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1. Introduction

This special issue is devoted to “Selected Papers from the 4th
International Conference on Bioinspired Systems and Cog-
nitive Signal Processing.” This peer-reviewed special issue is
one product of the International Conference on Bioinspired
systems and Signal Processing (Biosignals 2011), as part of
the International Joint Conference on Biomedical Engineer-
ing Systems and Technologies, Biostec (http://www.biosig-
nals.biostec.org/BIOSIGNALS2011/home.asp), which was
held in Rome, during 26–29 January 2011. This issue was
promoted by the IEEE Technical Committee of Biomedical
Signal Processing (IEE TC-BSP).

The goal of this special issue is to convey mainly several
messages which arose from this prestigious and intense con-
ference. The major focus in this meeting was biomedical
signal processing, where several areas of interest to the
researchers in this field were comprehensively covered. This
issue is therefore to report some highlighted contributions by
a number of prominent researchers in the related field. Inter-
ested readers will find in this special issue papers that belong
broadly to the areas of neuroscience, cardiovascular signals,
behaviour, body movement, and modelling. These areas have
been spanned by a number of articles in computational mod-
elling and intelligence, neuroimaging, neuromarketing, body
movement and gait analysis, brain-computer interfacing,

electrocardiography and analysis of cardiovascular signals,
neurocomputing and retinal image matching technique.

What follows is a brief editorial review of the topics cov-
ered by the published papers in this special issue.

2. Neuroscience

This area of science has received much attention in recent
decades, and tremendous contributions from a simple model
to more complicated and powerful models to describe the
behaviour of neurons, cerebral networks [1] up to the de-
scription of spatiotemporal EEG distributions [2] have been
made by the workers in this field. This special issue starts with
a paper dealing with the analysis of the properties of spiking
neurons in order to capture some essence of the concept of
“consciousness” by M. Ebner and S. Hameroff, 2011 and will
continue with the analysis of very large spatial electromag-
netic fields in connection with high resolution EEG tech-
nologies by G. Vecchiato et al., 2011. In particular the paper
of Ebner and Hameroff describes the implementation of a
single layer neural network to perceive and represent a visual
scene. The implemented system demonstrates a moving zone
of synchrony which correlates with figure ground separation
as proposed in the conscious pilot model presumedly respon-
sible for converting nonconscious “autopilot” cognition to
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consciousness. By moving from the modelling of neurons
spiking to the analysis of scalp potential distributions, this
special issue presents a couple of contributions in the area
of Brain Computer Interface. Such area of science investi-
gate the possibility of the voluntary modulation of brain
responses recorded over the scalp and their use for machine
learning and human-computer handshaking. This attempt
often requires powerful classifiers to discriminate between
the features used for making decisions. It is therefore crucial
for such classifiers to have high performance and to be
optimised for each particular application. In this respect, the
contribution of D. Devlaminck et al., 2011 is directed toward
an improvement of a particular classifier commonly used
in BCI field. They reduced the amount of calibration data
that is needed for the proper classification of a new subject,
by applying a multitask machine learning technique to
preprocessing the phase. Comparisons of BCI classifiers are
instead the argument for the contribution of N. V. Manyakov
et al., 2011, who have focused on typing accuracy of a
speller device to be used with BCI given the individual pa-
tient’s disorder, and how it correlates with the type of
classifier used. In this paper, they also discuss a number of
recommendations to be considered when building a P300-
based typing system for disabled subjects.

Next we move from BCI to the use of high resolution EEG
to capture the information regarding neuroimaging and its
application in neuromarketing. Application of the today neu-
roscience techniques to marketing can be of help in establish-
ing a physiologically inspired assessment criterion for many
areas of marketing. Neuromarketing and its development
within the community is another interesting new topic ex-
plored in the work by G. Vecchiato et al., 2011. Particularly,
the correlations between different properties of the neuro-
physiological cerebral signals and the nature of the adver-
tising stimuli have been addressed. As an example, the cor-
relation between the steady state visually evoked potential
latency and long-term memory, when observing a commer-
cial video, has been studied. From these studies it has been
anticipated that electrophysiological signs may be used as a
probe to find out how pleasant a commercial stimulus is.
A number of applications related to neuromarketing have
also been discussed regarding the cortical activity influenced
by the advert effect. Characteristics of a video product, for
instance, can be tuned by assessing the information achieved
using brain imaging techniques. As the conclusion of this
work, neuroimaging, particularly EEG, can open its space in
social networking with special effect on marketing.

3. The Use of Cardiovascular Signals and Images

The selected contributions for this area of the special issue
are related to the application of DSP and pattern recognition
tools and algorithms to heart and vascular signals for various
purposes. The first paper is related to the use of unsupervised
and interpatient classification of heart beats often used as
the starting point in many applications where long-term
monitoring of the cardiac functions is required. As in any
classification problem, there is an inherent tradeoff between

the efficiency of classification and the number of features
that have to be used in the classification. In the work of G.
Doquire et al., 2011 some feature selection techniques have
been considered to extract optimal feature subsets for the
state-of-the-art ECG classification models. The perfor-
mances have been evaluated using real ambulatory record-
ings and compared to previously reported feature choices
using the same models. The results indicate that a small
number of individual features actually serve the classification
and that better performances can be achieved by removing
unnecessary features. In the second application A. Lourenço
et al., 2011 propose a finger based ECG biometric system that
uses signals collected from the fingers, through a minimally
intrusive 1-lead ECG setup recurring to Ag/AgCl electrodes
without gel as interface with the skin. The collected signal is
significantly noisier than the ECG acquired from around the
chest sites, motivating the application of feature extraction
and signal processing techniques to the problem. Again with
the possible application in the field of biometry, the third
application provided in this area by A. Bhuiyan et al., 2011
is related to a method for the retinal image matching that
can be used in human recognition and identification or the
longitudinal study of patients. Vascular invariant features are
extracted from the retinal image, and a feature vector is con-
structed for each of the vessel segments in the retinal blood
vessels. The feature vectors are represented in a tree structure
with maintaining the vessel segments actual hierarchical
positions. Using these feature vectors, the corresponding
images are cross-matched. The method identifies the same
vessel in the corresponding images for comparing the desired
feature(s). Initial results are encouraging and demonstrate
that the proposed method is suitable for image matching and
patient longitudinal study.

