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Invited Talk

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
Coloured regions can be segregated by using colour-opponency mech-
anisms, colour contrast, saturation or luminance. This paper focuses on
clustering coloured regions by using colour tuned end-stopped cells. Colour
information is coded in separate colour channels to convey differently
coloured regions. Then, by using multi-scale cortical end-stopped cells
tuned to colour, this information is coded in all channels by mapping it
to the multi-scale peaks. Finally, unsupervised clustering is achieved by
analysing the branches of these peaks and by linking them together on the
basis of their colour, saturation and luminance information.

1 Introduction
Distinguishing visual patches in a scene is important for trying to achieve
better and faster object detection and recognition results in computer vi-
sion [1]. The development of perceptual grouping algorithms is motivated
by the idea that a correct organisation of the visual scene into meaning-
ful regions and/or feature groups will lead to more reliable and efficient
methods for object detection, tracking and scene interpretation. These
methods are related to two topics of computer vision, namely perceptual
organisation and image segmentation. Perceptual organisation deals with
the general problem of grouping a set of observed features into meaning-
ful sets [6]. The goal of image segmentation is to decide which parts of
the image have a consistent appearance, much like perceptual organisation
but in the particular case of grouping pixels according to their similarity
[3].

In the human visual system, single- and double-opponent neurons are
part of the cortical organisation that extends from area V1 up to the in-
ferotemporal cortex [8]. Single-opponent and double-opponent cells have
different functions. Single-opponent cells respond to large coloured re-
gions and inside such regions. Double-opponent cells respond to coloured
patterns, textures and colour boundaries. By using retinotopic maps based
on such cells, colour, saturation, luminance and spatial information can be
combined, which results in tuned clusters of features (keypoints) of im-
age patches. Here, the proposed method is based on labeling keypoints
by colour for addressing keypoint clustering.

The major contribution of this paper is the colour segmentation model,
without any prior information of the visual scene, but capable of perform-
ing well in real-world scenes. We focus on colour information to segment
meaningful regions in a uniform colour space (CIE L*C*H). By applying
multi-scale cortical end-stopped cells tuned to colour, clustering can be
achieved in an unsupervised way and with a high degree of parallelism,
while offering robustness to noise and lighting conditions.

2 Colour coding cells and keypoint detection
The method applies a colour gain function in conjunction with a high-
pass Butterworth function to the hue channels and a low-pass Butterworth
function to the chroma channel for shades, in order to obtain colour- and
shade-tuned channels. Here we use the CIE L*C*H* colour space: let
image I(x,y), with N×M pixels, be defined as (L∗,C∗,H∗).

We divide the hue circle into Nϕ = 8 equal ranges (channels). The hue
gain functions are Gaussians tuned to specific hues φ j: φ j = j×360/Nϕ

and j = {1,2,3, ...,Nϕ}. Each hue H∗(x,y) in each channel φ j is weighted
by a Gaussian gain function Gφ j (x,y) = exp(−(H∗

φ j
(x,y)−φ j)

2/(2σ2)),
with σ = 360/Nϕ . To the chroma C∗ component it is applied a low-pass
Butterworth function BW (x,y) =

√
1/(1+C∗(x,y)/K)2η is applied.

A high-pass BW function is applied to Gφ j , which yields the colour
contrast ΨCC j (x,y) = Gφ j (x,y)× (1−BW (x,y)), with CC j = {1, ..,Nϕ},
η = 3 and K = 6. In order to weaken colours with low saturation, a low-
pass Butterworth function is applied: ΨSC(x,y) = BW (x,y) with K = 8.

Finally, the luminance is not processed: ΨL = L∗(x,y). All colour and
shade responses Ψ are normalised between 0 and 1.

