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Physiological Computing: a PR Perspective
Prof. Ana L. N. Fred
Department of Electrical and Computer Engineering, Instituto Superior Técnico, Lisbon and Instituto de Telecomunicações (IT), Lisbon.

Abstract: 

In a sentence, physiological computing (PC) deals with the study and development of interactive systems that sense and react to the 
human body. The most basic sort of PC simply records a signal, such as a heartbeat, and displays it on a screen. More complex systems 
work on a basis of a bio-cybernetic loop, the main purpose of this loop being to translate patterns of physiological activity into 
meaningful interaction. From emotional status to identity assessment, this talk addresses the exploration of electrophysiological data in 
the context of intelligent human-computer interaction. Electrocardiographic signals and electro-dermal responses, acquired in a pervasive 
manner at the hands level, are shown to be two complementary modalities in the emotion / identity dual assessment goal. The role of 
pattern recognition in the development of such systems is discussed. Finally, BITalino, a versatile and low cost biosignal acquisition 
system is presented as a promising tool for pervasive biosignal monitoring and physiological computation. 

Speaker Biography:
Ana Fred received the M.S. and Ph.D. degrees in Electrical and Computer 
Engineering, in 1989 and1994, respectively, both from Instituto Superior Técnico 
(IST), Technical University of Lisbon, Portugal. She is a Faculty Member of IST 
since 1986, where she is currently a professor with the Department of Electrical and 
Computer Engineering. She is a researcher at the Pattern and Image Analysis Group 
of the Instituto de Telecomunicações. Her main research areas are on pattern 
recognition, both structural and statistical approaches, with application to data 
mining, learning systems, behavioral biometrics, and biomedical applications. She 
has done pioneering work on clustering, namely on cluster ensemble approaches. 
Recent work on biosensors hardware (including BITalino – www.bitalino.com) and 
ECG-based biometrics (Vitalidi project) have been object of several national and 
international awards, as well as wide dissemination on international media, 
constituting a success story of knowledge transfer from research to market. She has 
published over 160 papers in international refereed conferences, peer reviewed 
journals, and book chapters. She received the "Best paper award in Pattern 
Recognition and Basic Technologies", awarded by the IAPR, for the paper 
“Learning pairwise similarity for data clustering”. She is the editor of over 40 books 
with the proceedings of international workshops that she organized or co-chaired, 
including S+SSPR 2004 (Lisbon), S+SSPR 2006 (Hong Kong), ICAART, KDIR 
and BIOSTEC and editor of 12 Springer books of selected papers.

http://www.bitalino.com/
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Abstract 
The current performance requirements in football make imperative the 
use of new technologies for game observation and analysis, providing 
detailed information about the team's actions. This paper presents in 
resume an algorithm to collect information from Handycam videos, 
namely, the football pitch, player and ball detection, player 
classification within the team, the tracking and localisation of players 
and ball, being the main contribution the determination of the exact 
localisation of players and ball in the pitch.   

1 Introduction 

Footdata [1] is a project to build a new multi-platform product for 
football. Footdata is based on information technologies, and integrates 
two fundamental components of the football world: i) a social network, 
with all the typical features and ii) the professional component, which 
features an acquisition and information system to meet all the football 
management needs. One of the modules is a framework that reports the 
exact positions of the players and ball in the football pitch.  

There are several models available in the literature do detect and track 
players and ball, e.g. [2-4]. In this paper we present in resume an 
algorithm that can be applied to Handycam videos that allows:  (a) the 
detection of the football pitch, (b) the detection of players and ball, (c) 
the assignment of players to their teams, (d) the tracking of players and 
ball and (e) their localisation (in meters) in the pitch. The main 
contribution is the exact localisation of players and ball from  
Handycam videos.   

2 Football pitch detection 

Let     (     ) and     (     )  represent a frame with dimensions 
   , acquired with an Handycam (FullHD or HD) situated for 
instance in the stands, where M is the width and N is the height of the 
image, t is the instance when the frame was acquired and RGB and 
HSV the colour spaces.  

The first step was the football pitch detection, which consists in (a) the 
segmentation of the green (grass) regions for each frame using     . 
This was done by a semi-automatic process, where selected pitch 
patches were used to compute the HSV thresholds intervals. For the 
pitch shown in Fig. 1, it was used the following thresholds levels: H  
 [0%, 50%], S   [12%, 100%] and V   [27%, 100%], which returns a 
binary image   , with      corresponds to the green pixels.  