4. Behavior, Body Movement, and Modeling

In this part of the special issue different methodologies have
been applied to the study of different aspects of the behav-
ior. Starting from the overt actual behavior, a paper of T.
Watanabe et al., 2011 attacks the problem by developing a
wearable sensor system for gait evaluation using gyroscopes
and accelerometers. The outcome is applied to rehabilitation,
healthcare, and so forth. Simultaneous measurements from
the joint angles of the lower limbs and stride length were
tested in the detection process using a prototype of wearable
sensor system. Their results suggested that the wireless wear-
able inertial sensor system could detect characteristics of
gait, and this result could be interesting in the rehabilitation
framework. The paper provided by A. Mannini and A. M.
Sabatini, 2011 is related to the processing of body movement
data. In particular, while the previous paper is related to the
development of particular sensors, this paper is instead con-
cerned with the data processing obtained from accelerome-
ters. In fact, it is important to understand from such kind
of data the behavioral characteristic of the person, since
automatic classification of human physical activities is highly
attractive for pervasive computing systems, whereas contex-
tual awareness may ease the human-machine interaction,
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while in biomedicine, wearable sensor systems are proposed
for long-term monitoring. The paper is concerned with the
machine learning algorithms needed to perform the classi-
fication task. Hidden Markov Model (HMM) classifiers are
studied by contrasting them with Gaussian Mixture Model
(GMM) classifiers. A different approach is proposed by T.
Hinze et al., 2011 in which the question of whether biological
control systems for regulation of oscillatory signals and their
technical counterparts utilize similar mechanisms has been
dealt with.

It has been concluded that if the answer to the above
question is positive, the modeling approaches and parame-
terization adopted from the building blocks can help to iden-
tify the general components for frequency control in cir-
cadian clocks along with gaining insight into mechanisms
of clock synchronization to external stimuli like the daily
rhythm of sunlight and darkness. As a first step in this direc-
tion, the authors demonstrated that a model of coupled re-
pressilators is able to synchronise the clock signals in a mono-
frequential manner.
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Cognitive brain functions, for example, sensory perception, motor control and learning, are understood as computation by axonal-
dendritic chemical synapses in networks of integrate-and-fire neurons. Cognitive brain functions may occur either consciously
or nonconsciously (on “autopilot”). Conscious cognition is marked by gamma synchrony EEG, mediated largely by dendritic-
dendritic gap junctions, sideways connections in input/integration layers. Gap-junction-connected neurons define a sub-network
within a larger neural network. A theoretical model (the “conscious pilot”) suggests that as gap junctions open and close, a gamma-
synchronized subnetwork, or zone moves through the brain as an executive agent, converting nonconscious “auto-pilot” cognition
to consciousness, and enhancing computation by coherent processing and collective integration. In this study we implemented
sideways “gap junctions” in a single-layer artificial neural network to perform figure/ground separation. The set of neurons
connected through gap junctions form a reconfigurable resistive grid or sub-network zone. In the model, outgoing spikes are
temporally integrated and spatially averaged using the fixed resistive grid set up by neurons of similar function which are connected
through gap-junctions. This spatial average, essentially a feedback signal from the neuron’s output, determines whether particular
gap junctions between neurons will open or close. Neurons connected through open gap junctions synchronize their output spikes.
We have tested our gap-junction-defined sub-network in a one-layer neural network on artificial retinal inputs using real-world
images. Our system is able to perform figure/ground separation where the laterally connected sub-network of neurons represents
a perceived object. Even though we only show results for visual stimuli, our approach should generalize to other modalities. The
system demonstrates a moving sub-network zone of synchrony, within which the contents of perception are represented and
contained. This mobile zone can be viewed as a model of the neural correlate of consciousness in the brain.

1. Introduction: Cognition and Consciousness

Cognitive brain functions including sensory perception and
control of behavior are ascribed to computation in net-
works of neurons (“neurocomputation”). In each biological
neuron, dendrites (and the cell body/soma) receive and
integrate synaptic inputs to a threshold for axonal firing as
output—“integrate-and-fire.” Even though the behavior of
an actual biological neuron is quite complex, in replicating
complex behaviors, neurons are frequently modeled as
simple integrate-and-fire neurons. Neuronal firings and their
chemical synaptic transmissions are presumed to act like “bit
states” in silicon computers. Information flows directionally

through landscapes of integrate-and-fire neurons in feed-
forward and feedback networks, accounting for various
forms of brain cognition [1].

What cannot be easily accounted for is consciousness.
Subjective phenomenal experience—conscious awareness–
does not naturally ensue from information processing [2].
Without consciousness, nonconscious cognitive process-
ing and behaviors are performed habitually, for example,
on “autopilot” [3] or in “zombie mode” [4]. Without
addressing consciousness per se, neuroscientists aim to
identify the “neural correlate of consciousness” (NCC), brain
systems active concomitantly with conscious experience
[1].
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Cognition and consciousness may, or may not, coincide.
Complex behaviors like walking or driving are at times
nonconscious autopilot functions and at other times accom-
panied by conscious perception and control. For example,
we may drive to work on nonconscious autopilot while
daydreaming—our conscious minds roaming elsewhere. But
if a horn sounds or a light flashes, our conscious mind
returns to conscious perception and control. Studies of
stimulus-independent thought (“mind wandering”) show
activity literally moving around the brain as the content of
consciousness changes [5].