The basic principle of multi-scale colour coding is based on Gabor
quadrature filters which provide a model of cortical simple cells [7]. In
the spatial domain (x,y) they consist of a real cosine and an imaginary
sine, both with a Gaussian envelope. Responses of even and odd simple
cells, which correspond to real and imaginary parts of a Gabor filter, are
obtained by convolving the input image with the filter kernel, and are de-
noted by RE

s,i,h(x,y) and RO
s,i,h(x,y), being s= {8,12,16, ..., 2

3 min{N,M}}
the scales with half-octave increments, the orientations i= [0,Nθ−1] with
Nθ the number of orientations (here 8), and h = {CC j,SC,L} the colour
(CC j), saturation (SC) and luminance channel (L). Responses of complex
cells are modelled by the modulus Cs,i,h(x,y) [7] and normalised between
0 and 1.

There are two types of end-stopped cells: single and double [7].
These cells are combined, using Cs,i,h, in order to obtain the cells’ re-
sponses in all colour channels. If [·]+ denotes the suppression of negative
values, and Ci = cosθi (with θi = iπ/Nθ ) and Si = sinθi, then single end-
stopped cells are modelled by

Ss,i,h(x,y) =
[
Cs,i,h(x+dSs,i,y−dCs,i)−Cs,i,h(x−dSs,i,y+dCs,i)

]+
,

(1)
and double end-stopped ones by

Ds,i,h(x,y) =
[
Cs,i,h(x,y)×

Cs,i,h(x,y)−CSs,i,h(x,y)
Cs,i,h(x,y)+CSs,i,h(x,y)

]+
, (2)

with CSs,i,h =
1
2Cs,i,h(x+2dSs,i,y−2dCs,i)+

1
2Cs,i,h(x−2dSs,i,y+2dCs,i).

Distance d is scaled linearly with the filter scale s: d = 2s.
Hubel [4] reported some end-stopped cells which did not respond at

all to long lines, and he coined them as completely end-stopped cells.
Although double end-stopped cells convey information concerning cer-
tain patterns, completely end-stopped cells also convey information if the
stimulus area is larger than the activation region of the receptive field
(RF). Based on such cells, we apply the same property for detecting cir-
cular regions. If CSs,i,h(x,y)> 0.55×Cs,i,h(x,y), then the response of the
completely end-stopped cell CDs,i,h is inhibited: CDs,i,h(x,y) = 0. If the
cell’s response is not inhibited, it assumes the same value as the double
end-stopped cell: CDs,i,h(x,y) = Ds,i,h(x,y).

In this scale space of end-stopped colour cells we look for peaks
(“extrema”) at each scale which can code differently coloured regions.
Cell responses are summed over all orientations: if Λ = {S,D,CD}, then
Λ̂s,h = ∑

Nθ−1
i=0 Λs,i,h/Nθ ; a threshold Ti = 0.2 is applied to inhibit small

responses. The maximum responses of all h channels are combined, i.e.,
Λ̇s =maxh{Λ̂s,h}, and the local extrema are detected: EΛ

s = peak{Λ̇s} are
the peaks of the local maxima of each detected region. Each region in Λ̇s
is now assigned a label that corresponds to the φ j of the maxh, plus two
labels for saturation and luminance contrast. The result is an image that
has Nϕ +2 labels: Γ(x,y) is composed by the maximum colour responses
of channels h of Λ̇s. This image classifies the keypoints (extrema) with
respect to colour.

3 Keypoint clustering
The clustering process consists of four steps: (1) trees of keypoints are
clustered in all colour channels in a top-down way; (2) trees which mainly
consist of keypoints without (inhibited) completely end-stopped responses
are separated from those with such responses – because inhibited re-
sponses are due to very elongated regions whereas the other ones are due
to circular or semi-circular regions; (3) trees with inhibited completely
end-stopped responses within the same hue range φ j are clustered on the



Figure 1: Clustering results of two images: surfer (top) and frog (bottom). From left to right: input image, maximum colour responses Γ, keypoints,
and two examples of clustered patches.

basis of saturation, luminance and spatial continuity; and (4) the resulting
clusters are linked to other clusters belonging to neighbouring hue ranges.

