Players detection issues due to visual properties, scene conditions and segmentation
process. Results from ACE platform, 2018

Automatic object tracking has to deal with previous mentioned issues and many others. Most of
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these issues correspond to the first stage, specifically from spatial segmentation, as they are dependent

on the image characteristics. A perfect segmentation or feature extraction would simplify the second

stage, where the association algorithms could operate with clean and organized information. However,

as these issues are innate to image processing, data association and object identification have to deal

with messy and flawed detected objects. Even though there are different methods that try to improve

the quality of the detection phase results, some events persist to the other phases, like occlusion events,

resulting in the identity assignment stage consuming data with those problems, causing the previously

mentioned errors like Identity Swap, missing identities and spurious objects.

2.2 Occlusion

When using images, the features extracted depict visual characteristics of the scene under evaluation,

one way or another, they describe each object contained in the scene. However, images are but a

projection of a 3D world into a 2D plane, where these visual characteristics are transformed and

even hidden, making them hard to extract sometimes. Typical features extracted in this context

relay on pixel color (using histograms of color in different representations like YUV, RGB or HSV) to

detect areas of interest in the image (background extraction, possible objects detection) and shape/size

of the objects to filter spurious detections. However, some information is lost in the 3D to 2D world

transformation, sometimes vital information like depth location of the objects, which leads to occlusion

events.

In an occlusion event, objects that share a common axis location, but different depth from the

camera, appear to share the same spatial location, as depth information is lost in the plane of the image.

When this occurs, it is hard to identify which object is which, as figures and colors are mixed and

the common segmentation methods fail to distinguish each object involved; this particular scenario, as

stated in [49], is the biggest challenge in MOT. Figure 2.3 illustrates occlusion events on real soccer

matches, even though two close players are not visually blocked for the human eye, its proximity and

visual features can lead either segmentation or tracking algorithms to give a faulty result (figure 2.3a).

Some other events are more complex and practically impossible to automatically correct (figure 2.3b).
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(a) Minimum proximity between players is considered as an occlusion
event by the algorithm, which groups both players as a single one.
[74]

(b) Four players occlusion on TV
broadcast video.

Figure 2.3: Examples of scenarios perceived as occlusion events.

The existence of occlusion events, and a segmentation process that is easily affected by it and

many other noisy situations, makes it a need for the identity assignment phase to be robust in order to

deliver a clean tracking output, it must deal with false detections and missing information. However,

such a perfectly robust algorithm does not currently exist, and the current ones which outputs have the

higher accuracy percentages are not fully reliable on its own. Recent approaches tend to mix different

methods to aid the core algorithm into solving assignments, be it hardware solutions like increasing the

points of view, or a mixture of feature models and tools [45], [49]. In terms of occlusion , three ways

to confront the event were identified: no-handling of the event, event detection, and event solving.

No-handling implies that occlusion is not considered as an input event for the identity assignment.

These methods usually rely on the ability of the algorithm to make corrections or its robustness to

false detections. As discussed previously, there is no flawless algorithm, and this approach will lead to

an incomplete tracking history that requires human aided cleaning of the results. Other way of not

handling the occlusion when tracking is trying to prevent it from happening when capturing the scene,

this can be done by increasing the points of view to perform a 3D projection of the field. With depth

information, most occlusion scenarios are dismissed in exchange of having to care about homography

and camera placement. However, even in a 3D projection some occlusion can prove to be challenging

(like in figure 2.3b). More recently, with advancements on technology and its usage approval in official

games [23], [24], tracking is aided, if not even replaced, by alternatives to optical image segmentation,

the use of GPS trackers provides an accurate occlusion-free extraction of the players’ position at any

point of the game with a highest refresh rate than that provided by 30 or 60 FPS videos, simplifying

the tracking challenge to matching the GPS tracked position to coordinate in an image [88].
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Event detection is the ability to recognize occlusion events, usually indirectly by human interpre-

tation of tracking information, but to decide to dismiss it, i.e. identities are assigned before and after

the frames in which the occlusion occurs, but during the event there is no verification of the identities.

This can be seen in [25], [26], where the missing nodes in the sequential graph hints an occlusion event

(the graph passes from having two identified players to only one during many frames, and then again

having two players, see figure 4.1). However, there is no occlusion handling, the missing information

is not corrected and the tracking output only shows the player missing in some frames, but it is con-

sidered enough to know the players’ position before and after the occlusion , as sometimes the events

are only a few frames long, in the best of cases. However, scenes are not always so simple and there

occurs identity swapping and false-new-player labeling after the occlusion event.

Figure 2.4: Sequential graph where missing identities suggest an occlusion event [26]

Some occlusion detection techniques are used to improve the main algorithm behavior, like in [60]

where occlusions are detected by a proximity alarm in order to disperse the particles from the Particle

Filter (PF) that is used to track players. Another example is [74], that uses occlusion detection to

trigger occlusion handling.

Occlusion handling refers to trying to solve identity assignment during an occlusion event, and/or

to verify and correct identity assignment before and after the occlusion occurs. Some examples are

[25], that builds forward and backward graphs of the frames with missing information in order to

merge data prior and after the occlusion occurs; [74] uses different player attributes (like color and

movement direction) and prior-occlusion Region of Interest (ROI) placement to define the position of

missing players during an occlusion event.

Handling and solving occlusion requires at least three phases: detection of the event (in which

frame it starts and when it ends), revealing hidden players, and identity preservation during the event.

It is important to note that this is a simplification of what it would take to solve occlusion , as there are

different degrees of complexity in which it can occur depending on the number of players involved and

if there are other dynamics like players intermittently occluded while others are permanently occluded.
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Occlusion event classification and identification

Occlusion events are different and vary in complexity. Simple events as a short sequence of two players

can be solved in most cases, for example with a forward-backward sequential graph [25] or with PF

[32], however, even in these scenarios occlusion solving effectivity is not 100% and there exists many

other scenarios more complex that are yet to be confronted.

An occlusion event O can be identified by its length in video frames, and its complexity. The

length can be represented either by the number of frames or by the initial and final frames ki, kf . The

Occlusion Event Complexity (OEC) is a score that depicts how complex an occlusion event is in terms

of the involved objects’ interaction and the occlusion area objects density, where O1
5,30 is an occlusion

event that occurs from frame k = 5 to k = 30 and has an Occlusion Event Complexity Score (OECS)

CS = 1, where the OECS is the product of the Occlusion Dynamics Index (ODI) and its Occlusion

Agglomeration Size (OAS), to be detailed later.

To study the event’s complexity, it can be categorized by its Dynamics as Steady Occlusion Event

(SOE) or Dynamic Occlusion Event (DOE), and by its OAS, represented by the number of players

involved. From the dynamics perspective, it considers the interactions of the players during the event.

It may happen that during the whole occlusion there were only two players present, both move to

posses the ball, fight for it for some frames, and then one takes possession of the ball and runs faster

than the other bringing an end to the occlusion . The previous example depicts an event in which the

OAS is constant, but it may vary in more complex events.

In the case of an occlusion that starts with two players for a couple of frames and later changes to

three players when a new one gets close to aid its teammate, the OAS varies, and thus the complexity

of the scene increases. In this case, let OCS
5,30 be the occlusion event described previously, where oCS1

5,10

and oCS2
11,30 are the sub-events that comprise OCS

5,30 (event starts with two players and ends with three),

the OAS is useful to break off a complex event into several simpler ones. However, the event can get

even more complex by simply adding intermittency to one of the players.

If we take the previous example and add intermittency, let’s say that the third player enters and

leaves the Occlusion Event Region (OER) several times, the OEC increases as the tracking algorithm

must deal with an intermittent merge/split for several continuous frames, result of the third player

interacting with the previously occluded pair. If there are many intermittent players, the complexity of

the scene increases even more. Thus, we can identify a SOE as one that has no intermittency, with an

Occlusion Dynamics Index Intermittency weight (ODI-I) of 0; and a DOE as one with intermittency,
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with an ODI-I of the number of intermittent players.

Other factor to consider for the OEC is if the players interacting are from the same team, as similar

color distribution leads to Identity Swap, it is easier to distinguish players from different teams. In

this sense, we define an Occlusion Dynamics Index Team weight (ODI-T) of 1 if there are players from

different teams, an a ODI-T of 2 otherwise. The final ODI is the summatory of the ODI-I and ODI-T,

e.g. an occlusion event with two players of the same team (ODI-T of 2) where one is intermittent

(ODI-I of 1) would have an ODI of DyIx = 3. To calculate the final OECS of this example, we use its

OAS, with a value of AgIx = 1 as there are only two players present, and multiply it by the DyIx,

the OECS of this simple event would be CS = DyIx ∗ AgIx = 3 ∗ 1 = 3; if we take an scenario

with the same OAS but with no intermittency and players from different teams (DyIx = 1) the final

OECS is CS = 1, which is the simplest possible occlusion event (a CS = 0 would mean no occlusion

is happening).

CS = DyIx ∗AgIx = (ODI − T +ODII) ∗ [1 + (x− 2) · 1x 6=2] (2.1)

This project will focus on occlusion events with an OECS CS = 1, 2, which are simple occlusion

events, cases where CS >= 3 will be tested, as those are interesting and challenging scenarios (specially

if the high score is due to intermittency), but no specific result is pursued over it. The most common

OECS are yet to be obtained from scene labeling on real matches, to be shown in further results.

2.3 The Graph Representation

A graph G is a mathematical structure that shows relations between the objects it comprises, it mainly

consists of two things, a set V = V (G) whose elements are called vertices, points, or nodes of G, and

a set E = E(G) of unordered pairs of distinct vertices called edges of G, such a graph is denoted by

G(V,E). If there is an edge e = {u, v} (the edge e connects vertices u and v), then vertices u and v

are adjacent and are the endpoints of e [73].

Graphs can be pictured by diagrams where each vertex v in V is represented by a dot or a small

circle, and each edge e = {v1, v2} is represented by a curve which connects its endpoints v1 and v2 (see

figure 2.5 for a generic example of a graph).
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Figure 2.5: Graph G pictured by its vertices and edges relations (Left), example of a weighted graph
(Right).

If graph G is assigned data to its edges and/or vertices, it is called a labeled graph, in particular,

G is called a weighted graph if each edge e is assigned a number w(e) called the weight or length of e,

and thus an edge-weighted graph (see figure 2.5).

A complete graph is a graph G in which every vertex is connected to every other vertex in G (see

figure 2.6). A graph is directed if it is made up of a set of vertices connected by edges, where the edges

have a direction associated with them.

v1
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v3

v4

e1

e2

e3

e4
e5

e6

Figure 2.6: Complete graph example

A multipartite or k-partite graph G is one in which its vertices V can be partitioned into k different

independent subsets such that vertices of the same subset are not adjacent. If the amount of subsets



26

k = 2, it is said to be a bipartite graph, if k ≥ 3, it is said to be a k-partite graph. It is a complete

k-partite graph if every pair of graph vertices in the k sets are adjacent, if the subsets have p, q, ..., r

vertices respectively, the complete k-partite graph is denoted Kp,q,...,r (see figure 2.7).

u1

u2

u3

u4

u5

v1

v2

v3

v4

U

V

Figure 2.7: Bipartite Graph Example

In the case of ACE platform, a series of k frames are represented by a directed edge-weighted

k-partite graph mpg, where the vertices (nodes) of each subset k represent a set of characteristics for

each object of interest (players, ball and referee), and the weighted edges represent a cost of making

the nodes adjacent (i.e. the weight of node ui from subset k-1 representing the same object as node vj

from subset k). The mpg is initiated as a complete graph, and is then minimized by a shortest-path

algorithm to obtain a graph where ideally each node has exactly one adjacency (see figure 2.8). If

there were no faults when tracking the players, each subset k would have the same exact number of

nodes (not considering player expulsions or replacements) and the ideal minimized graph would be the

common output, however, that is not the case in a real scenario.
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Figure 2.8: Bipartite graph example with 4 nodes in each subset. Left: Complete Bipartite Graph.
Right: Minimized Ideal Bipartite Graph.

2.4 Multiple Multipartite Graphs

Object tracking involves detecting and identifying the object of interest in an image k, and preserving

its identity in the next images {k + 1, ..., k + i} from a sequence of consecutive images (detecting

and identifying the same object as itself in each image). Different features are extracted to estimate

the object’s position in the image, in this sense, the identity assignation and position estimation are

considered to be an assignment hypothesis. Different considerations are taken to determine if that

hypothesis actually represents the desired object, in a probabilistic tracking approach, each possible

assignment with a high probability is a hypothesis (for example each particle in a PF[22]), where the

tracking result can be a single hypothesis with the highest probability, the average of the hypotheses

with highest probability, or a region of high probability. In a data association tracking method, in

particular a Multipartite Graph (MPG) approach, each node adjacency combination is a hypothesis

(see figure 2.9), it can be said that a complete MPG is one that represents the whole hypothesis space.
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Figure 2.9: 3 assignment hypothesis examples for a multipartite graph of 3 subsets with 3 nodes
each.

When considering the features extracted and other constraints (like distance and speed constraints)

many of those hypotheses can be easily discarded, as they are not possible due to known physical

interactions (e.g. a player cannot be on one side of the field in frame k and on the other side of the filed

in frame k+1, if consecutive frames represent a lapse less than a second). For the plausible hypotheses,

usually a shortest-path algorithm is used to determine the best fit minimized graph according to the

different weights assigned to each edge (from features and constraints). However, the usual approach

is to build a MPG for a fixed window size of K frames, and pick the very best assignment hypothesis

and discard the rest, which would be the final solution if we suppose that the data from which the

MPG was built is accurate with no noisy, spurious or missing identities, what happens in real case

scenarios, thus the local best hypothesis may not be the global best, or even the best for a MPG that



29

considers the frames from the same window and the next one.

One way to illustrate it is by comparing the hypothesis decision by shortest-path to what some-

times occurs with a GPS map navigator. It can occur that the driver is suggested to take an exit to go

through a path which is just 1 second faster than the current course, the driver may decide not to do so

considering that 1 second is not gain enough and that taking the exit would lead to a known hill that

the tracker dismisses as it lacks topography information, leading to a slow down and therefore lasting

even more than estimated, the algorithm is designed to pick the shortest path from the currently

available data. It can be argued that incorporating a way to calculate the estimated time of arrival

(ETA) considering the hill slow down would improve ETA’s accuracy, let’s now consider the case in

which the navigator does not know beforehand every route from a map, but it generates the best route

evaluating a portion of the map by fixed size windows as the car advances, then, until the window with

the portion of the map that includes the hill is processed the algorithm won’t take into account its

existence, it may still offer the driver to continue to the hill, but it is only after the algorithm detects

the hill that it can conclude that the current path does not lead to the global optimum. Similarly

when tracking football players (specially if the final goal is to track live players), when the current

window of frames is being processed, the algorithm does not know how the batch relates to the next,

if there is loss of information in the next batch or if the current one is missing a player that is detected

in the next; the shortest-path approach picks the local best hypothesis, which may not coincide with

a global best hypothesis.

The above scenario may result in cuts in motion flow, for example a motion scene being composed

of two MPG due to window sizing and sequential graphs creation instead of a single MPG, an occlusion

event could be split into several MPG with its own faulty local optimum that makes no sense once put

together; in the end, the final graph representing the whole match is a chain of local bests hypothesis

added sequentially, which may not have the same results as a MPG made from the entirety of the

match’s frames, more study is required to understand the extent of the effect of different window sizes.