Measurable brain activity correlating most closely with
consciousness (i.e., the NCC) is synchronized electrical
activity in a particular frequency band (30 to 90 Hz) of
the electroencephalogram (EEG) called gamma synchrony
[6, 7]. EEG signals including gamma synchrony are produced
by membrane potentials reflecting integration in dendrites
and cell bodies, that is, not from axonal firings. Gamma
synchrony can occur locally within a brain region, between
neighboring regions, or globally distributed among spatially
separated brain regions.

The mechanism of long-range gamma synchrony
remains unclear [8]. Melloni et al. [9] assume long-range
synchronization of neural assemblies to be the key event
mediating access to consciousness. Different mechanisms
which could induce synchronous oscillations are reviewed
by Ritz and Sejnowski [10]. Local gamma synchrony requires
something other than directional axonal-dendritic or
axonal-cell body neurocomputation mediated by chemical
synapses and axonal firings. Local gamma synchrony
depends on dendrites of neighboring neurons fused and
synchronized by electrical synapses or gap junctions [11–14].
In the context of neural networks, gap junction electrical
synapses form lateral or sideways connections mediating
synchrony (“sideways synchrony”) in input/integration
layers.

As gap junctions open and close, neuronal groups linked
laterally by gap junctions—subnetworks—evolve, and can
move as spatiotemporal envelopes, or zones of “sideways
synchrony” through the brain’s neuronal networks (as feed-
forward and feedback neurocomputation continue). Such
moving zones of sideways synchrony have been proposed
as a mobile agent/NCC (the “conscious pilot”) conveying
conscious experience and choice to otherwise nonconscious
autopilot cognition [15]. Human electrophysiological studies
show zones of synchrony moving through the brain with
changing content of consciousness [16].

2. Neural Network Modeling

Artificial neural networks are used to address various
technical problems, replicating human or animal behavior
or for modeling brain functions. In so doing, the essential
ingredients of biological neuronal function are sought, omit-
ting aspects considered inessential. A simple model capturing
all the necessary ingredients has the advantage that it can be
simulated faster compared to a more elaborate model. In this
paper we follow the approach of Gerstner et al. [17] who

Time

V
s

Figure 1: Three spikes traveling along axon.

focus on the spiking behavior. The molecular interaction,
that is, interactions at the level of neurotransmitters and
ion channels, is not considered. However we do consider
connections normally omitted as inessential: sideways or
lateral interneuronal connections due to dendritic-dendritic
gap junctions. Using large-scale modeling [18] this may
eventually lead to a better understanding of how the brain
functions. We start with integrate-and-fire neurons as basic
components of artificial neural networks.

One of the simplest models of how a biological neuron
operates is the integrate-and-fire model [19, 20]. In each
biological neuron, dendrites (and the cell body/soma) receive
and integrate synaptic inputs from axons of other neurons.
Inputs to dendrites and cell body are integrated over time
as a membrane activation potential. When the activation
potential reaches a critical threshold on the proximal axon,
the neuron “fires” and sends a traveling wave or spike
(Figure 1) along the length of the axon to the next synapse
and, hence, the next neuron. The spike is integrated, along
with others from other neurons, by the next neuron. This
model is shown in Figure 2.

In integrate and fire models the change of the membrane
potential Vi of a neuron i which is connected to N other
neurons is described as (modified from [21])

C(dVi/dt) = gi(Ei −Vi) + Itonic + Ii +
N∑
j=1

wijKj , (1)

where C is the capacitance of the neuron. The cell tends
naturally towards its resting potential Ei. If Vi is higher than
Ei then the term gi(Ei − Vi) ensures that the membrane
potential Vi slowly decays towards Ei. The variable gi specifies
leakage conductivity, that is, the speed with which this decay
occurs. The factor Ii takes into account that the neuron i
may receive a constant current from an arbitrary external
source. Finally, the last term

∑N
j=1 wijKj models the incoming

current due to the excitatory potential of the incoming
spike Kj on afferent j. Here, wij models the strength of the
connection between neuron i and neuron j. The potential
Vi of neuron i rises (C(dVi/dt) > 0) if gi(Vi − Ei) >

Itonic + Ii +
∑N

j=1 wijKj . Once a threshold voltage of Vthreshold

is exceeded, a spike is generated by the neuron i. The spiking
voltage Vs is assumed to rise exponentially and also to decay
exponentially.

Even though (1) is a currently accepted model of how the
membrane potential of neuron i changes over time, it is not
a particularly useful description when we want to find out
which function is actually performed by neuron i.
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Axon from
neuron j

Axon from
neuron k
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Figure 2: (a) Biological neuron. (b) Abstract neuron with three neuronal inputs. An abstract neuron is described by several parameters
and state variables, for example, the activation or the connection weights. If the activation rises above a threshold, then the neuron sends a
voltage spike along the axon which is then integrated by other neurons through its dendrites.

3. A Sideways-Connected Model of
Spiking Neurons

We will now gradually simplify the equation of the mem-
brane potential in an effort to derive the function which is
computed by neuron i and also extend this equation. First,
we note that the tonic current Itonic can be subsumed into Ii.
Hence we only need to consider cases with Itonic = 0. The
external current can be treated as another input through the
afferent j = N + 1 with wij = 1. The capacitance C can also
be removed from the equation (it results in the time constant
τ = C/gi) by subsuming it into the constants gi and the
weights wij . Therefore, our simplified equation describing
the membrane potential Vi is given as

dVi

dt
= gi(Ei −Vi) + Ii (2)

with Ii =
∑N

j=1 wijKj . Using Vi(t = 0) = Ei, we obtain

Vi(t) =
(
Ei +

Ii
gi

)(
1− exp

(−git)), (3)

as a solution to this equation. The membrane potential rises
exponentially and reaches Ei + (Ii/gi) for t → ∞ if the time
between spikes is smaller than the time until the neuron has
reached its resting potential. For small t, when Vi ≈ Ei, the
membrane potential rises linearly according to Vi(t) = Ei +
Iit.