Keypoints of the same hue range φ and from all scales are combined
into trees. We apply a multi-scale tree structure in which one keypoint at
a coarse scale is related to one or more keypoints at one finer scale, which
can be slightly displaced. This relation is modelled by down-projection
using grouping cells with a circular axonic field, the size of which (λ ) de-
fines the region of influence; see [2]. Resulting trees mainly composed of
responses of completely end-stopped cells are then separated from those
with inhibited responses. If a tree only comprises keypoints with “com-
pletely” responses, then it is considered as a final cluster and it is excluded
from further processing.

In the following step, trees of the same colour are clustered with re-
spect to saturation, luminance and spatial continuity. Let TAφ

and TBφ

be two trees with the same colour. For each tree, the means C̄∗Aφ
=

∑
Ns
1 C∗(x,y)/Ns and L̄∗Aφ

= ∑
Ns
1 L∗(x,y)/Ns of the saturation (chroma)

and luminance channels are computed, where Ns is the number of scales
a particular tree is composed of. If C̄∗Aφ

> 0.2 and L̄∗Aφ
> 0.25, then the

spatial continuity is checked. A binary map B j is derived from the colour
maps CC j:

B j(x,y) =

{
1 if CC j(x,y)≥ 0.7
0 if CC j(x,y)< 0.7.

(3)

Now, between two keypoints of each tree, on a straight line connecting
both extrema, if B j(x,y) = 0 at 6 or more consecutive pixels, the link is
considered invalid until a valid one from all pairs is detected, and the two
trees are grouped together. This process is repeated between all trees and
clusters of trees until all possible links have been checked.

Finally, clusters of all colours are evaluated and combined in cases
where the hue of the underlying patch lies between two hue ranges. The
ΨSC and ΨL channels are used in this step. In case of two clusters with
neighbouring colours φl and φr, with |l− r| ≤ 1, any two trees from each
cluster are compared as in the previous clustering step, where the satu-
ration and luminance means are computed and validated. If positively
validated, the minimum distance between the closest two keypoints from
both trees is calculated, and if this distance is less than 13 pixels, both
clusters are merged. In the case of clusters already composed by two dif-
ferent colour ranges (φl , φr), only clusters within the same hue range are
considered for validation and merging. As before, this process is repeated
until all links have been checked.

4 Discussion and results
This paper presented a biologically inspired method for keypoint detec-
tion and clustering. Keypoints labelled by colour provide stable features
across images and scales. Also, by exploiting the smoothness of the Gaus-
sian scale space, clustering keypoints into trees constitutes a fairly simple
and robust solution for basic grouping of features, with encouraging sta-
bility over scales. Likewise, better clustering results can be achieved by
using information such as colour continuity, saturation and luminance.
More complete and distinct sets of features for coloured regions can be
obtained. The usefulness of such a clustering is certainly more focused on
object comparison and recognition [5], because groups of features convey
better spatial information and this can result in improved matching and
more robust results.

Results of the method demonstrate the applicability and usefulness of
keypoint grouping. Figure 1 shows results for two images. In the second
column, the maximum colour responses Γ show a clear colour sampling
and clustering of pixels on the basis of hue. The third column shows all
keypoints at all scales, with the same colour coding as in the previous
column. Examples of the overall clustering process are illustrated in the
right two columns. Shown are the clustered keypoints of the surfer’s wet-
suit and the big wave to the left. Also shown are those of the frog and
yellow flower, both consisting of two clusters because of two colours.

It can be seen that the results of both images are good but not yet per-
fect. Although keypoints of the surfer and the greenish wave are correctly
clustered, the frog and flower are more difficult. About five keypoints
around the frog are not correct. The line of keypoints at the tip of the
very thin leaf in the top-right corner (in the fourth column) is missing,
but this is likely caused by the different colour, i.e., the very grayish yel-
low/orange. In general, it is difficult to cluster colours with low saturation
levels. Nevertheless, although some details are not perfect, overall results
are good enough to be used in matching and segmentation processes.
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