The next step has the purpose to eliminate the areas outside the pitch. 
This was carried out in several stages: First (b), in    was chosen a 
central point of the image as the seed (in most frames, the central area 
corresponds to the pitch, the exceptions are zooms to players or to the 
stands). The central point of    has to have a green colour (see above), 
and recursively from this initial point, using     neighbourhood, all 
central pixels that have all neighbours green are kept,        the 
remaining are put to 0 (     ).  
Over the last image, but only in areas where exists pitch, i.e.      , 
was applied (c) the Canny edge (   ) detection [5] on     . After this, 
(d) the Hough transform [5] was applied over the      in order to detect 
the lines (   ) that limits the pitch. Finally (e), using     the most 
horizontal and vertical lines (left, right, up and down) are computed. 
Those lines correspond to the limits of the pitch, and everything outside 
these limits (lines) was removed. The final results consist only in the 
segmentation of the pitch (with some black blobs inside),    .  

3 Players and ball detection 

For the player detection it was used the     image. In this image, most 
of the work for the players’ detection was already done, once the pitch 
area was delimited, the black blobs inside this area are considered 
players. Nevertheless, 3 major problems arise: (a) blobs that are not 
players, e.g., areas with short grass, (b) players that almost disappear 
due to low image definition, or been partially equipped in “green,” and 
(c) the overlap of various players. 

To solve these situations and to obtain only the contours of the players, 
morphological filters were applied, i.e., first it was applied the dilation 
filter (D) followed by an erosion filter (E) and finally a     medium 
filter (M). The result was an image where the players were better 
defined and specific noise regions were removed,    (     )  
 ( ( (   (     ))). 

After this, some player still have more than 1 region (usually due to the 
equipment that they use), a vertical mask was applied to connect those 
regions. The next step was the confirmation that each blob 
corresponding to a possible player (in    ) has at least one edge contour 
correspondence in      Finally, it was checked if the final blob region 
of each player (in    ) doesn’t had more than 10% of green pixels 
(using   ). The final image after this validation was called   .  

To differentiate between players and the ball, all pixels with the “white 
colour” (in   ) inside    were detected. Those pixels can represent lines 
belonging to the pitch, the ball, and if it was the case, teams that had 
white predominantly equipment’s. For this purpose an threshold with 
V   [75%, 100%] was applied to   , returning a binary image,   , with 
all the white regions inside the pitch (    ). 

Combining the previous information with the size and shape of the 
blobs, the blobs that corresponds to the balls can be classified. The first 
step, consists in detect if the blob as more or less circular or oval shape, 
which was different from the player blobs that had (usually) a more 
“vertical-rectangular” shape. This way most of the players blobs were 
discarded. The second step, was to remove the areas corresponding to 
the pitch marks, eliminating the areas that correspond to the lines 
detected by the Hough transform in    . The final step consists in 
removing areas which exceed       pixels (k = 100000, this value 
was empirically determined). 

Figure 1 top shows the player delimited by rectangles, and the ball by a 
circle. Having the ball classified, it was necessary to classify the blobs 
as players from team A or B, referee or keepers. 

4 Assignment of the players to their teams 

The players’ classification to a team was based on the colour of the 
equipment. It was assumed that the video starts at the beginning of the 
game (with the ball in the middle of the pitch), if that doesn’t happen, 
then a semi-automatic process selects the most probable 7 player from 
each team. Considering that the video starts at the beginning of the 
game, then a group of 7 players on the right, and 7 players on the left of 
the middle pitch line (represents each team) was automatically selected. 

For each team, in separate, and using the blobs regions defined as 
players in     the average of Hue using the    image was computed. 
Having the two average Hues values from team A and B, the middle 
threshold was computed to separate the teams.  

The keepers were relatively easer to classify, once they correspond to 
the first blob that appear in the right and in the left of the image with 
significant difference from the two average Hues values computed for 
the teams (it is important to remember that the keepers use a different 
equipment from the team). The major problem was the referee, they 
usually use black, but that is not mandatory. If the video starts from the 
beginning of the game, the referee usually was very close to the middle 
line, in those cases it was a blob with a Hue different from the players 
near the middle line. If the video starts from a different position then a 
semi-automatic process is applied, i.e., the referee was considered the 
blob with the most different Hue (comparing with the Hues from the 
teams), and if by mistake was assigned as a team player, then a web 
base tool (out of the focus of this paper) allows the user to manually 
change the player classified as referee and vise-versa.  

All those Hues once detected were memorised by the system and 
adapted dynamically in function of the video conditions (light, etc.). 

The numbers assigned to the players were in function of the position 
they occupy in the pitch, and those number were associated to the real 
player number and name in function of the position posted in the game 
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sheet (e.g. right defender). If necessary, this can be corrected later 
using the web base tool mentioned above. 