With respect to the operation of the neuron we will now
consider the resting potential to be zero, that is, Ei = 0. Thus,
we obtain

dVi

dt
= −giVi + Ii, (4)

where gi defines the velocity with which the membrane
voltage of the neuron returns to the resting voltage zero and
Ii is an external input through the afferent. Let us write the
above as an update equation using a time step of dt = 1.
Let Vn

i be the new membrane potential at the next time step

which can be computed from the potential at the previous
time step Vo

i . Then we obtain

Vn
i = Vo

i − giV
o
i + Ii,

Vn
i =
(
1− gi

)
Vo
i + gi

(
Ii
gi

)
,

Vn
i =
(
1− gi

)
Vo
i + giI

′
i ,

(5)

with I′ = (Ii/gi). This is simply a temporal averaging
operation. Suppose that gi = 0.001, then this equation would
simply describe that we maintain a running average of 999
previous parts Vo

i and one part of the current input I′i . In
other words, the main operation of the neuron is to compute
a temporal average of the input I′i .

So far we have considered only inputs and outputs for a
single integrate-and-fire neuron in a feed-forward network
connected by chemical synapses. However neurons also have
electrical synaptic connections mediated by structures called
gap junctions [11–14] which may mediate gamma synchrony
supporting conscious sensations [22–24].

Gap junctions are pores on membranes of adjacent
cells composed of connexin proteins which electrically
synchronize and physically fuse the two cells, forming
continuous membranes and cell interiors. In the brain, gap
junctions occur primarily between dendrites of neighboring
neurons and mediate gamma synchrony, the best measurable
correlate of consciousness. Gap junctions enable integration
in dendrites of multiple neurons simultaneously, effecting
collective integration. In the context of artificial neural
networks, gap junctions are lateral or sideways connections
in input/integration layers.

We will model gap junctions as resistive coupling
between neurons [25, 26]. Two different functions are
assumed to be associated with each gap junction. If a gap
junction between two neurons exists, then these neurons
are resistively coupled. This coupling exists unconditionally.
However, we also assume a conditional coupling through gap
junctions in which a particular gap junction can be in one
of two modes. The gap junction can be open (electrically
coupled to the neighboring neuron) or closed (electrically
uncoupled from neighboring neuron) [27].
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Figure 3: Resistive grid. Each node point is connected to another node point via a resistor R. An input current flows into the resistive grid
through resistor R0.

We assume that a neuron has an internal activation
potential and an external membrane potential. Instead of
distinguishing between internal activation potential and
external membrane potential, we could also work with
a compartmental model, where the two potentials are
mapped to different compartments of the neuron. However,
separating between internal and external makes it easier to
visualize how the neuron operates. The internal activation
potential (which can be measured on the inner membrane)
is described by (1) or its simplified form (2). Whenever
this activation potential rises above a certain threshold, the
neuron fires. A spike is generated, and this spike travels
down the axon of the neuron. The external membrane
potential (which can be measured on the outer membrane)
is influenced by the outgoing spikes and through the
resistive coupling to other neurons. If a gap junction exists
between two neurons, then a resistor is assumed to couple
the outer membrane potential of these two neurons. The
resistor connecting the outer membranes of two neurons is
assumed to connect the two neurons irrespective of whether
the gap junction is open or closed. Such neurons form
a fixed resistive grid. This resistive grid receives as input
the temporal integration of the outgoing spikes. Another
resistive grid is assumed to be formed through open gap
junctions. This is basically a reconfigurable resistive grid
where resistors can be inserted or removed from the resistive
grid by opening or closing gap junctions. The reconfigurable
resistors are assumed to connect the internal activation

potential to neighboring neurons allowing these neurons to
fire in synchrony when gap junctions are open.

Note that in our model synchronous firing is dependent
on the input stimulus but it is not necessarily locked to
the input stimulus, that is, we have a stimulus-related
synchronization [28]. Sideways gap junction connections
induce synchronous firing. This is in line with evidence
reported by Singer and Gray [29]. Our model also only uses
local connections between neurons to establish synchronous
firing. No global connections are required. Only a few
models have been derived establishing synchronous firings
using only local connections, for example, [30, 31]. Some
models, however, require a global inhibitor to achieve
desynchronization between different objects, for example,
[32]. Schillen and König [33] use long-range excitatory delay
connections in a network of nonlinear oscillators to achieve
desynchronization. In our model, different firing rates, that
is, desynchronization, are achieved through the size of the
connected subnetworks. No global inhibitor is required.
Subnetworks of different sizes will have different firing rates.

In order to understand the function computed by a grid
of resistively coupled neurons, let us consider the function
computed by a resistive grid. In a resistive grid, neighboring
points in a network are connected by resistors. We assume
that an external current reaches each point of the network.
Such a resistive grid is shown in Figure 3. Each node of the
grid is connected via a resistor R. An input current is flowing
into this resistive grid from below through resistor R0.
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Figure 4: The external current Ie,i flowing into node i has to be
equivalent to the current exchanged with adjacent nodes.

Each neuron corresponds to a point in this grid (see
Figure 4). The external current Ie,i flowing into node i, that
is, neuron i, is assumed to be a temporal integration of the
output voltage of that same neuron. The external current
has to be equivalent to the current exchanged with nearby
neurons. Let Ic, j be the current exchanged with neuron j. Let
neuron i be connected to Nn other neurons, then we have

Ie,i =
Nn∑
j

Ic, j . (6)

Let Ve,i be the input voltage and let Vn,i, be the voltage at
node i, then we obtain

1
R0

(
Vc,i −Ve,i

) = 1
R

Nn∑
j

Vc, j − Nn

R
Vc,i (7)

or

Vc,i = R0

NnR0 + R

Nn∑
j

Vc, j +
R

NnR0 + R
Ve,i. (8)

We can rewrite this equation as

Vc,i = (1− αs)
1
Nn

Nn∑
j

Vc, j + αsVe,i (9)

with αs = R/(NnR0 + R). This operation again describes an
averaging operation. First the spatial average of neighboring
neurons is computed, and then this average is again averaged,
adding a little from the external potential.