As of now, the tracking phase is fed an optimum initial state that may or may not include errors and

assume it as the truth so as to link each sequential batch (hence the importance of a clean segmentation

and detection before the tracking phase to prevent spreading errors the tracking algorithms will take

as truths). Figures 2.10 and 2.11 compares the general processing of the MPGs of a scene comprised

of 6 frames with a window size 3 and 6, respectively.
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Figure 2.10: Multipartite graph processing with a window size 3 of a scene comprised of 6 frames.
Subsets U, V and W represent the first 3 frames of the scene, as the window size is 3, these subsets
comprise the first MPG, it is minimized and the final subset W is the starting point for the minimization
of the next MPG for the last 3 frames of the scene.
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Figure 2.11: Multipartite graph processing with a window size 6 of a scene comprised of 6 frames.
Subsets U, V, W, X, Y and Z represent the whole scene in a single MPG, which is then minimized
with the whole scene’s information.

Considering the local optimum as an assignment hypothesis (one possible assignment solution

based on the available data), let’s suppose the tracking can be improved by holding the assignment,

or hypothesis selection, until there is more information for an actual best pick (we have knowledge

that there is a hill coming, so let’s be flexible with the MPGs optimization). Keeping a set of best

local optimums instead of only the best local optimum grants a set of alternative assignments the

tracker can piece together into building a wider optimum without committing to the initial assignment

based on limited scene information. The idea of propagating multiple assignments hypothesis was first

presented in 1974 by Singer, Sea and Housewright [83] to be used in dense multitarget environments,

and later expanded in 1979 by Reid [1], presented as Multiple Hypothesis Tracking (MHT) algorithm, a

systematic approach to solve tracking of multiple objects in a complex scenarios. The algorithm mainly

consists on creating assignation hypothesis and propagating them as new measurements and detections

are incorporated into the assignment space, usually depicted as a decision tree that encompasses the

hypothesis space (figure 2.15). Those discarded hypothesis (branches) are pruned from the hypothesis

tree, each new measure adds new information and thus creates a new subset of hypotheses (hypothesis

branches).
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Figure 2.12: Hypothesis Tree: tree representation of formed hypotheses. [6]

There exist different implementations of a MHT algorithm [1], [6], [8], [13], [18], [29], as well as

variations depending on the area of research, improvements or the algorithm it is mixed with [14], [30],

[42], [50], [58], [101], but two key aspect remains, the first one is its high complexity and computational

cost due to the hypothesis creation process (hypothesis can become virtually infinite if not limited) that

makes it a requirement to use a robust pruning method and to limit its length with a fixed maximum

size. This issue is similar to the one previously discussed with MPG, however, due to its complexity

and cost, it is not desired to use MHT for the entirety of the match but rather in sections where it

may come handy, like in occlusion events (here it is paramount the idea of occlusion events detection

and classification).

The second aspect regarding MHT is its tree-like shape, comparing the main structure of a Hy-

pothesis Oriented hypothesis tree [6] with an MPG (figures 2.9 and 2.11), where each branch of the

tree is a hypothesis and each possible assignment combination in a MPG is a hypothesis (taking each

subset as a single node of a hypothesis branch), the possible MPGs can be arranged each as a branch

of a hypothesis tree, thus making the whole hypothesis tree into an MMPG space (figure 2.13), where

hypothesis pruning would mean to discard an MPG, and hypothesis propagation the incorporation of

new subsets, i.e. expanding each hypothesis/MPG with new measurements from the following video

frames. Each new subsequent MPG window adds a new set of hypothesis branches to the existent ones,

making the hypothesis tree grow.
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Figure 2.13: Depiction of Multiple Multipartite Graphs structure based on a Hypothesis Tree, where
the first common subset is the starting point, each branch is a hypothesis composed of a possible
reduced MPG

Following the previous intuition, an MHT-like structure can be obtained by an MPG of MPGs,

where each MHT represents a hypothesis branch.

2.5 Player Identification

An essential aspect of a correct object tracking is the ability to retain the unique identity of each

object throughout the video. In optical object tracking, characteristics extracted from the video can

be used as a first layer of attributes that distinguishes one object from another; properties derived from

the first set of attributes, as speed or trajectory direction, can be used as complementary attributes.

Moreover, building a set of attributes can be extended to groups of objects to determine belonging to

a certain group (spurious blobs vs player blobs, referees vs players, team A vs team B, etc).

Player Model

From a 2D image object identification standpoint, an object of interest is but a cluster of pixels that

standout from the rest of pixels in the image. From these pixels some attributes can be extracted to

build the object’s characteristics that make it a unique object. Directly from each pixel we can extract

the color information in different formats, hue, saturation, its position relative to the global frame of

reference; from the cluster of pixels we can calculate histograms of visual properties, centroid, contour,

area, perimeter, aspect ratio, and more. This first set of attributes becomes useful when identifying

objects in the same image scene, as the slightest variance can be used to distinguish between similar

objects. These attributes can also be used to filter between spurious identifications and actual objects



35

of interest, e.g. using aspect ratio to remove small objects detected from the scene’s background noise,

or using the HSV histogram to filter false positive clusters of pixels that belong to the soccer field

markings and not to a player.

After a proper tracking of an object across multiple sequential images, some other attributes can

be estimated from the historical data, from the record of previous positions the speed and direction of

the object can be estimated, which can be used to predict the object’s next position.

Team Model

Similarly to an individual player, a group of players can also be identified by a set of attributes. In the

case of soccer, the game is designed to have the players belonging to one of two teams, where the players

of the same team wear uniforms of visual similarity (color, shape, patterns) with the exception of the

goal keepers. Sometimes a spurious blob can pass a filter designed from considering individual objects,

i.e. a player is expected to have some aspect ratio or a size within some margins, but spurious blobs

can satisfy these conditions with unexpected shapes and produce false positives. Using the attributes

derived from the common properties of a group of known players of the same team can be used as

an additional filter where a blob is a player blob only if it fits the expected pattern of one of the two

teams.

This useful team model, however, depends on the correct identification of a player, which can lead

to a chicken and egg situation. In the case of knowing beforehand the initial position of the players,

this piece of information can be used to create a trusty team model, but a bit of caution to keep in mind

is that as the match advances and the conditions change (players’ being replaced, the uniforms getting

dirty changing the color distribution, abrupt scene light changes) this model can become obsolete, thus

appropriate tools to keeping this model valid are required to make the most out of it.
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(a) Yellow player with its hue channel his-
togram

(b) Blue player with its hue chan-
nel histogram

Figure 2.14: Comparing players from different teams

Player similarity

Having determined the model of properties that describes a player, its identity is spread to the next

frame by comparing its set of attributes with the objects of the next frame that might represent the

same player. If the objects seem closely related, the identity is spread, otherwise no connection is

established between the objects.

Figure 2.15: Using similarity between blob models to perform identity assignment across sequential
frames

Each attribute is not treated equally, some have a greater impact in determining if the two objects

represent the same player, as is the case of the position, taking into account the physical limitations of

the players and the rate of the video recording (for example 30 FPS, two consecutive frames represent

1/30 of a second) it is impossible for one player to be positioned in one corner of the field in one

frame and in the opposite corner in the next frame, the huge difference in the object’s position rules
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out the possibility of them representing the same player. In the other hand, other attributes are less

influential when determining if the objects represent the same player, as shape or the contained area,

as the players are expected to be humans running and kicking the ball with two legs. Not to say these

traits are not useful or cannot be used to distinguish players, but differences between detected objects

are expected to be low when considering this kind attributes.

Each attribute has its strengths and weaknesses when used for identifying objects (position helps

filtering distanced players but becomes a lesser indicator when comparing objects close together),

it becomes beneficial to use as many traits as available to cover a wider range of situations. Since

some attributes can be used more generally than others, these are integrated into comparing object’s

similarity with a weighted value that can be adjusted to determine the influence of each attribute.

Thus, we can define the dissimilarity between two objects A and B as the weighted difference

between the object attributes, where the lesser the value the more the similarity.

D(A,B) =

n∑
i=1

wi∆(Ai, Bi) (2.2)

Where D(A,B) is the total dissimilarity between objects A and B, n is the number of attributes,

wi is the weight associated with the i-th attribute pair (Ai, Bi), and ∆(Ai, Bi) is the delta (difference)

between the i-th attribute of object A and object B.

Next Position Prediction

When tracking projectiles or objects expected not to change much its trajectory [58], [77], a clear

mathematical model that describes the object’s trajectory is quite useful, whenever the optical tracking

fails, the tracker can rely on the model to predict the object’s position in subsequent frames until it

is detected again by the tracker. The trajectory model can also be used to trace back in time the

objects motion to estimate the trajectory in a time frame not present in the current data set. When

tracking objects with more complex motions or movement freedom, these models can become complex

to determine. In the case of human motion, in spite of having a general sense of where the person

might go based on an objective (the players follow the ball from one side of the field to another),

unknown factors can unexpectedly alter the behavior of the person, and thus its motion (the player

tripped over, slowed down due to fatigue, got distracted by a flying bird, does not know where the ball

is at and so it is not following it, it is positioning itself in advance of a future play).
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PF comes handy in situations like these [32], [58], [65], where instead of predicting the players’

next position, a cloud of points represent the space of possible next positions, the player is then

predicted to be where most of these points cluster. This capability is not currently incorporated into

ACE platform, and integrating it is a whole project on itself.

Assuming some constraints in the motion freedom of a soccer player, a simpler approach can be

used. Considering the input video has a rate of 30 FPS, where the time change between two consecutive

frames is 1/30 of a second, taking into account the distance from which the camera is set from the

field to record the match, the pixel velocity can be calculated to describe the motion of players in the

scene, which can be used to expose how much change are we to expect in between frames for a player

in movement [33].

Keeping things simple, we can assume a rectilinear motion for immediate frames k and k+1, by

knowing the player’s direction and speed from the history of positions the immediate next position can

be estimated. How well the prediction fits depends on how well we can estimate the player’s speed and

direction, which depends on the length of the previous positions history, too short a history makes the

prediction too sensitive to new position information (direction may change on every new prediction)

and too long a history will include outdated position information that may prevent the direction to

be updated (the player moved to the right of the field for too long and then decides to turn the other

side, the history of ’right direction’ weight more in predicting the new direction than the new ’left

direction’).

Object Proximity

As stated before, distance between the position of objects is a useful metric that can be used to rule out

relationships between objects that are too far apart. In the case of occlusion probability, the closeness

between two objects can be used as an early indicator of an occlusion event. However, the distance

between two objects is usually measured between the objects’ centroids, but the occlusion can occur

with any part of the region each object holds, a bigger object can occlude a smaller object even when

the euclidean distance of the centroids is great. Figure 2.16 illustrates this problem by comparing

two set of objects with the same euclidean distance from their centroids, top shows the bigger object

partially occluding the smaller one, bottom shows no interaction between objects of same size.
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Figure 2.16: Problem with occlusion and euclidean distance as proximity metric

To address the previous scenario, the proximity between two objects is defined taking into account

not only the (euclidean) distance between the objects, but also the size ratio between the objects

(width and height ratios), including weighted values to provide flexibility to the calculation on how

each attribute influences the proximity.

proximity = distance× (wdistance + (wsizeWidth × sizeRatioWidth + wsizeHeight × sizeRatioHeight))

(2.3)

Where:

• distance is the Euclidean distance between the centers of the two objects, with (xA, yA) and

(xB , yB) the positions of objects A and B, respectively.

distance =
√
(xA − xB)2 + (yA − yB)2 (2.4)

• sizeRatioWidth is the ratio of the widths of the two objects, with wA and wB the widths of

objects A and B, respectively.

sizeRatioWidth =
wA

wB
(2.5)

• sizeRatioHeight is the ratio of the heights of the two objects, with hA and hB the heights of

objects A and B, respectively.

sizeRatioHeight = hA

hB
(2.6)

• wdistance, wsizeWidth, and wsizeHeight are the weights assigned to each factor (distance, size ratio of

width, and size ratio of height) to control their relative importance in the proximity calculation.
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Object Area Overlap

In terms of occlusion events, it can be useful to know when an object might be take part in an occlusion

event, one tool to determine it is by calculating the overlap between the bounding areas of two objects

[47]. The overlap between two objects’ bounding boxes is can be measured using the Intersection over

Union (IoU), a standard metric in computer vision, and object detection and tracking.

IoU =
Area of Overlap
Area of Union

(2.7)

Where:

• The Area of Overlap is the region where the two bounding boxes intersect. We need to find the

coordinates of the intersection rectangles (e.g., (xmin, ymin) and (xmax, ymax)) and calculate its

area:

Area of Overlap = max(0, xmax − xmin) ·max(0, ymax − ymin) (2.8)

• The Area of Union is the total area covered by the two bounding boxes.

Area of Union = Area of Box A + Area of Box B−Area of Overlap (2.9)

(a) Graphical representation of
area overlap

(b) Overlap of player’s
bounding box

Figure 2.17: Tracking object’s area overlap

2.6 Multiple Object Tracking Metrics for Validation

The performance of the tracker can be evaluated by a set of metrics that expose different aspects of

it by comparing a set of ground truth data with the set of results from the tracker. The ground truth
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data is usually collected from the manual annotation of the players’ positions on each image of a soccer

match video with an annotation tool, a trained person marks the X and Y position of the player and

sets a tag or label to mark the player’s identity. The data of a single image can be used to evaluate

the segmentation and identification algorithms, and the data of the sequential positions of the same

tag across the video can be used to evaluate the performance of the tracking algorithms, i.e. how good

the tracker is at detecting players and how good it is at tracking the players.

Petsas & Kaimakis worked with a static camera for multi-target tracking, aided with 3D data

from Unity3D game engine simulation to generate the data sets [65]. The use of simulation can be

considered for early testing of the algorithm, but there are conditions that won’t match between real

life and simulation (glitching in virtual world, motion that a real person can perform but a virtual 3D

model can’t). Generating data from a simulation can be useful in particular when reference data is

scarce, it is not a secret that manually annotating object tracking ground truth data is an exhausting

and not attractive task.

With the more recent advancements on AI, some tools have been released to aid in generating

ground truth from real data, such is the case of CVAT [61], an AI powered tool. However, both

the simulated soccer matches or the automated annotation tool require more effort and learning than

the traditional manual annotation. Integrating these tools is, however, an improvement for further

development.

Taking a blob as a cluster of pixels that is detected as an object of interest, the following basic

metrics to evaluate the tracker can be defined as:

• False Positive (FP): Blobs that are not an object of interest - spurious blobs.

• True Positive (TP): Blobs that are an object of interest - player blobs.

• False Negatives (FN): Pixels or region of pixels not detected as a blob but that are part of an

object of interest.

• True Negatives (TN): Pixels or a region of pixels not detected as a blob that are not part of an

object of interest.

From the above mentioned metrics others can be calculated to evaluate the tracker on different

aspects [48].
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• False Positive Rate (FPR): Proportion of negative instances incorrectly classified as positive.

FPR =
FP

FP + TN
(2.10)

• False Alarm Rate (FAR): Rate of false positives relative to all negative instances, often equivalent

to FPR.

FAR =
FP

FP + TN
(2.11)

• Detection Rate (DR): Proportion of positive instances correctly classified as positive, also known

as recall or sensitivity.

DR =
TP

TP + FN
(2.12)

• False Negative Rate (FNR): Proportion of positive instances incorrectly classified as negative.

FNR =
FN

FN + TP
(2.13)

• True Negative Rate (TNR): Proportion of negative instances correctly classified as negative, also

referred to as specificity.

TNR =
TN

TN + FP
(2.14)

• Accuracy: Proportion of correctly classified instances (both positive and negative) relative to all

instances.

Accuracy =
TP + TN

TP + TN + FP + FN
(2.15)

• Precision: Proportion of correctly classified positive instances out of all instances predicted as

positive.

Precision =
TP

TP + FP
(2.16)

• Recall: Proportion of positive instances correctly classified as positive (same as detection rate).

Recall = TP
TP + FN

(2.17)
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• F-measure: Harmonic mean of precision and recall, balancing the two metrics.