Finally, obviously there is also the validation that it was impossible to 
assign more than 1 referee, 2 keepers and 10 players per team. Figure 1 
shows the result of player’s assignment to a team and referee. 

5 Players position in the pitch 

In order to make a correct analysis of a soccer game, it is important to 
have knowledge of the correct position of the player in the pitch. To 
calculate that position, a perspective transformation from the frame to a 
normalized pitch was needed, see Fig. 1 bottom.  

For this purpose a set of references in the pitch was computed. Those 
were extracted from the lines detected in the Hough transform,    , and 
the pitch delimitations in   . For the position of the player, it was 
considered the middle point in the bottom line that limits the player, 
which corresponds in most cases to the coordinates of the players' feet, 
see Fig. 1 top and the respective projection in the bottom. 

Since the pitches have different sizes (weight and height), it was 
important to compute the size of a pixel (in our case, in meters). For 
this computation, in the first frames (as soon as possible) the lines of 
the centre circle, penalty area or goal area has to be automatically 
detected to calibrate the value of a pixel in meters (the dimensions of 
this areas are the same for all pitches). An automatic process was then 
applied every time there was a small zoom, or a zoom to a player.    

6 Tracking of players and ball 

The players and ball tracking avoids doing all the steps mentioned in 
Section 3 and 4 for all frames. The implemented tracking process, 
though simple, was effective except in situation of great confluence of 
player, such as corner, or discussions with the referee. Nevertheless the 
main focus of this framework is not to follow the players’ everywhere, 
but to compute the distances between players and players to the ball.  

The tracking was divided into five steps for each frame t: (a) the 
distance (in meters) was calculated for each player, between the 
previous frame t - 1 to the current frame t. Making the correspondence 
to the player that was closer. If there were two or more players at the 
same distance (non-overlapping) the player was assigned to the one 
that in the previous frame has the nearest Hue. 

(b) If there was no player in frame t near to the position occupied in 
frame t-1 (few meters apart), then it was checked in frame t with 
increasing circle diameters the player with the same colour as the 
player in frame t-1. It was used the trajectory of the previous 5 frames 
to limit within the circle the “sectors” of this search. 

(c) For situations in which a particular player was not tracked/located 
during a long frameset (2 seconds), this player was then searched from 
the position where he was lost, with increasing circle diameters, for 
blobs that were not tracked and has the same Hue. The first blob found 
with this characteristic was assign as the lost player. 

(d) It is important to note that in the majority of the frames, there was 
the possibility that some players were not detected because they are not 
in the field of view of the camera, e.g., at the beginning of the game, 
due to fact that the camera doesn’t capture the entire pitch. Every 
player that appear at the left or right (top or bottom, depending if there 
has a zoom applied) was considered as new player to track, except if a 
player was “lost” on a previous frame in a nearby position.  

(e) Finally, it was also necessary to verify the existence of collisions. If 
after the above procedure (a-c), a player was not found, it was assumed 
that there was a collision (junction of two or more players). For those 
situations, all blobs that correspond to players, that were in positions 
very close and were lost, were associated with a single blob, assigning 
to 2 or more players that were tracked in t-1 in a nearby position. When 
the collision ends (separation of two or more players) the Hue of each 
blob were checked and players reassigned. 

After a collision there was always the possibility of players being 
wrongly identified, for instance when the collision was between two 
players of the same team. To solve this, the already mentioned web 
base tool can be used to correct the numbers of the players or even the 
team. The process of tracking the ball and referee is similar to the 
players.  

7 Discussion 

This paper presents a proposal for detection and tracking of football 
players and ball with the objective of computing distances between 
players and players to the ball. For now, it was an initial framework 
that still needs improvements. Nevertheless some tests were carried out 
showing promising results.  

Five different games, with approximately 15 minutes of each video (4 
FULL HD and 1 HD) were analysed. The results obtained were: (a) the 
detection of players with 92.3% of correctness, (b) 2.0% of 
assignments of detected players to the wrong team and (c) 0.4% of 
false positives, i.e., detection of players, in locations where there 
weren’t. To compute this numbers all the situations where a cluster of 
players occurs were removed, such as corners and discussions with the 
referee, etc.  

It is also important to mention, that in cases when a player is expelled 
or when there is a substitution it is necessary to pass this information 
using the web tool. 

All the steps presented can be subject to numerous improvements, one 
essential was the code optimization in terms of time consuming. 
Despite the code has already some parallelisation, an entire or partial 
implementation using the GPU's is expected to improve times. 

 
Figure 1: Top, the result of the ball, referee and player’s detection and 
assignment to team. Bottom, the representation of the players position 
considering the origin of coordinates the interception between the 
middle line and the top lateral line.  
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