If we assume that we only have a linear sequence of
neurons where each neuron is connected to its nearest
neighbor then the solution of this equation is [34, 35]

Vc(x) =
∫

1
2σ

e−|x|/σVe(x)dx (10)

with σ = √(1− αs)/4αs. Note that we have dropped the index
i and refer to both the input voltage Ve and the voltage Vc of

neuron i through the position x of the neuron in the lattice.
For a two-dimensional grid of neurons, parameterized by
coordinates x and y, we can approximate the function
computed by each neuron as

Vc

(
x, y
) = ∫ ∫ 1

4σ2
e−(|x|+|y|)/σVe

(
x, y
)
dx dy. (11)

Figure 5 shows the result of this operation for different
values of αs, respectively, σ . The input image is shown in
Figure 5(a). Output images for αs = 0.005, αs = 0.001, and
αs = 0.0002 are shown in Figures 5(b)–5(d) where we have
assumed that the grid of neurons processing the image has
exactly the same size as the input image, that is, one neuron
per pixel. Each neuron is assumed to be connected to its
nearest neighbor. If αs is very small, that is, the resistor R is
very small compared to the input resistance R0 then a spatial
average with a very large extend is computed. For αs → 0 we
obtain

Vc,i = 1
Ns

∑
j

Vc, j , (12)

where Ns is the number of neurons in the resistively coupled
network, that is, the network essentially computes the
average of the node voltages for a sufficiently small value of
αs.

4. A Functional View of
Neural Computation through
Sideways-Connected Spiking Neurons

A neuron is said to fire when the activation rises above a
certain threshold. The integrate-and-fire model includes as
parameters the strength with which the axon of a neuron is
connected to the dendrites of the following neuron and the
threshold. A common learning theory for the adjustments
of the weights is Hebbian learning [36]. According to this
theory, the connections between two neurons increase if
both neurons are activated strongly. This allows tuning the
neurons to many types of different stimuli, that is, the
neuron fires strongly if the learned input is present. In
computational data processing, use of a threshold is often a
difficult issue. It is difficult to set the threshold at the right
level to extract the relevant data. An adaptive threshold is
often more appropriate and also more robust.

In the context of neural information processing, it is not
clear how a suitable threshold is set. If the threshold is too
high then hardly any neurons will fire. If the threshold is
too low, then almost all neurons will fire all of the time. The
threshold has to be within a suitable range for the neuron to
function. The firing threshold for cortical neurons appears
to vary spike to spike [37]. We assume that the threshold,
which is used to extract relevant information, is determined
by feeding back the output of a neuron. This allows adaptive
tuning of the neuron to relevant information.

Our model actually uses two thresholds [38]. The first
threshold is simply the standard threshold voltage. After the
activation has reached this threshold voltage, the neuron
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(a) (b) (c) (d)

Figure 5: (a) Input image, (size 614× 410) (b–d) spatially averaged images (b) αs = 0.005, (c) αs = 0.001, (d) αs = 0.0002.

fires. We will call this threshold the firing threshold. It can be
set to an arbitrary but constant value. The second threshold
which we introduce is the threshold which controls whether
the gap junctions are open or closed. Traub et al. [39] work
with a voltage-dependent behavior of the gap junctions. They
used physical intuition rather than biological data to model
this dependency. However, they do state that there appears
to be a sharp threshold conductance, below which there
is no synchronizing role of the interneuron dendritic gap
junctions. In our model, the behavior of the gap junctions
is also voltage dependent. Since the gap junctions control
whether the neurons synchronize or not, we will call this
second threshold the sync-threshold.

We assume that the sync-threshold is determined adap-
tively based on the firing rates of other neurons with a related
function. Neurons with a related function are connected
through gap junctions. The resistively coupling to other
neurons enables the neuron to compute a spatial average of
the output of other neurons. The neuron will “know” how
active the other neurons are, and it is therefore able to tune its
activity with respect to the firing rate of related neurons. We
argue that the spatial and temporal average of the outgoing
spikes of neurons with related functions is used to set the
sync-threshold controlling the gap junctions. This allows the
system to perform figure/ground segmentation.

For figure/ground segmentation, one needs to signal
that several neurons actually respond to the same object,
that is, that they respond to the same stimulus. According
to our theory, this is achieved through gap junctions. We
propose that gap junctions open when the temporal average
of a neuron is above the spatial average of its output. In
addition, we assume that the firing threshold of a neuron is
influenced by the number of other neurons it is connected
to through gap junctions. In our model, we actually vary the
firing threshold based on the size of the connected network
created through open gap junctions. Instead of varying the
threshold, it is of course clear that varying the activation
achieves the same result.

We have used a varying threshold in our computational
model that we describe in detail below. For the actual
neuron it seems more likely that the firing threshold stays
constant but the activation is increased (possibly by ions
entering the neuron at positions where open gap junctions
are located). Let Ns be the number of neurons responding to
a certain stimulus. Then the firing threshold of each neuron
responding to this stimulus is assumed to be reduced by
γNs. As a result, neurons which respond to large objects

will fire with a higher frequency, and, hence, the output will
be treated as more relevant in further processing. This is
in line with analyses of the behavior of biological neurons
that stimulus-related information is encoded into the precise
timing of spikes [40].

Our neuron model which also includes the function of
gap junctions is illustrated in Figure 6. The full description
of this model is given in Algorithm 1. But first, let us briefly
describe the individual components of the model so that
we get an overview. The comments in brackets refer to the
illustration shown in Figure 6.