F1 = 2 · Precision · Recall
Precision + Recall

(2.18)

In the particular case of multiple object tracking, two metrics are widely used to evaluate the

tracker’s performance. Although new metrics are proposed to better evaluate a tracker and analyze

its performance on particular scenarios, MOTA and MOTP are the traditional choice.

• Weighted Multiple Object Tracking Accuracy (wMOTA): A metric that evaluates the spatial

accuracy of a tracker’s predictions for object locations by aggregating errors in detection and

identification.

wMOTA = 1−
∑

k(wFP · FPk + wFN · FNk + wIDS · IDSk)∑
k GTk

(2.19)

Where: wFP, wFN, wIDS are the weights for false positives, false negatives, and identity switches,

respectively, FPk, FNk, IDSk the number of false positives, false negatives, and identity switches

at time k, respectively, and GTk the total number of ground truth objects at time k. The

summation is performed over all time steps (or frames) k.

• Multiple Object Tracking Precision (MOTP): A metric that measures the spatial precision of

a tracking system by evaluating the average alignment between predicted positions and ground

truth positions for correctly matched objects.

MOTP =

∑
i,k di,k∑
t ck

(2.20)

Where di,t is the distance (e.g., Euclidean or IoU-based) between the predicted position and the

ground truth for object i at time k, and ck is the number of matches (correct associations) at

time k.

New interesting benchmarks are being discussed that are worth to pay attention to, as the results

of these new metrics can expose weaknesses and strengths of the algorithms that might remain hidden

when evaluating with a single general metric [12], [56]. Some of the limitations of MOTA metrics are

[44], [56], [71]:

1. Aggregation of Errors: MOTA combines different types of errors into one score, which can

obscure the relative significance of each error (e.g., false positives vs. identity switches).
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2. Bias Toward Crowded Scenarios: In datasets with many ground truth objects, MOTA may

not reflect the severity of errors in sparse environments, since errors are divided by the number

of objects.

3. Ignores Localization Accuracy: MOTA does not consider how accurately the tracker localizes

objects, focusing only on detection and identity consistency.

4. Sensitivity to Matching Threshold: MOTA’s score is sensitive to the threshold used for

matching (e.g., IoU), which can vary across benchmarks and implementations.

5. Penalizes Small ID Switches Heavily: MOTA treats all identity switches equally, regardless

of their duration or frequency, which may not always be a fair representation of tracking quality.

6. Lack of Temporal Behavior Insight: MOTA does not distinguish between occasional and

consistent tracking errors, making it hard to evaluate long-term tracking performance.

7. Negative MOTA Scores: MOTA can result in negative scores if the total errors exceed the

number of ground truth objects, which can be counterintuitive.

8. Poor Differentiation Between Trackers: In simpler tracking scenarios with fewer objects,

MOTA scores for different trackers can be similar, making it hard to distinguish performance.

9. Inability to Handle Partial Matches: MOTA does not account for partial matches (e.g.,

partially occluded objects), which can lead to less accurate evaluations in challenging scenarios.

10. Application-Specific Limitations: MOTA assumes equal importance for all error types across

tasks, which may not align with the priorities of specific applications, such as autonomous driving

or surveillance.

To address these inconveniences, new metrics and benchmarks are in continuous development,

however, these are not explored as part of the current project, but a variation of MOTA is utilized

to evaluate the tracker, this weighted variation assigns different weights to false positives (FP), false

negatives (FN), and identity switches (IDS), having these weights allows us to evaluate the tracker

on different aspects, i.e. we can focus on occlusion events by maximizing identity switches errors and

removing false positives from scope, considering false positives come from segmentation and detection

stages.
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wMOTA = 1−
∑

k(wFP · FPk + wFN · FNk + wIDS · IDSk)∑
k GTk

(2.21)

Where: wFP, wFN, wIDS are the weights for false positives, false negatives, and identity switches,

respectively, FPk, FNk, IDSk the number of false positives, false negatives, and identity switches at

time k, respectively, and GTk the total number of ground truth objects at time k. The summation is

performed over all time steps (frames) k.
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Chapter 3

Methodology

The following tasks and considerations are required to achieve completeness of the projects’ objectives,

separated into three phases: Structure of theoretical background and state of the art, Implementation

of occlusion handling into ACE platform, and Validation of tracking tool.

1. Structure of theoretical background and state of the art

• Review professional literature related to multiple object tracking, sports analysis and state of

the art methods and algorithms on the subject. The literature to be reviewed is maintained

in trusted repositories, as IEEE Explore®, ACM®, ScienceDirect® and Springer®.

• Structure reviewed literature according to distinct approaches on multiple object tracking

and occlusion detection and handling.

• The algorithm to be implemented is an improvement on the current development of the au-

tomatic players’ tracking platform ACE, therefore, this platform functionality and structure

will be studied in order to integrate multiple hypothesis tracking.

• Define occlusion: occlusion detection, occlusion identification, occlusion handling.

• Study how occlusion occurs and its effects on optical tracking of soccer players.

2. Implementation of occlusion handling into ACE platform

• The platform to be used is composed of already existing libraries written in C++, from the

platform ACE and other trusted open-source developers as OpenCV, as well as libraries to

be developed according to the needs of the project.

• Multiple Hypothesis Tracking algorithm implementation is to be studied from professional

literature that depicts its implementation and special considerations, as well as from different

already implemented free access libraries, to develop a custom library that covers ACE’s

platform needs.
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• Alternatives to Multiple Hypothesis Tracking (MHT) are to be considered in order to in-

crease the tracker’s performance metrics.

• ACE tracking platform code is to be maintained in a private repository hosted by the

Laboratory of Pattern Recognition and Intelligent Systems PRIS-Lab.

3. Validation of tracking tool

• The validation will be performed using a manually annotated ground truth database gen-

erated through an Annotation Tool.

• An Annotation Campaign will be organized and executed to facilitate the generation of

ground truth data by the collective work of volunteers.

• The ground truth data includes the 2D position of soccer players from a soccer match

video, the tool will include a means to identify occlusion events, thus allowing to generate

an occlusion ground truth data set for validation.

• A clip of a soccer match video will be selected based on the range of interactions within

it. As the main thread of this project is to evaluate occlusion events, the tracker will be

evaluated using extracts of a soccer match where occlusion are clearly present.

• The principal metric to be used to evaluate the tracker performance is the Multiple Object

Tracking Accuracy (MOTA). Other metrics are included to provide a more complete analysis

of the tracker’s results.

• The tracker’s results are to be compared against the tracking results of the previous release

of ACE tracking platform using the same input video and ground truth data set.
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Chapter 4

Implementation

This chapter covers the implementation of Multiple Hypothesis Tracking (MHT) and Multiple Multi-

partite Graphs (MMPG), as well as complementary logic added to the tracker to increase its perfor-

mance. Sections 4.3, 4.4, 4.2 and 4.6 cover algorithms and processes designed to improve the tracker’s

tracking capabilities, whereas section 4.5 depicts an improvement in the segmentation and detection

phase, designed to provide a cleaner input data set to the tracking phase.

ACE platform is written in C++11 coding language, it uses third-party libraries for specific

utilities (OpenCV image manipulation, yaml-cpp to process input/output files, FFMPG for video

and image processing, ALGLIB for numerical analysis and data processing), but its main framework

is custom code developed for the particular use of the platform, the result of many iterations in

collaboration with students and researchers. The platform is designed to run on Linux environment,

on Windows 10 and above we can use Windows Subsystem for Linux (WSL) or a virtual machine.

Code development is done in JetBrains CLion IDE using a student license [37].

4.1 Multipartite Graph Tracking

ACE tracking platform is based on the implementation of a multipartite graph tracker where each graph

contains all the extracted information of interest from an image frame, sequential graphs represent

sequential frames of the input video. Each node inside a frame represents an individual blob and its

attributes that distinguish it as a unique object, and that can be used to filter spurious blobs from

player blobs, where a player blob represents a soccer player and a spurious blob represents a group of

pixels mistakenly detected as a soccer player.

The tracker flow can be summarized in the following steps:

1. Preparation stage

• The configuration parameters are interpreted from the configuration file.

• Initial state of the players is stored from user input.
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• The input video is processed. General information about it is extracted and stored as

reference.

• The required frames are extracted to start the batch processing.

2. Segmentation and detection stage

• Each frame is processed using different filters to extract the background and segment the

players. In particular, HSV channel data is extracted to extract the green field background.

• Blobs are extracted and assigned attributes, including identification.

• Players’ initial state is used to identify players in the first frame. Euclidean distance to clos-

est blob is used to determine this initial assignment. Some player blobs can be distinguished

from this step.

• Extracted blobs are processed to filter out spurious blobs by aspect ratio and size.

• Remaining blobs are considered player blobs and comprise the nodes or vertices of the frame

graph. The Multipartite Graph (MPG) is built from each new graph.

3. Tracking stage

• The MPG is processed to generate edges between the vertices of graph k and the vertices

of graph k+1.

• Nodes from graph k are compared against nodes of graph k+1. A similarity score is esti-

mated using the node’s (player) attributes. Only the best similarity is preserved to create

an edge between nodes.

• All blobs (nodes) are re-evaluated to filter spurious blobs. Assignment history is used to

aid the filtering.

4. Results preparation stage

• The resulting MPG is used to generate the batch tracking results, which are stored in an

external file. This is done so as to limit the memory consumption and re-utilize memory

resources.

• Visual markings are drawn to the respective frames and saved to an external video file,

which is updated with every processed batch.
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Figure 4.1: Flow diagram of ACE multipartite graph tracker

The MPG infrastructure is robust enough to recover some of the missing identities and detect

blobs merging, specially with the use of an assignment history or memoirs, useful when a player is lost

in a couple of frames and then detected in the following ones.

However, this approach is not without faults. The edges are assigned based on the best similitude

of the isolated graphs that are being compared, resulting in the possibility of assigning a local minimum

that satisfies the mathematical comparison between nodes, but that in reality is a misassignment from

the lack of information of the global scope. More particularly, noise (spurious blobs) and missing

identities do not stop the algorithm from assigning the best local match, e.g. if player P1 from graph

k is missing in graph k+1, the algorithm will try to match it with the available nodes in that graph,

even though the actual node the represents P1 is not present. Also, as the assignment considers only

the best edge for each individual node, it is possible to link more than one node from graph k to the

same node of graph k+1, and vice versa, which leads to duplicate identities that are spread to the

subsequent graphs evaluation. These errors satisfy the mathematical constraints, but are not correct

from a semantic perspective.
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(a) Duplicate identities in ACE tracking: two
players with ID 25 and two players with ID 19
in the same frame

(b) Spurious blob detected as a
player instead of the actual player

Figure 4.2: Examples of errors in ACE tracker identity assignment

4.2 Duplicate solver

Each blob structure holds two identities: the blob identity and the player tag. The blob identity

ensures the object’s uniqueness in the same graph, this does not prevent two blobs of holding the same

attributes, but is needed to process the graphs. The player tag relates a blob object with a player, this

tag is the one used to track the player’s state throughout the video, the final trajectory of a player is

determined by the position of each blob identified as that same player, ordered by the graph sequence

within an MPG. Ideally, only one blob can hold the same player tag within the same graph (players

are unique), however, this is not the case as the conditions of the scenes are not ideal, the presence

of spurious blobs, false negatives, blobs with similar attributes (look-alike players) and occlusion set

the conditions in which solving the MPG is satisfied with duplicated identities, i.e. two blobs different

blob identity share the same player tag.

To address this not ideal result, a constraint in the uniqueness of player tags within the same

graph is integrated to the MPG assignment after edges resolution. When two player blobs share the

same player tag in graph k, the tracker will get the player blob from graph k-1 with the duplicated

player tag we want to fix and calculate again the similarity between the player blob from graph k-1

and player blobs with duplicated tag from graph k, the identity is kept in the player blob with the best

similarity. Next, the tracker will get the closest player blobs from graph k-1 (calculates the proximity

based on 2.5 and a predefined threshold) and the remaining player blobs from graph k whose player tag

was stripped after solving the duplicate conflict, then, tracker calculates once the similarity between

the objects in graph k-1 and the player blobs from graph k without player tag. If the remaining objects

from graph k are similar to an object from k-1 whose identity was not spread to the next frame, its
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identity is assigned to that object in graph k, otherwise, it is assumed that the object in graph k that

got its player tag stripped holds a new identity. This scenario is possible when players are replaced

or ejected from the game. But it can also mean that the tracker failed in detecting a player (missing

identity) and failed to associate its identity to an object when the player was detected again, the same

holds true to the duplicate identity scenario.

(a) Duplicate identities in ACE tracking (b) Fixed duplicate identities

Figure 4.3: Examples of duplicate identities error in ACE tracker fixed by duplicate solver

In an ideal scenario, solving duplicates can help recover missing identities and cover the players’

replacement event. However, as the tracker has to deal with noisy detections, missing identities can

happen more than often, leading the tracker into considering all objects with not fixed identities to

be treated as new objects in scene after solving duplicates conflicts. One improvement is to look into

’the past’ more than one frame, but special considerations are to be taken in terms of proximity, as

the more frames backwards the more spatially distant the objects can be.

4.3 MHT

As explained in [6], MHT can traditionally be implemented in two different ways: Hypothesis Oriented

and Track Oriented. Find below a brief comparison between the two methods, not to be considered

as a definitive nor comprehensive description, but as an easy to digest summary.
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Aspect Hypothesis-Oriented MHT
(HOMHT)

Track-Oriented MHT
(Track-Oriented
MHT)

Core Concept Focuses on hypotheses about
data associations at each frame.

Focuses on hypotheses
about entire tracks over
multiple frames.

Hypotheses Representation Hypotheses represent all pos-
sible detection-to-track associa-
tions for a single frame.

Hypotheses represent
object trajectories (se-
quences of states) over
time.

Decision Granularity Makes decisions frame-by-frame. Makes decisions for full
tracks (spanning multiple
frames).

Deferred Decision-Making Delays decisions about associ-
ations until sufficient evidence
across a few frames is available.

Delays decisions for longer
periods, evaluating track
consistency over multiple
frames.

Ambiguity Handling Resolves ambiguities by main-
taining multiple hypotheses for
each frame.

Resolves ambiguities by
maintaining multiple pos-
sible tracks over time.

Hypothesis Tree Growth Branching occurs with each new
frame based on new detection-to-
track associations.

Tree grows based on possi-
ble continuations of object
trajectories.

Scalability More scalable in highly dynamic
scenes since decisions are local-
ized to each frame.

Computationally expen-
sive for large numbers
of objects due to longer
hypothesis maintenance.

Pruning Prunes hypotheses for each
frame based on their likelihoods.

Prunes entire track hy-
potheses to manage expo-
nential growth of possibil-
ities.

Complexity Lower complexity, as hypotheses
are limited to a single frame’s as-
sociations.

Higher complexity, as the
tree grows to represent en-
tire tracks across multiple
frames.

Accuracy Handles short-term ambiguities
effectively.

Better for long-term
tracking, especially in
occlusions or missed de-
tections.

Decision Scope Decisions are made for individual
associations at each frame.

Decisions are made for
entire object tracks over
time.

Table 4.1: Comparison of Hypothesis-Oriented MHT and Track-Oriented MHT [27], [68], [70], [84]
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After evaluating which approach to implement, the following are the main considerations into

selecting Track Oriented Multiple Hypothesis Tracking (TOMHT) over HOMTH to integrate MHT

into ACE platform:

• The tracker processes the video by batches of images, as MPGs are created for the entire batch,

considering an MPG solution as a single hypothesis more closely relates to TOMHT decision

granularity in spans of multiple frames.

• The desired tracking output is trajectory of each individual player (the history of positions)

defined by the set of player blobs of each graph in the MPG with the same player identity. This

output resembles a single track per player from a TOMHT structure.