(i) Each neuron computes the temporal average of the
incoming spikes through the afferent (

∫
dt-box).

(ii) It fires if the temporal integral of the incoming spikes
is larger than the firing threshold (threshold-box).

(iii) Each neuron is part of two resistive grids (formed
through light and dark lateral connections).

(iv) A fixed resistive grid is formed by neurons connected
through gap junctions (light lateral connections).

(v) A reconfigurable resistive grid or sub-network is
formed by neurons connected through open gap
junctions (dark lateral connections).

(vi) Outgoing spikes are temporally integrated and spa-
tially averaged using the fixed resistive grid (upper∫
dt-box and light lateral connections).

(vii) This spatial average, essentially a feedback signal from
the neuron’s output, determines the sync-threshold
of the neuron.

(viii) Gap junctions to neighboring neurons open if the
temporal average is larger than the spatial average
otherwise they close, forming a reconfigurable resis-
tive grid. A resistor exists in this grid for every open
gap junction (sphere on dark lateral connection).

(ix) Open gap junctions allow the neurons of a sub-
network to synchronize (synchronization occurs
through spatial integration

∫
dx-box).

(x) The firing threshold of each neuron is reduced based
on the size of the sub-network to which the neuron
belongs.

Making the sync-threshold dependent on the spatial average
of the output causes the threshold to move with the signal
and allows for figure/ground separation.
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Figure 6: Artificial neuron with lateral connections (gap junctions). The operation of this model is fully specified by the algorithm given in
Algorithm 1.

Even though, in our model, all of the above functions
are integrated into one neuron, it could actually be that
some of the functions are spread over several different types
of neurons within a cortical column. For a review of the
columnar organization of the neocortex, see Mountcastle
[41].

With this basic description of the function of a neuron,
we are able to build a highly successful figure/ground
separator or rather object detector. We will show this on
some sample visual input.

5. A Detailed Example

Suppose that our model is used in the context of visual
figure/ground segmentation. We start with an initial layer
of neurons (the visual receptors). For our implementation,
we only consider cones. The cones respond to light predomi-
nantly in the red, green, and blue parts of the spectrum [42].
Thus, for color image processing, we start off with a three-
dimensional coordinate system. The coordinate axes are the
responses of the cones in the red, green, and blue parts of the
spectrum.

By the time the visual stimulus has reached the visual
cortex, that is, V1, a change of coordinate system has
occurred. The main axes are no longer red, green, and
blue but dark-bright, red-green, and yellow-blue [43]. This
transformation is due to so-called color opponent and
double-opponent cells. Mathematically, the transformation
is simply a rotation of the coordinate system [44]. For our
simple example, we are only going to use the dark-bright
channel. In order to simulate this channel, we compute the
lightness [45] of the input stimulus for every pixel of the
virtual retina. Let R, G, B be the nonlinear intensities stored
in a computer image representing the responses of the red,
green, and blue cones, then the lightness L is given as

L = 0.299 · R + 0.587 ·G + 0.114 · B. (13)

We simulate a three-dimensional sheet of 1000 neurons
which simulate the processing done by some, as of now,
unspecific area of the visual cortex. The processing we
describe could take place in V1. However, it seems that
humans are not aware of the processing occurring in V1 [46].
The processing is more likely to take place in some higher
visual area in particular if higher features such as form or
motion are used.

In our simulation, each neuron has a random position
inside a volume of size N = 100 × 100 × 10 units.
Each neuron receives its input from three neurons of the
virtual retina. The size of the retina is 614 × 410 pixels.
The nonuniform distribution of the retinal receptors is
not modeled. In the brain, the nonuniform distribution
creates a complex-logarithmic mapping from the retinal
receptors to the neurons of V1 [47, 48]. However, we are
only concerned with the behavior of laterally connected
neurons. The distribution is not relevant in this context.
Thus, we simulate the receptive field as shown in Figure 7.
Each neuron is laterally connected to its 6 nearest neighbors.
The position where the neuron receives its input from is
determined randomly by first mapping the position of the
neuron to the virtual retina and then varying the position
slightly (by one pixel to the left or right or up or down). The
input we use is equal to the lightness of the pixel at that point
of the retina. We do not simulate the spiking behavior of the
retina as the first processing stage of the simulated sheet of
neuron performs a temporal averaging anyway. The input
may as well be simulated as a spiking input.

Each neuron is described by a set of state variables
(shown in Table 1). The output o of a neuron is assumed
to have the operating range of [0, 1] and the activation
a of a neuron is assumed to have the operating range of
[−1, 1]. The algorithm describing how these state variables
change over time is shown in Algorithm 1. In our simulation
on a sequential computer, all of the neurons are updated
sequentially. Note that the neurons are randomly distributed.
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Table 1: State variables of neuron i.

Variable Physical correlate Description

oi Vs Output voltage sent along axon

ai Vi Activation of neuron

ti Vthreshold Firing threshold voltage

ãi Ve,i Temporal average of outgoing spikes

ai Vc,i Spatial average of temporal average

Figure 7: A set of neurons receives visual input from a virtual
retina. Each neuron (sphere) has its own receptive field (transparent
cone) and is resistively coupled to other neighboring neurons
(connections between spheres). Only 7 neurons of a much larger
set are shown. Axons are not shown.

Hence, the update is analogous to a random update on a grid
array of neurons. The entire system takes approximately 1250
iterations before convergence to normal operating range
using the parameters given in Figure 2.

Figure 8 shows how our sheet of neurons responds to
different visual input stimuli. The input stimuli are shown
in the background. Each node represents a neuron. The gap
junctions open if the temporal average output is above the
spatial average of the output of all neurons. Gap junctions
are shown as connections between nodes. Only open gap
junctions are shown in Figures 8(a)–8(i). The color of the
neuron is drawn proportional to the temporal average of the
neuron’s output. The gap junctions of each interconnected
sub-network is drawn with a different color. The color is
randomly assigned but stays with a connected sub-network.
The figure which has been separated from the ground can be
clearly distinguished.