• In the case of the Hypothesis Oriented Multiple Hypothesis Tracking (HOMHT) and ACE plat-

form, a new hypothesis is created for each possible set of assignments in a single frame, including

the assignment of new object or dead object. Assuming all possibilities in the space of fixed num-

ber of players in a whole match, hypothesis grow at a rate of , considering the batch processing

we end up with (not considering pruning). In the case of TOMHT, a new track is added only

on new objects detection, assuming a space of fixed number of players, we end up with a fixed

number of tracks maintained for the whole match, each track with as many levels as frames in

the batch.

• Holding a single track per player can help to cover the duplicated identities issue from MPG

described in 4.2.

• Implementing HOMHT in ACE tracker would require greater changes in the framework than

implementing TOMHT, MPG structure can be reused to integrate TOMHT.

As already mentioned, in a TOMHT a single track hypothesis is created for a unique object

of interest, a new branch is created as new identity assignments are done for the object of interest;

considering a top-down hierarchy, the track hypothesis is comprised of assignment levels, where each

level represents the possible detected objects assignment in a particular frame, where subsequent levels

represent sequential frames.
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Figure 4.4: TOMHT: a single track tree represents a single detection, the branches are the assignment
hypothesis. Vertical levels represent frames, nodes in the same level are assignment hypothesis of the
tracked object in the respective frame. [6]

TrackHypothesis

Attributes:
- unsigned root_level

- unsigned int last_level

- unsigned int first_tracked_level

- unsigned int number_untracked_levels

- std::map<unsigned int, std::map<int, double>> levels

- std::string track_name

- int track_id

Methods:
+ InsertTrackNode(unsigned int level, int blob_id, double value)

+ PrintTrack()

+ GetLevelHypothesisByWeight(unsigned int level) :
std::queue<std::pair<double, int>>

+ PruneByAvg()

+ RemoveTrackNode(unsigned int level, int blob_id)

+ GetBestLevelBlobId(unsigned int level) : std::pair<int, double>

Figure 4.5: TrackHypothesis UML

The hypothesis are managed as follows: the track determines the player identity, the level identifies

the frame of the assignment, each node/branch is an assignment hypothesis where we relate the player

identity (track) with the detected player blob (node), i.e. what blobs in the frame might represent the

tracked player. To make use of the MPG data structure, the player blob data structure is updated

so that each node holds its next frame possible assignments or hypothesis space, allowing TOMHT

and MMPG to coexist. Once all hypothesis are created for the current batch, the required tracks are

generated with the hypothesis from the nodes and then the assignments are resolved.
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BlobModel
Attributes:
+ map<unsigned int, PlayerHypothesis> hypothesis_map

+ int blob_frame_number

+ int blob_id

+ int player_tag

+ std::string player_tag_name

+ int cluster

+ int blob_type

+ double area

+ double perimeter

+ double ratio

+ Point2f centroid

+ set<int> blob_labels

+ map<int, int> player_tags

+ vector<cv::Point> contour

+ Mat contour_region

+ Mat histogram

+ std::array<Point2f, 5> position_history

+ map<int, Point2f> merged_centroids

+ map<int, int> merged_blob_ids

+ double direction

+ double speed

+ set<int> player_tag_set

Figure 4.6: PlayerBlob updated structure to support hypothesis

Assignment is determined by similarity to the previous levels, the root of the track represents the

player’s initial state (trusty known state at the beginning of the match from user annotated input). A

similarity threshold is used to keep only certain possible assignments, preventing uncontrolled growth

in track branching for each level, the final identity assignment is solved when the track has all the

necessary levels (all frames in the batch processed), the best branching path is selected, taking into

account that player blobs are unique and so are the tracks (one-to-one relationship between tracks and

players), the same player blob cannot exist in more than one track in the same level, this constraint

helps in preventing duplication of identities. This approach differs from the MPG one in that it is

acceptable to not have a match between nodes in a particular frame, whereas in MPG all nodes are

expected to have a match, forcefully matching can create duplicate identities and cover miss-detections.

A couple of problems worth mentioning that might arise with TOMHT are that if the tracker

struggles in detecting objects continuously (intermittent players), many of these detections can be

interpreted as new objects that will create new tracks, this is particularly problematic if there are many

recurrent spurious blobs. Another problem is that the assignment probability is based of similarity,

too similar objects can cause identity swaps.
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4.4 MMPG

Taking advantage of the non-minimized MPG, the multiple hypothesis can be held in a single non-

minimized MPG as discussed in 2.4. When creating edges between nodes from graph k and nodes

from graph k+1, multiple edges per node are allowed instead of only keeping the best, the hypothesis

growth is controlled by a threshold defined by how far a player can move in between frames (this

same threshold exists in the MPG) so that an edge is created only between nodes in a close space of

a player’s next possible positions. The MMPG is minimized using all the created edges (hypothesis).

Since this approach is based on MPG, some issues are inherited. Without a constraint in unique

identity assignment, duplicate identities are possible, as this scheme is not precisely MHT, where each

hypothesis is constrained to enforce unique assignments, but an adaptation of the idea on holding a

set of possible solutions and delaying assignment resolution until after the whole hypothesis space is

created. Another issue that comes to play is the stitching between MPGs of consecutive batches, an

occlusion event might split into two batches (as discussed in 4.1). To address the duplication issue,

the tracking could be aided by 4.2; to address the batching split we can add flexibility to the tracker

so that batches are not of fixed size, which is discussed in C.

4.5 Filtering spurious

One big issue uncovered during the MHT and MMPG implementation is the high impact of the

spurious blobs in the tracking results. Even after removing spurious blobs by size, ratio, HSV filter

and idleness [92], an important number of spurious blobs remain, which once processed by the any

of the aforementioned tracking approaches will mess up the identity assignments. After the spurious

filtering, these spurious blobs will be considered as player blobs, and therefore are expected to be

assigned some player identity. In the best of cases, these blobs are assigned a new player identity and

can later be caught by the idleness filtering using memoirs (history buffer of existent blobs); in the

worst case, the blobs will assume an existent player identity, causing duplicates, identity switches and

covering up missing identities.

Template matching is widely used in optical object tracking applications [46], [82], its main idea

is to have a template that represents the expected appearance of the object of interest. Based on this

core concept, in 2.5 we discussed the idea of creating a model of attributes that represents a group of

similar objects; any outlier blob is to be considered a spurious blob assuming all players from the same
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team share similar optical attributes.

To create this team model, we start by identifying the actual players to ensure we are not including

spurious blobs into this model. ACE platform can receive an input set of positions that determine

the initial state of the players, usually reserved to the start of the match, from these positions the

platform can determine initial assignments to the detected blobs, any not initially assigned blob is

not considered a player blob, but also not yet considered a spurious blob, as the tracker might fail in

assigning all of the expected initial identities (it can fail in detecting a player from the very start).

After identifying the player blobs, they are assigned to one team or the other by the position on

the field, left team and right team. The hue channel histogram of each player is generated from the

pixels within the contour area, each histogram is stored as part of the team model attributes (see 2.5

figure 2.14). The Bhattacharyya distance [21] of each histogram against all other histograms in the

same team group is calculated and averaged (one avg per player in the team), only the greatest average

is stored as a team model property, to be used a threshold on the furthest two histograms can differ

for a blob to be considered part of the team.

Once both team models are complete, the blobs’ hue histograms are compared against each of the

hue histograms from the team model using the Bhattacharyya distance and averaged. The average

Bhattacharyya distance of the blob under study is then compared with each team models max average,

which serves as the threshold, a blob is considered a player blob only if its average Bhattacharyya

distance is greater than both team models max average Bhattacharyya distances. Only by adding this

new filter, the false positives in the test video dropped by 26.97%.
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(a) Player blobs (b) Spurious blobs

Figure 4.7: Spurious blobs vs Player blobs hue channel histogram filtering

However, since this method relies on the hue histogram distribution within a group, it is still

possible for a spurious blob to fit in, specially when the players’ histogram is closely similar to the field

background, e.g. players wearing uniforms in the green hue spectrum.

To make the filtering more robust, an additional step that compares the predominant colors is

added. When the predominant colors of a player blob are extracted, we can notice a range of colors

even in players with uniforms that resemble the field background, but when we look at spurious blobs,

due to the consistency of the colors within the contour (mostly field, grass, maybe some field markings

that are white), green remains the predominant color. Moreover, when we take not only the blob

contour but the binding box, the color black becomes the predominant color, and as we increase the

numbers of predominant colors to extract, the more times the color black is listed in the spurious blobs,

whereas other colors are extracted from a player blob before we reach the point of black repetition.

Taking advantage of this pattern, an arbitrary number of colors is extracted from each blob, and any

blob with more than an expected number of predominant colors being black is deemed as a spurious

blob. Only this addition reduced the false positives in the test vide by 23.6%.
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(a) Player blobs

(b) Spurious blobs

Figure 4.8: Predominant color swatches: Spurious blobs vs Player blobs. Notice in figure 5.11c that
some spurious blobs can still pass the black predominant color filter.
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(a) Blobs after segmentation in unchanged ACE platform

(b) Blobs after filtering spurious using hue filter in updated ACE platform

Figure 4.9: Example of effectiveness of the hue filter in removing spurious blobs

Figure 4.10: ACE Platform unchanged version wrongfully detecting the corner markings on the field
as an object of interest
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4.6 Handling Occlusion

One problem pending to address with our MHT and MMPG is the case of missing identities. Even

though MHT is designed for situations in which noise or occlusion affect the correct identity assignment

in Multiple Object Tracking (MOT), it is an algorithm that depends on the availability of data (nothing

unexpected), in the case of an occlusion event, it is expected that the occluded object appears again in

scene after the occlusion event concludes, this reappearance can be used to fill in the gaps caused by an

occlusion event. However, in many cases, and more than often with ACE platform, the occluded object

is not detected again after an occlusion, which can be rooted to the segmentation stage in some cases.

It can also happen that the object leaves the first occlusion to immediately enter another occlusion,

rendering the algorithm useless if there is no data to fill in the gaps. In figure 4.11, even though

not a real occlusion event but an error in the segmentation of the players, notice that in frame k the

players are identified but in frame k+1 three players are missing, occlusion handling nor a multiple

hypothesis approach can resolve this situation as there is no detection in frame k+1, there is no identity

assignment to fix/resolve as there are no detected objects to identify or to fix the identities.

(a) Players in false occlusion
event frame k

(b) Players in false occlusion event
frame k+1

Figure 4.11: Spurious blobs vs Player blobs hue channel histogram filtering

From [39], [42], [100], [101] we can notice a pattern on occlusion solving with MHT in which MHT

is used in conjunction with other prediction algorithms that can help recovering missing identities. This

trend is put to test following the core concept from [60], an occlusion alarm is added to determine the

start of an occlusion event by the objects’ bounding box overlapped area, once an object is occluded,

its last know state is used to fill in the gaps during an occlusion event. In the case of ACE platform,

this new object created from the previous state of a missing object is named a Ghost Player, since the
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attributes that determine it as a player blob are not extracted directly from the image but instead

from a player that is no longer with us.

Ghost Player

A Ghost Player consists of a player blob in graph k that is created based of the properties of a player

blob from graph k-1 with a player identity that is missing in graph k. In terms of code, the player

model is the same and are distinguished by a boolean flag ghost_blob. The main goal of a Ghost Player

is to fill in the gaps of a missing player blob, so that it can be used during the assignment resolution.

Figure 4.12: Ghost Player interaction in the graph tracking representation

A Ghost Player inherits the attributes of the missing player, however, as it is to be used as the

actual missing player, its attributes are updated accordingly. From the history of positions, speed

and direction, the new position is estimated as discussed in 2.5, the history of positions, speed and

direction are also updated based of the new position. If the occlusion is long enough, we might end

up in a situation in which the motion prediction is based solely on previous predictions, reducing the

confidence of the prediction on every iteration and making the Ghost Player obsolete and a spurious



64

to the tracker.

(a) Frame k - ACE (b) Frame k - ACE + Ghost Blob

(c) Frame k+1 - ACE (d) Frame k+1 - ACE + Ghost Blob

(e) Frame k+2 - ACE (f) Frame k+2 - ACE + Ghost Blob

(g) Frame k+3 - ACE (h) Frame k+3 - ACE + Ghost Blob

Figure 4.13: Ghost Blob wit drifting next position prediction

To exorcise the Ghost Blob in time so it does not become a spurious, a check is required after its

appearance to determine its value in filling the gaps. One way to do so is by extracting new visual

properties from the updated bounding box, if the Ghost Blob encloses a player, then the prediction

remains valid, but if the blob no longer encloses a player, the prediction has become inaccurate and
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the blob obsolete. Using the team model as described in 4.5 we can determine if the new enclosed

pixels belong to a player or not. It was considered to use the missing player’s previous state as the

point of comparison, but during an occlusion event the missing player is being occluded and thus the

new bounding box might not include the missing player, rendering the comparison useless.

Ghost Blobs are quite situational and its use is in hoping we can predict the missing player good

enough until the tracker is able to detect it again.

Occlusion Alarm

The occlusion alarm is a flag set to each player blob that is soon to be part of an occlusion event.

Occlusion event occurs when two or more objects get too close together from the camera point of view

(see 2.2), we can use this information to try to predict when two objects will face an occlusion event.

[60] use the area overlap percentage of the objects’ bounding box, following this idea, the overlap

percentage of the player blobs’ bounding boxes are calculated, if the percentage crosses a threshold

then the alarm is triggered. Moreover, in ACE platform the occlusion alarm is also triggered by the

euclidean distance and the proximity being too short (see 2.5 and 2.5).

When a flagged player blob in graph k is missing in graph k+1, the assumption is that the player

enter an occlusion event which occluded it and thus the missing identity. From this assumption, a

Ghost Player is created for the remaining of the occlusion event, or when the Ghost Player becomes

obsolete. If the player is detected again, the Ghost Player is removed from the scene.

Player Blob Merge Splitter

ACE tracking platform has the capability of identifying some merging and split events based on the

MPG edges associations, blob area and template matching [64] (to find player blob to recover inside

the merged blob area). The tracker utilizes the memoirs (buffer of blobs history) to recover identities

from a merge event. However, not all merge events as resolved, and some remain only with a tag

identifying a merged blob as a player blob resulting from a merge event, including a list of the player

identities that got merged, i.e. identities from graph k-1 are included as attribute of merged blob in

graph k. Unfortunately, location of the object within the merged blob is not stored, as the retained

information is from the player blobs from previous graph.

To expand this capability, the identified not resolved merged blobs’ identities are split into indi-

vidual player blobs based on the immediate previous state (instead of relying on memoirs). The player
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identity from each blob involved in the merge in graph k is searched in graph k-1, once verified its

previous existence, the player blob’s next position is estimated and inserted into the graph k (see 2.5,

4.6). If all of the blobs from the merged blobs list are resolved, then the merged blob is removed from

graph k (fully resolved), otherwise, it remains as some player blobs remain merged.
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(a) Frame k - ACE (b) Frame k -
ACE + Merge
Splitter

(c) Frame k+1 - ACE (d) Frame k+1 - ACE
+ Merge Splitter

(e) Frame k+2 - ACE (f) Frame k+2 - ACE +
Merge Splitter

(g) Frame k+3 - ACE (h) Frame k+3 - ACE
+ Merge Splitter

Figure 4.14: Splitting merged blobs
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Chapter 5

Results and Discussion

This chapter exposes the most relevant results of this project, as well as interesting findings, and the

strategy followed to generate them.

5.1 Test Strategy

ACE tracking platform has a complex structure with many configurable parts, the control parameters

are defined in a configuration file that the tracker consumes prior to start processing the input video.