Since open gap junctions connect adjacent neurons
resistively, these subnetworks synchronize their firing rates
in the same way that electrical circuits synchronize which
are coupled resistively. It is almost certain that biological
neurons are not all identical. They could even fire in a chaotic
way. From the literature on electrical circuits, it is well known
that chaotic circuits can be synchronized if a signal is sent
from one circuit to the next [49, 50]. Also, identical non-
linear electrical circuits have been shown to synchronize

via bidirectional and unidirectional resistors [51]. Zhao and
Breve [52] have shown that chaotic oscillators, in particular
Wilson-Cowan neural oscillators [53], can be used for
scene segmentation. In Zhao and Breve’s setup, neurons
responding to the same object synchronize whereas neurons
representing other objects are in another chaotic orbit, that
is, their response is not regular. In contrast to their work,
we do not work with chaotic oscillators. Zhao and Breve
only used static input. They did not experiment with moving
stimuli where neurons have to continuously synchronize
to the same object. Eckhorn et al. [54] also established
synchrony in a moving input but worked with two one-
dimensional layers of neurons. Their approach uses long-
range lateral connections between neurons.

Figure 9 shows that our method is able to follow the
object over successive images of a moving stimulus. Even
though a different set of neurons responds to this stimulus,
it is still the same sub-network which is indicated by the
color of the sub-network. The firing frequency will allow
to identify this extracted stimulus as being the same object.
With this information, the next stage of neurons is then able
to compute the center of mass of this particular information,
for example, using a hierarchy of neural layers as shown in
Figure 10. This information in turn can then be used for tasks
such as visual servoing [55, 56].

Rodemann [57] has shown that such gamma oscillations
can be used as a temporal reference signal and also as a
global processing switch. When gamma oscillations are used
as a reference signal, neural processing can be changed from
a rate encoding to a latency encoding allowing for faster
information processing. With latency encoding, only the first
spike and its exact timing within the cycle are relevant.

We now further investigate the synchronizing behavior of
our neural sheet of neurons using synthetic input. Figure 11
shows how a set of neurons synchronize for an arbitrary
random input and γ = 0.001. For this experiment, we
deliberately open the gap junctions of all neurons which
lie inside a circular area from the center of the sheet of
neurons. In other words, all neurons inside the center area
are resistively coupled to neighboring neurons whereas the
remaining neurons are not resistively coupled to neighboring
neurons. The input stimulus is defined as follows. At each
time step, each input pixel is completely chosen at random
from the range [0, 1]. Thus, the input stimulus is just a
sequence of random images without any kind of structure.
The layer of neurons overlayed on a single input image is
shown in Figure 11(a).

From the layer of neurons, three arbitrary neurons are
selected from the center area and three arbitrary neurons are
selected from the remaining neurons. The selected neurons
are highlighted in Figure 11(a). Figures 11(b)–11(d) show
the output of the three neurons from the center area. Figures
11(e)–11(g) show the output of the three neurons from the
outside area. All neurons which are located inside the center
area of the visual layer fire in synchrony. These neurons
synchronize because they have their gap junctions open. The
neurons which are located in the area outside of the circular
area fire out of sync. The incoming random stimulus is
summed up until the firing threshold is reached. For some
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(1) oi := (1− αo)oi // output decay
(2) ai := (1− αa)ai // activation decay
(3) ai := ai + αa

∑
j wi jo j // sum over all inputs

(4) // average activation across open gap
(5) // junctions (reconfigurable resistive grid)
(6) ai := avg({ai} ∪ {aj | Neuron j is connected to
(7) non-refracting neuron i via open gap junction;
(8) aj is then set to average ai})
(9) ai := max[−1, ai] // limit activation
(10) // reduce threshold based on size of sub-network
(11) ti := max[0, 1− γ ·Ns]
(12) if (ai > ti) {// neuron fires if above firing threshold
(13) ai = 0 // activation is reduced to 0
(14) oi = 1−Nnε // output rises to 1
(15) // some activation is distributed to conn. neurons
(16) if ( j is connected to i via open gap junction)
(17) aj := aj + ε
(18) }
(19) // temporal averaging of own output
(20) ãi = (1− αt)ãi + αtoi
(21) // spatial averaging of temporal average
(22) a′i = 1/(1 + Nn)(ai +

∑
j a j)

(23) ai = (1− αs)a′i + αsãi
(24) // check if temporal average is above sync-threshold
(25) if (ãi > ai)
(26) open gap junctions
(27) else
(28) close gap junctions

Algorithm 1: Algorithm which updates the state variables of neuron i from one time step to the next.

neurons, the threshold will be reached soon whereas for
others the firing threshold will be reached later. In the center
area, the neurons are resistively coupled. Thus, the activation
of all resistively coupled neurons will equalize to the same
level (due to Algorithm 1(6)–( 8)).

Note that our model is in line with experimental results
obtained by Lamme and Spekreijse [58]. They investigated
whether neurons in V1 fire in synchrony depending on the
position of their receptive field relative to the stimulus. They
found that neurons tend to fire in synchrony if both of
their receptive fields are located on either the object or on
the background but not if one of the neuron’s receptive
field is located above the object and the other one over the
background. Lamme and Spekreijse attribute this behavior
to horizontal connections within V1. Apparently, whether or
not the neurons of V1 synchronize depends on the type of
stimulus used (and probably also on which neurons of V1
are checked for synchronous firing). There appears to be no
synchronous firing behavior for a motion induced stimulus.
This points to the use of higher visual areas, for example, V5
for figure/ground segmentation with respect to motion.