To make the results comparable, a fixed set of configuration parameters are selected and maintained

throughout the testing, only configuration parameters that directly affect the aspects under test are

modified between executions, like enabling or disabling Multiple Hypothesis Tracking (MHT). The

main point of comparison is the previous version of ACE tracking platform, provided with a working

environment in a virtual machine image, this version of the tracker is used with the same applicable

configuration parameters, processing the same input videos for the same range of frames and consuming

the same players’ initial positions file. The initial positions of the players are manually annotated in

the first video frame to process utilizing an annotation tool.

ACE tracking platform will process the same input video for the same specific frames under

different combination of enabled features so as to have visibility of the effect of each, helpful into

finding the best combination of features and to identify those that have low benefit in the tracking

results. The main features to test are as follows (identifier in parenthesis):

• ACE without modifications (original)

• Multiple Hypothesis Tracking (mht)

• Multiple Multipartite Graphs (mmpg)

• Hue filter (hue)

• Merge Split (ms)
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• Occlusion Alarm (oa)

• Duplicate Solver (dp/dp_rm)

The results from the previous version of ACE are tagged as ’original’ and the refactored ACE

tracker without any new feature enabled as ’rework’.

The metrics are generated using the validation tool developed during [92]. The ground truth

data set is manually generated using the annotation tool described in 5.1. Both, player’s position and

occlusion events data is incorporated to evaluate the performance of the tracker.

Occlusion events have been picked based on visual selection during the ground truth annotation

process, the Occlusion Event Complexity Score (OECS) is calculated to classify the events, scenes with

multiple occlusion events are classified by the highest OECS, metrics evaluation of individual occlusion

events is not performed, the tracker is evaluated for the whole set of results in a scene, i.e. if the tracker

solves a Steady Occlusion Event (SOE) in a scene but not a Dynamic Occlusion Event (DOE), the

metrics will reflect the unsolved scenario regardless of its effectiveness in resolving the simple event.

Bash scripts are created to automate some processes:

• Execute the tracker with different configuration parameters

• Calculate tracking performance metrics with the validation tool and all generated tracking output

data

• Compile all metric reports into an Excel sheet

• Evaluate the tracking results with different Multiple Object Tracking Accuracy (MOTA) error

weights (steps of 0.1 from 0 to 1 in all three weights combinations).

The complete set of results (videos, clips, screenshots, reports) are accessible through the Pattern

Recognition and Intelligent Systems Laboratory (PRIS-Lab) private Cloud storage at results reposi-

tory.

Environment

The previous version of ACE tracking platform is available in two forms, the first one as source code

maintained in PRIS-Lab private GitLab repository, the second option is a VirtualBox virtual machine

image containing the source code, the development environment and the compiled tracker. The virtual

https://cloud.prislab.org/s/4PSkb4T3DeCGTDw
https://cloud.prislab.org/s/4PSkb4T3DeCGTDw
https://gitlab.prislab.org/mvillaltaf/msc-mpgt
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image is convenient as the environment is already set and ready to use, ACE platform still depends

on a couple of old libraries that have proven to be a nuisance to set up. The environment consists of a

Debian 8 ”jessie” image with the required packages installed to execute the tracker: OpenCV 2.4.13.5,

Yaml-Cpp 0.6.2, ALGLIB 3.15.

The development and testing of the updated ACE tracking platform was done in a Windows

Subsystem for Linux (WSL) environment with Debian 11 ”Bullseye” and the next libraries: OpenCV

2.4.13.5, Yaml-Cpp 0.7.0, ALGLIB 3.15. Yaml-Cpp update does not present a significant change in the

code, as it is used only to parse Yaml files, which retain the same structure. The important libraries

are OpenCV, to processing images and matrix operations, and ALGLIB for data processing.

Soccer player tracking with ACE tracking platform was executed in a personal computer with the

following characteristics:

• OS: Debian 11 (WSL)

• CPU: AMD Ryzen 9

• GPU: RTX 3080 GDDR6 16G

• RAM: 32GB

• HD: 2 TB

During development, the cluster TARÁ from the PRIS-Lab and the Kabré supercomputer from

the National Advanced Computing Collaboratory (acronym in Spanish) (CNCA) [17] were used to

execute the code, particularly during the Kernel Density Estimation (KDE) development, to take

advantage of a high-performance computing system in executing high costly algorithms. However, due

to complications in resources availability and conflicts with code dependencies, and with the eventual

availability of a local machine with enough capacity to run the code in an acceptable time, the clusters

were not accessed afterwards. Following are the specifications of both cluster, as reference. It is

important to note that the high-performance computing systems from both PRIS-Lab and CNCA go

under frequent maintenance and upgrade, the provided information might be outdated.

Nodo Quantity Processor RAM HD GPU
Master 1 Intel Xeon E5-2650 62 GB 500 GB -
Processing 4 Intel Xeon E5-2650 251 GB 500 GB Tesla K20m
Storage 4 Intel Xeon E5-2650 62 GB 40 TB -

Table 5.1: TARÁ System Specification [92]
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Figure 5.1: Kabre supercomputer overview [17]

The input video consist of a panoramic view result of stitching the recordings of two 4K UHD

cameras, each pointing to one half of the soccer fields. The video is processed from frame number 490

to frame number 1080 for a total of 591 frames and 2̃0 s of game. The range is selected taking into

account it covers a full game play (the referees mark the start and end of the play) and that it is a

dynamic scene, with occlusions of up to four players involved; a huge set of frames with no interesting

interaction may not provide insightful results on the effectiveness and robustness of the algorithm when

tracking players and more particularly players in occlusion events.
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Figure 5.2: Camera placement to record soccer matches to cover the whole field [93]

ACE tracking platform configuration parameters are selected from the last status of the previ-

ous tracker version as provided in the virtual machine, see A for a full list of parameters. These

parameters include thresholds and values used during the segmentation and blob creation, region of

interest boundaries, batch size, player blob weights, tracking configurations, output specifications and

enabling/disabling features like Multiple Multipartite Graphs (MMPG), MHT, memoirs and others as

stated in 4.

The input video is selected from the PRIS-Lab repository of videos, and new ground truth an-

notations are generated to include player position and occlusion events. It was considered to utilize

the ISSIA database videos [62], however, as stated in [92], a translator is required to parse ISSIA

format to ACE format, and, following the recommendations, this database was dismissed due to the

annotations incongruence, even though the database might have been cleaned up and harmonized, it

was preferred to not invest time in reviewing the database but instead invest in helping to build a

PRIS-Lab annotation database that can be reused with low effort by ACE and PRIS-Lab researchers

and collaborators, including also information on occlusion events, which is not covered much in the

reviewed literature and not part of public databases.
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Figure 5.3: Example of issues with ISSIA database as informed in [93]

Figure 5.4: Example of input video recorded as part of development of ACE platform [93]

Ground Truth Data Annotation

To generate the Ground Truth data sets two main tasks where executed: development of a new

annotation tool and execution of an annotation campaign.

Annotation Tool

Manual annotation is a time consuming, high effort and low enjoyment task that people tend to

avoid, however, it is a crucial task that generates the ground truth data sets required to validate and

evaluate the algorithms. A new annotation tool with a more friendly and appealing graphical interface

was developed to make annotation faster and easier. The tool is developed in Qt framework, which

contains modularized C++ library classes loaded with APIs for creating graphical user interfaces and

cross-platform applications [31].
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The PRIS Annotation Tool is designed with a flow that lets the user select either a video or a

list of images to work on, it provides the capability of loading an existent set of annotation data sets

to continue on it or to create a clean new set. It provides tools like image panning, zooming in and

out, annotate with points, predefined shapes or with an abstract contour made up of a succession

of points. Wrong annotations can be cleared, the size of the annotation point can be increased to

aid visualization, it has the capability of adding customized tags and create categories to group the

annotations. It also includes a tool to merge multiple annotation files into a single one, allowing cross

collaboration.

A user guide, guided example, installation executable and video tutorial are available in a public

read-only directory from PRIS-Lab cloud storage. The code release 1.0 is maintained in PRIS-Lab

private GitLab repository.

(a) Main Screen

(b) Configuration Screen

Figure 5.5: PRIS Annotation Tool

https://cloud.prislab.org/s/Ss6XRjeFXkfw3ED
https://gitlab.prislab.org/lnunezm/annotator/-/tree/master
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(a) Player position annotation

(b) Occlusion events annotation

Figure 5.6: PRIS Annotation Tool - Annotation pannel
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Annotation Campaign

To accelerate Ground Truth generation and reduce the burden of manually annotating in a single

person, an annotation campaign was designed to enroll people and distribute the annotation tasks.

People were to install the PRIS Annotation Tool in their personal computers, manually annotate

the assigned players and frames at their own leisure and then send the annotations via e-mail. The

annotations are collected, reviewed and merged using the annotations merging tool, resulting in a

single file with all the required annotations for the given frames of a video.

The participants are enrolled by filling a form created with Google Forms, the form collects a

contact e-mail address, explains the purpose of the annotation campaign and asks for consent in

participating, the answers are collected to a private Google Sheets document. Using Google App

Scripts, an automation script is deployed to the cloud to process any forms answer, this script will

check on a list of players to annotate to assign the participant the task of annotating the assigned set

of players. A message is prepared with all the required information and sent to the recipient as per

the form answers, include the link to the campaign resources containing the user guides, the reference

files and the annotation tool installer.

Figure 5.7: Annotation Campaign enrollment automation flow

https://forms.gle/Nxo7NrQwocJDmBaR7
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Figure 5.8: Form to enroll into the Annotation Campaign

Figure 5.9: Automatic confirmation message generated after participants enrollment into the Anno-
tation Campaign



78

The volunteer is expected to follow the steps to setup PRIS-Lab Annotator Tool, load the input

video and the starting point annotation file (to guarantee all participants start with the same init

data), and proceed with the manual annotation. Once the task is completed, the participant sends the

annotation file to the e-mail address created for the campaign, all the annotation files are collected,

reviewed and merged accordingly, to generate the ground truth data set repository including the input

video, a file with the position annotations and a file with the occlusion events annotation.

In spite of the efforts in advertising the annotation campaign, enrollment was low and participation

even lower. Manually annotate objects is not an attractive task and it requires to dedicate several

hours to the task, in the end, the generated annotations were done by a single person. The annotation

campaign needs to be redesigned so as to make it more appealable to the general public; alternatives

to manually annotate ground truth data set is to be taken into consideration more seriously, some

options are using simulated data and integrate AI powered annotation tools like <empty citation>

The generated ground truth files can be accessed from the PRIS-Lab private cloud repository.

https://cloud.prislab.org/s/QzGdfqRTFH5Zsgn
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Figure 5.10: Examples of occlusion events and players’ position manual annotations generated with
the PRIS Annotation Tool
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5.2 Results Evaluation Metrics

The following metrics are considered in evaluating the performance of the tracker: False Positives,

False Negatives, True Positives, Misses error, Mismatches error, Recall, Precision, F1-Score, MOTA

and MOTP. From these, focus is set on False Positives and True Positives (closely related to the

segmentation and identification stages), F1-Score (harmonizes precision and recall) and MOTA (covers

misses, mismatches and false positives). [11], [12]

The tracker is evaluated first by including all errors (false positives, misses, mismatches) into

the weighted MOTA calculation (see 2.6), the same is later evaluated by dismissing the effect of false

positives, considering these are greatly generated by the segmentation and detection stages rather than

the tracking algorithm.

When comparing the results of the individual effect of each improvement feature, it can be noted

that there is no much difference between the obtained MOTA values (variance of 16.3 around mean of

58.7), being the hue filter the one with the greatest improvement of 22% when compared with the

previous tracker; F1-Score also reflects low change (variance of 4.5 around a mean of 74.4%), ranging

between 73% and 78%, MMPG having the highest value from this set. In terms of the basic metrics,

it is important to note that hue filter manages to reduce the False Positives in 33%, a direct result

of filtering out spurious blobs with this filter. This last result is contrasted with occlusion alarm,

duplicate solver and merge splitter, where the inclusion of faulty Ghost Blobs introduce new False

Positives.

Feature FP FN TP MSM Rcll Prcn F1 MOTA MOTP
original 18.76 31.46 68.54 24.07 0.69 0.78 0.73 56.75 0.10

hue 12.56 29.32 70.68 20.26 0.71 0.87 0.78 69.18 0.11
mmpg 10.13 30.61 69.39 31.78 0.69 0.88 0.78 58.73 0.14
mht 17.95 30.30 69.70 24.02 0.70 0.80 0.74 58.22 0.17
oa 20.12 31.01 68.99 23.85 0.69 0.77 0.73 56.06 0.13
dp 20.32 31.01 68.99 23.17 0.69 0.78 0.73 56.91 0.13

dp_rm 20.32 31.05 68.95 23.17 0.69 0.78 0.73 56.90 0.13
ms 20.33 31.05 68.95 23.18 0.69 0.78 0.73 56.90 0.13

Table 5.2: Tracking Metrics Summary - Individual Enabled Features
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Feature FP Reduction TP Improvement MOTA Improvement
hue -33.0% 3.1% 21.9%

mmpg -46.0% 1.2% 3.5%
mht -4.3% 1.7% 2.6%
oa 7.2% 0.7% -1.2%
dp 8.3% 0.7% 0.3%

dp_rm 8.3% 0.6% 0.3%
ms 8.4% 0.6% 0.3%

Table 5.3: Tracking Metrics Improvement - Individual Enabled Features

When we include features combinations, e.g. MMPG with huel filter and occlusion alarm, a

more varied range of results is found. For ease of comparison, the results are grouped by main feature,

i.e. MHT + features, MMPG + features, and the remaining combinations. An important result is that

for each group hue filter provides the best tracking results, which can be attributed to the reduction

in False Positives.

Features FP FN TP MSM Rcll Prcn F1 MOTA MOTP
mht_hue_dp_rm_ms 10.58 28.92 71.08 19.86 0.71 0.89 0.79 71.12 0.14
mht_hue 10.60 28.58 71.42 19.89 0.71 0.89 0.79 71.10 0.14
mht_hue_dp_ms 10.58 28.89 71.11 19.94 0.71 0.89 0.79 71.04 0.14
mht_hue_dp 10.55 28.63 71.37 19.98 0.71 0.89 0.79 71.01 0.14
mht_hue_ms 10.61 28.99 71.01 20.00 0.71 0.89 0.79 70.98 0.14
mht_hue_dp_rm 10.53 29.01 70.99 20.08 0.71 0.89 0.79 70.90 0.14
mht_mmpg_hue 10.59 28.81 71.19 20.08 0.71 0.89 0.79 70.90 0.14
mht_hue_oa_ms 10.72 28.48 71.52 20.09 0.72 0.89 0.79 70.66 0.14
mht_hue_oa_dp_rm_ms 10.58 28.68 71.32 20.19 0.71 0.89 0.79 70.56 0.14
mht_hue_oa_dp_ms 10.62 28.79 71.21 20.33 0.71 0.89 0.79 70.42 0.14
mht_hue_oa_dp_rm 10.60 28.88 71.12 20.38 0.71 0.88 0.79 70.38 0.14
mht_hue_oa 10.70 28.89 71.11 20.42 0.71 0.88 0.79 70.33 0.14
mht_hue_oa_dp 10.61 28.72 71.28 20.44 0.71 0.89 0.79 70.31 0.14
mht 17.95 30.30 69.70 24.02 0.70 0.80 0.74 58.22 0.17
mht_mmpg 17.95 30.30 69.70 24.02 0.70 0.80 0.74 58.22 0.17
mht_ms 17.95 30.30 69.70 24.02 0.70 0.80 0.74 58.22 0.17
mht_dp 17.82 30.36 69.64 24.10 0.70 0.80 0.74 58.14 0.17
mht_dp_ms 17.82 30.36 69.64 24.10 0.70 0.80 0.74 58.14 0.17
mht_dp_rm 17.82 30.37 69.63 24.10 0.70 0.80 0.74 58.14 0.17
mht_dp_rm_ms 17.82 30.37 69.63 24.10 0.70 0.80 0.74 58.14 0.17
mht_oa 17.96 30.14 69.86 24.81 0.70 0.79 0.74 56.99 0.17
mht_oa_ms 17.96 30.14 69.86 24.81 0.70 0.79 0.74 56.99 0.17
mht_oa_dp 17.53 30.10 69.90 25.00 0.70 0.79 0.74 56.72 0.17
mht_oa_dp_ms 17.53 30.10 69.90 25.00 0.70 0.79 0.74 56.72 0.17
mht_oa_dp_rm 17.59 29.99 70.01 24.99 0.70 0.79 0.74 56.72 0.17
mht_oa_dp_rm_ms 17.59 29.99 70.01 24.99 0.70 0.79 0.74 56.72 0.17

Table 5.4: Tracking Metrics Summary for MHT Variations
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Features FP FN TP MSM Rcll Prcn F1 MOTA MOTP
mmpg_hue_dp_ms 2.17 29.28 70.72 28.91 0.71 0.98 0.82 69.33 0.13
mmpg_hue 2.17 29.24 70.76 28.92 0.71 0.98 0.82 69.32 0.13
mmpg_hue_dp 2.17 29.41 70.59 28.92 0.71 0.98 0.82 69.32 0.13
mmpg_hue_dp_rm_ms 2.17 29.33 70.67 28.92 0.71 0.98 0.82 69.32 0.13
mmpg_hue_ms 2.17 29.20 70.80 28.92 0.71 0.98 0.82 69.32 0.13
mmpg_hue_dp_rm 2.17 29.39 70.61 28.93 0.71 0.98 0.82 69.31 0.13
mmpg_hue_oa_dp_ms 2.19 29.71 70.29 29.31 0.70 0.98 0.82 68.89 0.13
mmpg_hue_oa_dp_rm 2.18 29.65 70.35 29.31 0.70 0.98 0.82 68.89 0.13
mmpg_hue_oa_dp_rm_ms 2.19 29.66 70.34 29.31 0.70 0.98 0.82 68.89 0.13
mmpg_hue_oa_ms 2.19 29.77 70.23 29.32 0.70 0.98 0.82 68.88 0.13
mmpg_hue_oa 2.19 29.69 70.31 29.33 0.70 0.98 0.82 68.87 0.13
mmpg_hue_oa_dp 2.19 29.64 70.36 29.33 0.70 0.98 0.82 68.87 0.13
mmpg 10.13 30.61 69.39 31.78 0.69 0.88 0.78 58.73 0.14
mmpg_ms 10.13 30.61 69.39 31.78 0.69 0.88 0.78 58.73 0.14
mmpg_dp 10.13 30.59 69.41 31.79 0.69 0.88 0.78 58.72 0.14
mmpg_dp_ms 10.13 30.59 69.41 31.79 0.69 0.88 0.78 58.72 0.14
mmpg_dp_rm 10.14 30.59 69.41 31.79 0.69 0.88 0.78 58.71 0.14
mmpg_dp_rm_ms 10.14 30.59 69.41 31.79 0.69 0.88 0.78 58.71 0.14
mmpg_oa 10.05 30.88 69.12 32.4 0.69 0.88 0.77 58.03 0.14
mmpg_oa_ms 10.05 30.88 69.12 32.4 0.69 0.88 0.77 58.03 0.14
mmpg_oa_dp 10.15 30.76 69.24 32.48 0.69 0.88 0.77 57.76 0.14
mmpg_oa_dp_ms 10.15 30.76 69.24 32.48 0.69 0.88 0.77 57.76 0.14
mmpg_oa_dp_rm 10.14 30.75 69.25 32.51 0.69 0.88 0.77 57.74 0.14
mmpg_oa_dp_rm_ms 10.14 30.75 69.25 32.51 0.69 0.88 0.77 57.74 0.14

Table 5.5: Tracking Metrics Summary for MMPG Variations
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Features FP FN TP MSM Rcll Prcn F1 MOTA MOTP
hue_dp_rm_ms 12.55 29.25 70.75 20.24 0.71 0.87 0.78 69.20 0.11
hue 12.56 29.32 70.68 20.26 0.71 0.87 0.78 69.18 0.11
hue_dp 12.56 29.36 70.64 20.26 0.71 0.87 0.78 69.18 0.11
hue_dp_rm 12.55 29.20 70.80 20.27 0.71 0.87 0.78 69.17 0.11
hue_dp_ms 12.59 29.43 70.57 20.26 0.71 0.87 0.78 69.14 0.11
hue_oa 12.47 29.21 70.79 20.31 0.71 0.87 0.78 69.13 0.11
hue_ms 12.63 29.41 70.59 20.28 0.71 0.87 0.78 69.12 0.11
hue_oa_ms 12.54 29.31 70.69 20.39 0.71 0.87 0.78 69.02 0.11
hue_oa_dp 12.63 29.11 70.89 20.26 0.71 0.87 0.78 68.95 0.11
hue_oa_dp_rm_ms 12.65 28.90 71.10 20.24 0.71 0.87 0.78 68.95 0.11
hue_oa_dp_ms 12.68 29.09 70.91 20.26 0.71 0.87 0.78 68.91 0.11
hue_oa_dp_rm 12.63 28.93 71.07 20.30 0.71 0.87 0.78 68.90 0.11
dp 20.32 31.01 68.99 23.17 0.69 0.78 0.73 56.91 0.13
dp_ms 20.32 31.01 68.99 23.17 0.69 0.78 0.73 56.91 0.13
dp_rm 20.32 31.05 68.95 23.17 0.69 0.78 0.73 56.90 0.13
dp_rm_ms 20.32 31.05 68.95 23.17 0.69 0.78 0.73 56.90 0.13
ms 20.33 31.05 68.95 23.18 0.69 0.78 0.73 56.90 0.13
oa 20.12 31.01 68.99 23.85 0.69 0.77 0.73 56.06 0.13
oa_ms 20.12 31.01 68.99 23.85 0.69 0.77 0.73 56.06 0.13
oa_dp_rm 20.01 30.65 69.35 24.00 0.69 0.77 0.73 55.52 0.14
oa_dp_rm_ms 20.01 30.65 69.35 24.00 0.69 0.77 0.73 55.52 0.14
oa_dp 20.01 30.92 69.08 24.05 0.69 0.77 0.73 55.45 0.14
oa_dp_ms 20.01 30.92 69.08 24.05 0.69 0.77 0.73 55.45 0.14

Table 5.6: Metrics for various feature sets
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Another important aspect to highlight is the discrepancy between Precision and Multiple Object

Tracking Precision (MOTP), the lowest Precision value obtained is 77%, whereas the highest MOTP

is 17%. In the first case, Precision is higher as True Positives in all cases are around 70% and False

Positives can become as low as 2%, we only care if the objects to be tracked are being detected, it is

mainly about quantity. But in the case of MOTP we include an error from the distances between the

detected objects (predicted position) and the actual objects’ positions (true position), as we are tracking

the centroids of the objects, the MOTP value is highly influenced by the correct centroid estimation

(are we clustering all the pixels?) and the correct ground truth annotation (are we correctly annotating

the players?), thus it is no surprise this metric, even though mentioned in literature, is not as popular

as MOTA when presenting the results. However, such low MOTP in contrast with the rest of the

metrics raises a flag into reviewing the two aforementioned aspects in evaluating the tracker.

From MMPG results (5.5) False Positives can drop to 2%, resulting in a reduction of spurious

blobs of 88% comparing with the previous version of ACE when including the hue filter in addition

with other features, hue filter helps by eliminating spurious blobs, which reduces the noise in the data

set the tracker is to process (see figure 4.9), and the other features complement in helping the tracker

better assign the identities, so missed spurious blobs are not assigned a player identity during tracking

resolution. The best combination of features in this first set is MHT with hue filter, duplicate

solver and merge splitter, however, there is no much difference between the first five combinations

from table 5.4, the common features are MHT and hue filter.

Feature FP FN TP MSM Rcll Prcn F1 MOTA MOTP
original 18.76 31.46 68.54 24.07 0.69 0.78 0.73 56.75 0.10
mht_hue_dp_rm_ms 10.58 28.92 71.08 19.86 0.71 0.89 0.79 71.12 0.14

Table 5.7: Metrics for Original and mht_hue_dp_rm_ms features

Feature FP Red TP Imp MOTA Imp
mht_hue_dp_rm_ms -43.6% 3.7% 25.3%

Table 5.8: Performance Improvement Metrics for mht_hue_dp_rm_ms feature

Taking into account the whole set of results for the testing data set, the variance of MOTA is

38.72, the results are relatively widely spread around the mean of 63.43, if we take into account only

the results of the combinations that include hue filter, the variance is 0.69 around a mean of 69.67,

and if we exclude hue filter we get a variance of 5.56 around a mean of 57.7. Results including hue



85

filter are in average 20% better in MOTA than those without it, spurious filtering has the greatest

impact in improving ACE tracking platform performance.

If we take out of scope the false positives error and focus on occlusion related errors (see 2.6 [56]),

we can set the w_FP=0 in our MOTA calculation to get a metric that reflects only errors on players

identity retention (misses and mismatches). Note in 5.9 how the improvement from including hue

filter is reduced to 5%, which is in line with leaving out the false positives errors from the metric,

hue filter feature is great at cleaning noisy detections, but it does not do much on its own in terms

of actual tracking, as already mentioned before, it is a combination of features (cleaning the data set

+ handling missing identities) that generate the best results.

Feature MOTA FP Reduction (%) TP Improvement (%) MOTA Improvement (%)
original 75.93 - - -
rework 76.82 8.4% 0.6% 1.2%
hue 79.74 -33.0% 3.1% 5.0%
mmpg 68.22 -46.0% 1.2% -10.2%
mht 75.98 -4.3% 1.7% 0.1%
oa 76.15 7.2% 0.7% 0.3%
dp 76.83 8.3% 0.7% 1.2%
dp_rm 76.83 8.3% 0.6% 1.2%
ms 76.82 8.4% 0.6% 1.2%

Table 5.9: MOTA evaluation with false positives error weight equals 0

When evaluating all features combinations, the best result is once again the MHT with hue filter,

duplicate solver and merge splitter.

Feature MOTA MOTP FP Red (%) TP Imp (%) MOTA Imp (%)
mht_hue_dp_rm_ms 80.14 0.14 -43.6% 3.7% 5.5%

Table 5.10: MOTA for the MHT with Hue Filter, Duplicate Solver and Merge Splitter features with
false positives error weight equals 0

Making use of the occlusion events classification (see 2.2), we can evaluate the tracker in occlusion

events identified by the OECS. Frames with simple occlusion events (CS=1) should not be a great

challenge to the tracker, we can note how it succeeds in retaining the identities after an occlusion event

O1
581,597 (figure 5.11), however, it is important to note that these identity misses events start even prior

to an actual occlusion event taking place (being strict in the definition by overlapping objects), this

is due to errors in the segmentation of the players in which two close players are considered as one

single big blob as the algorithms fail to separate them (see figure ), it is good that the tracker is able
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to identify this merge event and keep track of identities even after one is lost, but these errors make it

more difficult to evaluate the performance on occlusion events using the traditional methods, as many

of these are not actual occlusion events but just the tracker being unable to separate clusters of pixels.

(a) Frame k (b) Frame k+4 (c) Frame k+6

Figure 5.11: ACE Platform identity retention after an occlusion event

Another important take is that since we are reducing the data set when evaluating occlusion

events (selection of frames from a long clip), any mistake or assertion influences more in the metrics.

One example is the event O1
947,1014, which is allocated near the top left corner of the field, even though

the tracker is correctly identifying two players (tagged 25 and 27), other unresolved occlusion events

like o1949 and o2949 will have a major impact in lowering the metrics giving a MOTA of 48%, whereas

reducing the spurious blobs and recovering missing identities even if just one identity will increase the

metrics, giving MOTA of 74% with MMPG, hue filter and occlusion alarm (improvement of 54%).

These results are obtained without tinkering the MOTA weighted values.

(a) Crop of multiple occlusion events with
original tracker

(b) Occlusion alarm recov-
ering one player from com-
plex occlusion event

Figure 5.12: ACE Platform original vs updated in multiple occlusion events O1
947,1014, o1949 and o2949

Another interesting case is event O2
530,534, the occlusion is between two players of the same team,
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however, due to errors in the segmentation four players are being clustered as a single player blob.

Also, as only five identities are missing in the whole scene, MOTA is quite high for this event, with a

value of 80% with the unchanged tracker, and 97% with hue filter and occlusion alarm by recovering

only one missing player.

(a) ACE tracker original version (b) ACE tracker with hue filter
and occlusion alarm

Figure 5.13: Occlusion event O2
530,534 including patients not in occlusion due to segmentation errors
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When comparing scenes of more complexity, as O12
951,979, involving different dynamics between the

players (players switch from one occlusion region to another, making this event a composed of multiple

interacting events), we can notice an improvement in the MOTA of more than 40% in all combinations

of MMPG, with the highest MOTA of 76% against 50.55% from the unchanged tracker. These results

are obtained without tinkering the MOTA weighted values.

(a) ACE original - Frame k (b) ACE MHT + hue - Frame k

(c) ACE original - Frame k (d) ACE MHT + hue - Frame k

(e) ACE original - Frame k (f) ACE MHT + hue - Frame k

Figure 5.14: Snippet of complex occlusion event O12
951,979 comprised of events O1

951,974, O1
957,973, o12974,

O3
975,979 and O1

975,979. One player is recovered by the updated ACE tracker.
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Features SUTobj FP FN TP Rcll Prcn F1 MOTA MOTP
mmpg_hue 521 0 26.34 73.66 0.74 1 0.85 76.07 0.17
mmpg_hue_dp 521 0 26.34 73.66 0.74 1 0.85 76.07 0.17
mmpg_hue_dp_ms 521 0 25.79 74.21 0.74 1 0.85 76.07 0.17
mmpg_hue_dp_rm 521 0 26.34 73.66 0.74 1 0.85 76.07 0.17
mmpg_hue_dp_rm_ms 521 0 25.79 74.21 0.74 1 0.85 76.07 0.17
mmpg_hue_ms 521 0 25.79 74.21 0.74 1 0.85 76.07 0.17
mmpg_hue_oa 533 0 27.31 72.69 0.73 1 0.84 75.45 0.17
mmpg_hue_oa_dp 533 0 27.31 72.69 0.73 1 0.84 75.45 0.17
mmpg_hue_oa_dp_ms 533 0 27.31 72.69 0.73 1 0.84 75.45 0.17
mmpg_hue_oa_dp_rm 533 0 27.31 72.69 0.73 1 0.84 75.45 0.17
mmpg_hue_oa_dp_rm_ms 533 0 27.31 72.69 0.73 1 0.84 75.45 0.17
mmpg_hue_oa_ms 533 0 27.31 72.69 0.73 1 0.84 75.45 0.17
mmpg 578 1.38 24.28 75.72 0.76 0.99 0.86 75.1 0.16
mmpg_dp 578 1.38 24.28 75.72 0.76 0.99 0.86 75.1 0.16
mmpg_dp_ms 578 1.38 24.28 75.72 0.76 0.99 0.86 75.1 0.16
mmpg_dp_rm 578 1.38 24.28 75.72 0.76 0.99 0.86 75.1 0.16
mmpg_dp_rm_ms 578 1.38 24.28 75.72 0.76 0.99 0.86 75.1 0.16
mmpg_ms 578 1.38 24.28 75.72 0.76 0.99 0.86 75.1 0.16
mmpg_oa 597 1.34 25.93 74.07 0.74 0.99 0.85 74.21 0.17
mmpg_oa_ms 597 1.34 25.93 74.07 0.74 0.99 0.85 74.21 0.17
mmpg_oa_dp 608 1.32 25.93 74.07 0.74 0.99 0.85 74.14 0.18
mmpg_oa_dp_ms 608 1.32 25.93 74.07 0.74 0.99 0.85 74.14 0.18
mmpg_oa_dp_rm 608 1.32 25.93 74.07 0.74 0.99 0.85 74.14 0.18
mmpg_oa_dp_rm_ms 608 1.32 25.93 74.07 0.74 0.99 0.85 74.14 0.18

Table 5.11: Metrics of MMPG tracking of occlusion event O12
951,979
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Chapter 6

Conclusion and Recommendations

ACE tracking platform underwent multiple modifications to improve the tracking results with the

occlusion events as the main target, Multipartite Graph (MPG) is robust enough to handle simple

occlusion events (CS=1), the improvement in the tracking results by integrating Multiple Hypothesis

Tracking (MHT) and Multiple Multipartite Graphs (MMPG) is negligible on these events. After

reviewing this result, it was noted that the tracking algorithms are trying to solve identity assignments

in a noisy data set with considerable presence of spurious objects, which lead to the integration

of spurious filtering based on hue histograms Battacharya distance and predominant color swatches

evaluation, reducing the False Positives in 33% when compared with the original tracker. Combining

this spurious filter with other methods to handle occlusion events, as MHT, MMPG, occlusion alarm

and merge splitting, it was possible to achieve a reduction 88% in False Positives in some instances

and an increase of 25% in MOTA with a value of 71%, compared to the original tracker with a MOTA

of 56.75% in the data set, result of the tracker managing to recover missing players from complex

occlusion events. Moreover, when evaluating the tracker in occlusion events, it was possible to achieve

a MOTA of 76%, representing an improvement of 50.1% when compared against the original tracker

with a MOTA of 50.55% under the same event. If we wanted to evaluate more closely the occlusion

events (taking out of the analysis the False Positives as its improvement is related to the hue filtering),

a MOTA of 80% is achieved with MHT.

The tracker is delivered with new features and capabilities to improve tracking by reducing spurious

blobs and integrating algorithms focused at recovering missing identities. A new annotation tool was

developed to aid in generating ground truth annotations, an annotation campaign was designed to

organize collaborative ground truth generation. ACE platform environment was adjusted to be more

friendly on setup and development, and scripts are provided to automate metrics reports to ease on

the tracker’s evaluation.

However, the generated ground truth data set is small, there was low engagement during the

annotation campaign and many segmentation errors are still present that bring noise to the tracking
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algorithms. It is recommended to invest more efforts in generating a clean, complete, varied and

bigger ground truth data set to sustain better the validation of future developments. The annotation

campaign is to be redesigned so as to be more appealing to the general public and reduce even more

the burden of manual annotation, other tools like CVAT [61] and simulated ground truth data are to

be incorporated to reduce the dependency on manual annotation. ACE memoirs are a great structure

to recover missing identities, it is suggested to pay more attention to this kind of methods that take

historical data into resolving tracking issues. Ghost Blobs are a simple way of keeping alive missing

players, but it relies strongly on the next position estimation, which is to be refactored by taking

into account better ways of estimating the player’s next position, Particle Filters are widely used in

multiple object tracking, it could be integrated to strengthen ACE into better predicting position on

missing detections. Even though hue filtering was quite effective in reducing the spurious blobs, the

team model is created only at the beginning of the video, making it possible to become outdated easily,

updating this model with new data as the batches are processed could benefit even more this filter,

however, care is to be taken as to not invalidate the model by incorporating noise on updates. Lastly,

ACE platform is a complex system with many configuration parameters, some improvement in the

tracking results can be obtained simply by selecting the correct parameters for the correct video, it is

highly recommended to invest in developing a dynamic configuration that adjusts ACE setup based

on the scenes under evaluation, rather than having a static set of parameters throughout the entire

processing, segmentation, detection and prunning are highly affected by the selected parameters.
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Appendix A

ACE tracking platform configuration file

Configuration File

# Segmentation parameters

segmentator:

mode: 1

pris:

hue_min: 60

hue_max: 180

spurious_percentage: 10

area_max_threshold: 20000

kernel_size: 9

hue_threshold: 93

enable_morph_line_remover: 1

hmorph_axis: 30

vmorph_axis: 2

enable_hough_line_remover: 1

line_kernel: 10

minLineLength: 50

maxLineGap: 10

shape_contour_remover: 9

lower_boundary: 10

upper_boundary: 95

enable_boundary_blob_remover: 0

enable_morph_operations: 1

morph_erode_kernel: 1

morph_dilate_kernel: 5

enable_manual_field_selection: 1

enable_white_remover: 0

top_left_point_x: 871

top_left_point_y: 42

top_right_point_x: 2757

top_right_point_y: 40
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Configuration File

bottom_left_point_x: 20

bottom_left_point_y: 524

bottom_right_point_x: 3587

bottom_right_point_y: 523

enable_blob_hue_prune: 1

enable_blob_predominant_color_prune: 1

predominant_color_prune_no_of_colors: 4

predominant_color_prune_black_threshold: 20

mog:

history: 100

varThreshold: 16

bShadowDetection: 0

learningRate: 13

spurious_percentage: 4

gaussian_kernel: 3

# Multipartite graph tracker parameters

mpgt:

start_frame: 490

stop_frame: 1080

graph_window: 50

position_weight: 0.08

histogram_weight: 8.0

contour_weight: 1.0

area_weight: 0.0025

speed_weight: 0.05

direction_weight: 2500.0

depth_weight: 0.08

max_speed: 600

max_merge_distance: 100

min_blob_area_threshold: 30

merged_blob_area_threshold: 150

init_tkp_threshold: 25

enable_occlusion_solver: 4

enable_abduction_finder: 1

blob_memoir_length: 300

memoir_diff_threshold: 999999
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Configuration File

enable_clustering: 0

hue_clustering_only: 0

how_many_colors: 4

kmean_colors_cuantization: 16

area_as_cluster_feature: 0

clustering_mode: 4

n_clusters: 6

match_threshold: 50

match_method: 2

enable_kde: 0

enable_pdl: 0

enable_mmpg: 1

enable_mht: 0

enable_occlusion_alarm: 0

enable_duplicate_solver: 0

enable_duplicate_solver_rematch_tags: 0

enable_merge_split: 0

# Drawer settings

drawer:

enable_boundary_blob_remover: 0

lower_boundary: 10

upper_boundary: 90

draw_tags: 1

draw_contours: 0

draw_bounding_box: 1

draw_blob_ids_also: 0

draw_cluster_ids_also: 0

draw_trajectories: 0

font_scale: 3

bounding_box_thickness: 2

trajectories_radius: 2

enable_color_balance: 1

color_balance_percent: 1

draw_pdl: 1

draw_tag_names_also: 0

draw_frame_number: 1
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Configuration File

# PDL settings

pdl:

top_left_point_x: 871

top_left_point_y: 42

top_right_point_x: 2757

top_right_point_y: 40

bottom_left_point_x: 20

bottom_left_point_y: 524

bottom_right_point_x: 3587

bottom_right_point_y: 523

threshold_level: "MID"

# Occlusion

occlusion:

proximity_weight_size_ratio_width: 0.5

proximity_weight_size_ratio_height: 0.5

proximity_weight_distance: 1

proximity_threshold: 100

distance_threshold: 70

overlap_percentage_threshold: 0

resolve_proximity_threshold: 40

# Duplicate Solver

duplicate_solver:

proximity_threshold: 100

proximity_weight_size_ratio_width: 0.5

proximity_weight_size_ratio_height: 0.5

proximity_weight_distance: 1
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Appendix B

Annotation Campaign Notifications Google

App Scripts Code

function getPlayerTag() {

var sheet = SpreadsheetApp.getActive().getSheetByName('EtiquetasAsignadas');

var data = sheet.getDataRange().getValues();

var foundTag = false;

var tag;

for (var i = 1; i < data.length; i++) {

if (data[i][1] == "No") {

tag = data[i][0];

sheet.getRange(i+1,2).setValue("Yes");

sheet.getRange(i+1,3).setValue(data[i][2]+1);

foundTag = true;

Logger.log("Modified availability of tag " + data[i][0] + " to value Yes");

return [tag, sheet.getRange(i+1,4).getValue()];

}

}

if (!foundTag) {

for (var i = 1; i < data.length; i++) {

var cell = sheet.getRange(i+1,2);

cell.setValue("No");

foundTag = false;

Logger.log("Modified availability of tag " + data[i][0] + " to value No");

}

return getPlayerTag();

}

}
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function sendEmail(e) {

var personName = e.values[1];

var recipient = e.values[2];

var anno = e.values[3] == "Sí"? "<li>Anotación de posición</li>" : "";

var occ = e.values[4] == "Sí"? "<li>Anotación de oclusión</li>" : "";

//var video = "jmc-crc-fps30.avi";

//var anno_file = "jmc-crc-anno-f490.json";

//var occ_file = "jmc-crc-occ-f421.json";

//var f0 = 409;

//var ff = 1080;

//var team1 = "jmc";

//var team2 = "crc";

var video = "ucr-csh.avi";

var f0 = 421;

var ff = 1530;

var team1 = "ucr";

var team2 = "csh";

var anno_file = "ucr-csh-anno-f421.json";

var occ_file = "ucr-csh-occ-f421.json";

var players_per_answer = 2;

tag_team = [];

var tag = [];

var team = [];

for (var times = 1; times <= players_per_answer; times++) {

tag_team = getPlayerTag()

tag.push(tag_team[0])

team.push(tag_team[1])

}

var msjAnnoInst = "<p>La anotación de posición la realizará para el(los) jugador(es) con la(s) etiqueta(s)

: ";

for (var i = 0; i < tag.length; i++) {

msjAnnoInst += "<li>" + tag[i] + (team[i] == 0 ? "" : " del equipo " + team[i]) + "</li>";

}

msjAnnoInst += "Utilice el archivo <b>" + anno_file + "</b> para guardar los datos de anotación (siga el

ejemplo guiado en el manual de usuario).</p>";



110

var msjOccInst = "<p>La anotación de grupos de oclusión la realizará a su discreción bajo el concepto de

un evento de oclusión: "

+ "\"Situación en la que dos o más objetos se cubren parcial o totalmente\". Utilice el archivo <b>" +

occ_file + "</b> para guardar los datos de anotación (siga el ejemplo guiado en el manual de

usuario)."

+ "<br>Es altamente recomendado revisar la sección <b>\"2.2.2 Anotación de Grupos\"</b> del manual de

usuario, donde se muestran ejemplos visuales de casos de oclusión.</p>";

var annoInst = e.values[3] == "Sí"? msjAnnoInst : "";

var occInst = e.values[4] == "Sí"? msjOccInst : "";

var message = {

to: recipient,

subject: "Inscripción en la Campaña de Anotación de Datos",

htmlBody: "<p>" + personName + ", gracias por inscribirse en la campaña de anotación de datos para el

rastreo de jugadores de fútbol,</p>"

+ "<p>Se ha inscrito en las siguientes categorías de la campaña: <ul>" + anno + occ + "</ul></

p>"

+ "<p>Por medio del siguiente enlace podrá acceder al repositorio del PRIS-Lab (a referirse

como el 'Cloud' del laboratorio) para descargar "

+ "los recursos necesarios para realizar la anotación de datos: https://cloud.prislab.org/s/

Ss6XRjeFXkfw3ED</p>"

+ "<p>A continuación se describen los recursos disponibles: <ul>"

+ "<li><b>ManualDeUsuario.pdf:</b> Guía de instalación y uso de la herramienta de anotación,

con ejemplos guiados.</li>"

+ "<li><b>SetUp.sh:</b> Script bash para instalar la herramienta de anotación en sistemas

Linux.</li>"

+ "<li><b>RunAnnotatorTool.sh:</b> Script bash para inicializar la herramienta de anotación

por línea de comando.</li>"

+ "<li><b>PRIS-AnnotatorTool.ova:</b> Imágen de máquina virtual de ambiente en Linux con la

herramienta instalada, para montar en VirtualBox.</li>"

+ "<li><b>Videos:</b> Subdirectorio que contiene videos sobre los que se realiza la anotación

de datos.</li>"

+ "<li><b>Archivos:</b> Subdirectorio que contiene los archivos de configuración del ambiente

de trabajo de la herramienta de anotación.</li>"

+ "</ul></p>"

+ "<p>Siga las instrucciones descritas en el manual de usuario para preparar el ambiente de

trabajo."
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+ " Se recomienda seguir los ejemplos guiados descritos en el Capítulo 3 del manual, con los

que podrá realizar su primera anotación.</p>"

+ "<p>Para la anotación de datos utilizará el video <b>'" + video + "'</b>, ubicado en el

subdirectorio 'Videos' del cloud del laboratorio."

+ " Partirá del frame <b>" + f0 + "</b> y finalizará en el <b>" + ff + "</b>."

+ "<p> El equipo ubicado del lado izquierdo del campo de juego se considera como el equipo 1

('" + team1 + "'), "

+ " mientras que el equipo ubicado al lado derecho del campo corresponde al equipo 2 ('" +

team2 + "'). </p>"

+ annoInst + occInst

+ "<p>Al finalizar sus anotaciones, envíe el archivo con los datos de las anotaciones a la

dirección de correo electrónico: AnotacionDeDatos@gmail.com</p>"

+ "<p>Si tiene dudas, o alguna instrucción no es clara, por favor comunicarse con el encargado

de la campaña a la dirección de "

+ "correo electrónico: AnotacionDeDatos@gmail.com.<br>Cualquier sugerencia o comentario serán

bien recibidos.</p>"

+ "<p>Se agradece nuevamente su participación en esta campaña de anotación, su contribución

será de mucha ayuda."

+ "<br>- Lennon NM -</p>"

,

replyTo: "AnotacionDeDatos@gmail.com",

name: "AnotacionDeDatos",

cc: "AnotacionDeDatos@gmail.com"

}

MailApp.sendEmail(message);

Logger.log("Mensaje de inscripcion enviado a la dirección: " + recipient);

}
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Appendix C

Detecting Occlusion

The following sections describe a particular need initially considered when studying Multiple Hypothe-

sis Tracking (MHT) implementation options, across the consulted literature it is mentioned repeatedly

the computational and scalability cost of an MHT approach, it is questioned then if it is worth to base

the whole tracking in a single MHT flow, or if it could be beneficial to utilize an MHT approach only

in some frames, selected based on the probability of an occlusion event to occur in the framed scene,

but use a lightweight algorithm on scenes with low probability of an occlusion event, transforming a

monolithic tracker as ACE into a flexible dynamic tracker. The trend in newer platforms is to integrate

multiple tools that complement each other into providing a clean and accurate tracking result, as seen

in [7], [48].

Two main approaches are considered in order to identify scenes with occlusion events, the first one

is to check for missing labels or inconsistent nodes in the constructed multipartite graph of a frames

sequence (see 2.3). This method, considering that all the blobs are actually soccer players, allows to

identify the frames where the tracking algorithm is failing, thus highlighting were it needs some help

from a different algorithm. However, this method requires an analytical step, usually performed by

a human with knowledge and understanding of the tracking algorithm and failure modes, but also

requires the multipartite graph to be available, which implies that the blobs have already been labeled

and tracked. It will require an automatic semantic interpreter of the multipartite graphs to clearly

classify which failures are due to occlusion and which due to other causes, and just after that is done

an occlusion solver may make sense. It is not the intention of this research to develop a programmed

module for the semantic interpretation of failure modes during a tracking process, nor to wait until

the failure has occurred to fix it, but to be able to detect an scene with high probability of occlusion

(high probability of the tracking algorithm to fail due to occluding players) before the players are even

identified, but already detected.

The second approach discards knowing which player is which and just requires the blob’s positions.

This consideration will allow to classify scenes according to how probable it is for an occlusion event
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to cause a tracking failure by the agglomeration of blobs in a scene, which can be solved by one

algorithm or another, selected based on the scene classification from the objects agglomeration, as

some algorithms are best suited for some situations than others [49]; an occlusion solver would be a

module that can be enabled/disabled automatically during a tracking process to improve the results

on a selected sequence of frames based on the occlusion probability from the objects’ agglomeration.

Soccer Player’s Spatial Distribution

An occlusion happens when the objects of interest are close to each other from the camera point

of view, be it partial of complete occlusion. Using this hint, it is expected that a scene with high

probability of occlusion would be one in which soccer players appear to be too close to each other,

i.e. an agglomerated image frame. A measure of this agglomeration is required in order to identify

an image frame as having high complexity or low complexity for the algorithm tracker to solve due to

occlusions.

To do so, a quantitative metric that can relate occlusion probability from soccer player’s spatial

distribution over the field is put to test [59].

Scene Classification by Player Agglomeration

Taking into account soccer players agglomeration, scenes can be classified as having high agglomera-

tion, moderate agglomeration and low agglomeration, being the first one a frame in which many players

are closed together, and the latter one where players are spaced, labeled as Bad-Behaved(high agglom-

eration), Medium-Well-Behaved(medium agglomeration) and Well-Behaved(low agglomeration) scenes

(figure C.3). Therefore, it is expected to encounter more occluded players and higher Occlusion Event

Complexity (OEC) in a Bad-Behavedscene than in a Medium-Well-Behavedand a Well-Behavedscenes.

There are different ways in which an occlusion can occur, also, it is possible to have many clusters

of occluded players distanced from each other, like in figure C.1 with at least 5 clusters identified

inside the soccer field, the current classification still needs more refinement in order to better reflect

the possible scenarios, as well as the definition of the OEC.
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Figure C.1: Identification of occlusion clusters in a Bad-Behavedscene frame.

Players Dispersion Level measurement

According to [15], [16], [28], there exist three main metrics to study the soccer player’s dispersion over

the field, Stretch Index, Surface Area, and Team Length. Team Length requires knowing to which

team each player belongs, as it is used to describe a team’s tactics and positioning over the field.

Surface Area metrics may or may not require team belonging information, it is used to describe areas

where players step the more into, this to reflect concurrent field zones for different key plays and with

team belonging data it can show how well a team executes a maneuver by showing where the players

moved. Stretch Index compares the average distance of a team’s player and geometrical center, being a

measure of how compact or stretched is the team over the field. Although these metrics are commonly

used over tracked or identified players and teams (after the final and manually cleaned tracking results

are obtained), evaluating over their base idea can be useful while using blobs, as the main piece of

information used are the objects position in the field.

To represent the players dispersion over the field, two relative distances are considered: the dis-

tance between players and the distance from a global reference point. There may be distanced clusters

of occluded players over the field, the global reference can depict this case. There may be an agglom-

eration of many players in a close area (like in a corner kick) but the players are spaced enough to

not occlude, the distance between players depicts this case. From the previous mentioned metrics, the

Stretch Index is the one which expression matches best the above needs.

Taking Paxis,n as the n’th player’s position over axis = {X,Y } in frame k, GCaxis(k) the position

of the geometrical center of the team in frame k, with N the total number of team players in frame k,

Stretch index (SI) can be calculated by equation C.1:

SI =

∑N
n

√
(Px,n(k)−GCx(k))2 + (Py,n(k)−GCy(k))2

N
(C.1)
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The previous expression has the limitation that it requires to have each team’s players identified

(and tracking cleaned) in order to obtained GCaxis(k). However, if it is ignored that there exist three

main cluster of players (two teams and referees), but a whole big cluster of blobs to track, and the

geometrical center GCaxis(k) is seen as the center of that cluster of objects, SI is, therefore, the

magnitude of the average of the distances blob-to-cluster, which describes the first distance desired

for the metric to design, the distance between players. If GCaxis(k) is replaced by a general reference

point, equation C.1 can be rewritten to take the reference’s position as a parameter R:

SI(R) =

∑N
n

√
(Px,n(k)−Rx(k))2 + (Py,n(k)−Ry(k))2

N
(C.2)

Furthermore, if the general reference R does not move throughout the match recording, like the

four corners of the soccer field delimiters, it becomes a merely constant that can be obtained from the

early stages of the tracking process, in the case of panoramic recordings of the whole field where the

four corners are visible and with constant camera perspective.

SI(R) =

∑N
n

√
(Px,n(k)−Rx)2 + (Py,n(k)−Ry)2

N
(C.3)

To comply with the desired convention, blobs are to be referenced as players even though a blob

has not yet been identified as one, thus, distances are referred as player-to-cluster, player-to-reference,

player-to-player instead of blob-to-cluster- blob-to-reference and blob-to-blob.

Figure C.2 depicts what SI(R) represents, where the red lines are the vectors player-to-reference,

and the blue line is the average vector, where SI(R) is the blue line’s magnitude. This measure

represents the position in the field where the most players are agglomerated.



116

Figure C.2: Graphical description of the modified Stretch Index with a general reference SI(R), using
the corner of the field as the reference. Red lines are the vectors player-to-reference and blue line is
the average vector. SI(R) is the magnitude of the average vector.

Having identified the average vector, i.e. the place with more agglomeration, the next step is

to convert its magnitude into a metric of how agglomerated are the players around that point. To

accomplish this, the standard deviation is considered, using the equation C.4, where PRn(k) = Pn(k)−

R is the vector player-to-reference, with Pn(k) the player’s position taken from the origin of the image’s

frame (pixels 0,0), R the general reference from the same origin, |PRn(k)| the magnitude of the vector

player-to-reference, and µ the mean of the vector’s magnitudes.

σ =

√√√√ 1

N

N∑
n

(|PRn(k)| − µ)2 (C.4)

Where SI(R) can replace µ, thus the standard deviation σ of the player-to-reference vectors’

magnitude around the average vector magnitude is described by equation C.5.

σ =

√√√√ 1

N

N∑
n

(|PRn(k)| − SI(R))2 (C.5)

If σ is low, then the players are gathered close around the agglomeration point, if it is high, the

players are distant from the agglomeration point. In this sense, a low σ would mean a high occlusion

probability due to the players being close to the same point.

Players position affect the shape of the cluster, depending on the reference taken into account,

the average vector is dependent on its reference, to include this information it is considered an average

of the σ using each corner of the field, finally defining the Players Dispersion Level (PDL) metric,
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described by equation C.6, where c = 1, 2, 3, 4 is the corner used as reference and Rc is the corner’s

position.

PDL =

∑4
c

√
1
N

∑N
n (|PRn(k)| − SI(Rc))2

4
(C.6)

Testing the metric with a short video sequence of 40 s, three main value regions can be extracted

that match with the required scenes classification, were a Bad-Behavedhas a low PDL and Well-

Behavedhas a high PDL, as seen in figure C.3, for scene classification, and figure C.4 for the standard

deviations with each corner as reference and the final PDL calculation for each video frame.

(a) Well-BehavedScene - PDL > 500

(b) Medium-Well-BehavedScene - PDL between 400 and 500

(c) Bad-BehavedScene - PDL < 400

Figure C.3: Soccer player match scenes classification by player’s agglomeration
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(a) Standard deviation for each corner reference (b) Average of standard deviations

Figure C.4: Players Dispersion Level of a 40 s clip from a soccer match using the four corners of the
soccer field as references

Accurate thresholds to define each class are still pending, as it requires longer recordings and

different matches. The bigger limitation noticed so far is that this metric takes all the blobs as a

whole single cluster represented by the average vector, where multiple smaller clusters of occluded

players may remain hidden if well spaced from each cluster. Also, as the metric is designed to use

blob’s positions disregarding player identification stage, there may exist spurious blobs that affect the

metrics by adding false players’ positions into account to the calculation. Also, this metric is a single

value that encompasses the whole scene rather than an actual distribution of the players’ agglomeration

over the field, keeping its core intention from the Stretch Index.

Kernel Density Estimation for Spatial Distribution Function

Another approach on describing soccer players’ spatial distribution is to define an actual distribution

function with which to identify field regions with the highest probability of players being agglomerated,

thus being a direct metric of occlusion probability.

Soccer players motion complexity has proven to require tracking algorithms designed for non-

Gaussian non-linear problems [20], [58] in order to improve the results, as predicting where a player

may move is difficult even knowing the team’s strategic plan, although it is more probable that the

player will continue forward following its inertia, humans can quickly change direction and velocity,

as well as drifting on the grass. Thus, a well fitted motion model is not yet developed and rather

represented as a complex net of possible actions a player can take in different situations, specially

for soccer simulations where virtual assets are expected to behave as a real player, studying teams
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strategy instead [5], [76]. Some other studies try to fit goals, team strategy, passes, attack/defense and

other in-game actions to different probabilistic functions [52], [87], however, these studies are focused

on analysing game strategy and statistics, how players interact and react, and what differentiate

elite teams and players from the rest, using clean tracking results. Main metrics to describe players

distribution over the field remains Stretch Index and Surface Area [16].

Kernel Density Estimation is a non-parametric statistical tool that allows to estimate the proba-

bility density function of a random variable, therefore, having the series of n observations x1, x2, ..., xn

taken from the population X with an unknown probability distribution function f(x), the kernel es-

timate f̂(t) of original f(x), with a kernel function K(xi, t), is defined by the equation C.7, following

convention and implementation details as shown in [95].

f̂(t) =
1

n

n∑
i=1

K(xi, t) (C.7)

Considering the current scenario with independent populations X,Y the players positions in the

frame k, with pair observations x = x1, x2, ..., xn and y = y1, y2, ..., yn, bivariate kernel estimation

f̂(x, y) can be described by equation C.8, where kernel function K(xi, t) = 1
hK(x−t

h ), due to its

symmetry property [95], with h the smoothing parameter.

f̂(x, y) =
1

nhxhy

n∑
i=1

K(
xi − x

hx
,
yi − y

hy
) (C.8)

Using blobs positions from a 40 s clip of a soccer match and the Python library Seaborn [94],

with a Gaussian kernel function and smoothing parameter calculated by the Seaborn’s function kdeplot

internal calculations, it is possible to generate a 2D plot of the bivariate estimated probabilistic function

for the players’ positions distribution over the field for each frame of the clip (see figure C.5).



120

Figure C.5: Estimated bivariate probabilistic function of soccer players spatial distribution for frame
k = 10

Comparing results with PDL, it can be seen that they coincide in which scenes players are more

likely agglomerated and in which they are spaced. Fro frame k = 600 the PDL < 400, which means

it’s basically a Bad-Behavedscene, which can be seen in the KDE plot by a stretched shape (figure

C.6), while the frame k = 1100 with a PDL > 500 has a more elongated shape with lower peaks, being

a Well-Behavedscene (figure C.7).

This method presents an advantage over the PDL one as it allows to identify probabilistic regions

instead of a global value, thus it highlights clustered areas, being useful to classify scenes for its general

agglomeration density and also to distinguish image regions of high agglomeration, allowing to detect

independent clusters like the one located at (x=2500, y=500) in figures C.6a and C.7a, providing a

tool to not only select frames to use the occlusion solver on, but also to select image regions for a more

localized and thorough occlusion solver, if desired.
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(a) Estimated bivariate probabilistic function

(b) Respective frame from soccer match clip

Figure C.6: Estimated bivariate probabilistic function of soccer players spatial distribution for
frame k = 600 and PDL < 400, classified as Bad-Behavedscene
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(a) Estimated bivariate probabilistic function

(b) Respective frame from soccer match clip

Figure C.7: Estimated bivariate probabilistic function of soccer players spatial distribution for
frame k = 1100 and PDL > 500, classified as Well-Behavedscene

Occlusion Probability and Window Bending

Based on the discussion from C and 4.4, it can be useful to have the flexibility to dynamically modify

the size of the batch to be processed, firstly to ensure an occlusion event is fully contained in the same

batch and thus the same Multipartite Graph (MPG), secondly to be able to select a bunch of frames to

be processed with by a lightweight algorithm or a heavy duty one depending on the scene complexity.

Two metrics to determine when to extend the batch and when to cut it are explored (see C), the

core concept is the same for both, use the player blob agglomeration to associate the probability of

an occlusion event to occur and cause problems to the tracker; the more agglomerated the players the

more occlusion events and the more complex the occlusions are. The first considered metric is the

Kernel Density Estimation (KDE) (see C), there are some free libraries that implement the KDE, one

in particular is quite easy to use ([94]), but its use as part of ACE platform was discarded as it is a

Python library and some modifications were required to adapt ACE data structures to the required

input parameters of the library functions. A custom implementation of KDE was developed for the

particular needs of ACE platform. Even though the code is available as part of the tracker, the use of

this metric was discarded due to the considerable increase in time execution only to generate one KDE
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representing one frame of video. ACE platform operates with a panoramic image result of stitching

two images from 4K cameras each with UHD of 3840x2160 px, generating images of 16 588 800 px.

The KDE generates one value for each pixel, which is then interpreted as a heat or relief map that

matches 1:1 the image. For each pixel, the density estimate is the result of the kernel function applied

to the distance between the pixel and each blob position (22 players + 3 umpires), which results in

calculating the kernel function 25 ∗ 16588800 = 414720000 times, then generate the bivariate density

map for a single frame, if we consider a full soccer match of 90 min recorded at 30 FPS, the kernel

function is to be calculated 67 184 640 000 000 times just to get a hint on how to split or extend

the MPG to apply a tracking algorithm. This costly function is reserved for future research where

integrating KDE is at the center of the research and not as a suplementary tool.

The second metric consist on the PDL, a more lightweight metric that can be directly used

as a threshold to classify scenes (see C). Three scene classes are considered: well-behaved, medium

well-behaved and bad-behaved scenes. If a batch contains a bad-behaved scene, the batch size is

expanded until a medium well-behaved or a well-behaved scene is found, so that the new batch of

frames to process fully encloses a scene with high probability of complex occlusion, this process is

named ’window bending’ as we are bending the batch window size to fit the required scene.

The thresholds to classify the scenes are determined from the highest expected PDL value con-

sidering only the expected players are detected, since this metric takes as input the detected blobs,

spurious blobs can alter its value by increasing the apparent agglomeration of blobs in the scene. The

highest PDL corresponds to the highest possible dispersion of players across the field, a more fitting

model could have been implemented, but for simplicity an arbitrary distribution of players is con-

sidered, the placement is distributed along the field considering the dimensions based on the image

coordinate system.
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nx← 8× 2

ny ← 3× 2

i, j ← 0

xl, xr ← 0

deltay, deltax ← 0

y, x← 0

points← empty list

for j ← 1 to ny with step 2 do

deltay ← bottomLeftCorner.y−topLeftCorner.y
ny

y ← int(deltay × j + topLeftCorner.y)

xl← topLeftCorner.x+ (y − topLeftCorner.y)× bottomLeftCorner.x−topLeftCorner.x
bottomLeftCorner.y−topLeftCorner.y

xr ← topLeftCorner.x+ (y − topRightCorner.y)× bottomRightCorner.x−topRightCorner.x
bottomRightCorner.y−topRightCorner.y

deltax ← xr−xl
nx

for i← 1 to nx with step 2 do

x← deltax × i+ xl

points.push_back(cv :: Point2f(x, y))

end for

end for

After calculating the highest PDL, the range if divided in thirds to define the thresholds of the three

categories, where the lower the PDL the greater the agglomeration and the probability of occlusion.

Similarly with KDE, the use of this metric and window bending is discarded from the final imple-

mentation of the ACE tracker, as it was noticed that both Multiple Multipartite Graphs (MMPG) and

Track Oriented Multiple Hypothesis Tracking (TOMHT) did not considerably increase the tracking

execution time. This implementation, however, remains a tool for future developments.
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