We will now illustrate the effect of line (11) of the update
algorithm (Algorithm 1) on the processing performed by the
neurons. The firing threshold is reduced depending on the
size of the sub-network, because of γ = 0.001. If many
neurons are resistively coupled through open gap junctions,
then their firing threshold will be lowered leading to a

Table 2: Parameters used for the simulation.

Parameter Description Value

αo Decay of the output spiking voltage 0.5

αa Decay of the neuron’s activation potential 0.01

αt Temporal averaging factor 0.01

αs Spatial averaging factor 0.0001

ε Activation leakage to adjacent neuron
upon firing

0.001

γ
Factor influencing reduction of firing
threshold

0.0

wij Weight between neurons i and j 1

oj Output of retinal neuron L(x, y)

higher firing frequency. If just a few neurons are resistively
coupled, then they will fire with a slower frequency. This
effect is illustrated when comparing between Figures 11 and
12. For the small circular area shown in Figure 11, the firing
frequency of neurons (b)–(d) is lower compared to the firing
frequency of neurons (b)–(d) for the larger area shown in
Figure 12.

Table 2 shows the parameters which we have used for
these experiments. The parameters αo and αa describing
the decay of the output spiking voltage Vs and the decay
of the neuron’s activation potential Vi of course depend
on the time scale of the simulation. Similarly, the factor
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Figure 8: Figure/ground separation using our model. A sheet of neurons (nodes) receives input from a virtual retina (image in background).
Gap junctions (connections between nodes) open if the temporal output of a neuron is above the spatial average.

αt for the temporal averaging of the neuron’s output also
depends on the time scale of the simulation. The parameter
αs which determines the extent of the spatial averaging
should be reasonably small. This parameter depends on the
total number of neurons N simulated in the sheet of neurons.
The more neurons there are, the smaller this parameter
has to be in order to compute an almost global average
of the temporal average. The parameter ε determines how
much from the built-up voltage carries over to adjacent
neurons. This parameter is most likely very small as most of
the current leaves the neuron through the axon. However,

part of this current also reaches neighboring neurons. If
those neurons have almost reached their threshold then
this current will make sure that these neurons also fire at
approximately the same time.

The factor γ which is used to reduce the firing threshold
of a neuron is of course based on the maximum number of
neurons which can belong to a connected set of neurons.
Let there be N neurons in the simulated sheet, then this
parameter should be smaller than 2/N . The maximum size
of a sub-network is N/2. For such a maximum size sub-
network, the firing threshold would be reduced to 0 if
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Figure 9: Figure/ground separation over several images from a larger image sequence. Every 100th image is shown. Even though a different
set of neurons responds to the visual input, it is still the same connected sub-network as indicated by the color of the sub-network.

γ = 2/N , that is, all neurons of the sub-network would fire
all of the time. On the other hand, if γ is too small, then
the reduction of the firing threshold would hardly make a
difference, and, hence, it would not be possible to distinguish
between smaller or larger stimuli by higher neural areas. Our
virtual retina, that is, the input images that we used, had size
614×410 pixels. The weights wij are set to unity. Each neuron
receives its stimulus from the artificial retina as described
before with a slight random offset. Due to the unit weights
and this offset, the input is a downsampled version of the
original retina. The resulting synchronous firing frequency
of course depends on the choice of the given parameters and
the simulation time constant. By varying the time constant
of the simulation step, the firing frequency can be brought
into agreement with a given firing frequency. Also, note that
the so-called gamma synchrony does not correspond to a
single frequency but to a range of frequencies. Our model
also shows this behavior in that several different frequencies
can be obtained as output.

6. Processing of Arbitrary Features in the Cortex

For our simulations we have used a retinotopic mapping
between the neurons processing the visual input and the
virtual retina. It is well known that the primary visual
cortex is highly structured [59]. It is of course clear that

the operation which we just described also works with
nonretinotopic maps. The only requirement for the method
described to work is that we interconnect neurons of related
function resistively such that the spatial average can be
computed and in turn the sync-threshold can be set.

Even though we have shown how our model processes
a very simple visual input (the lightness of the stimulus), the
method is able to classify any arbitrary feature vector. If visual
stimuli are processed, the component features could as well
be color, texture, motion, or depth (derived from disparity)
as shown in Figure 13.

Suppose that one wants to segment a moving stimuli
from a background motion. Let us assume that the moving
object creates a different motion vector compared to the
background. Then it would be sufficient to extract this
object by substituting the lightness input (13) with a motion
detector.

Suppose that two different stimuli are presented to our
layer of neurons, for example, two objects which move
through space. Then the lightness input would be substituted
by a motion detector and a texture detector tuned to the
object. Neurons corresponding to the object covering a
larger retinal area would fire with a higher firing frequency.
Neurons which correspond to the smaller object would have
a lower firing frequency. Using a hierarchy of frequency
detecting neurons [60], we could locate the position of the
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Figure 10: Hierarchy of neuron layers processing visual informa-
tion at different scale levels.

object relative to the visual field. This information could then
be used for actions such as grasping behavior through visual
servo control [55, 56].

7. Discussion

Kouider [61] reviews current neurobiological theories for
consciousness. Unfortunately, these theories are not con-
structive in a way that would allow engineers to build a
conscious machine or artifact. We review a few of these
theories and show how they relate to our model.

Tononi and Edelman [62] put forward the dynamic
core hypothesis in which information is transmitted through
recurrent reentry connections along an ascending thalamo-
cortical axis of arousal. Local groups of neurons perform
specialized and discriminatory functions regulating reentry
and feedback. Particular core feedback loops are presumed to
correspond with particular conscious mental states. Cortical
feedback between different visual areas is important for
figure/ground separation [63], and, according to Grossberg
[64], visual form perception.

But the dynamic core cannot account for gamma syn-
chrony EEG, the best marker of consciousness, nor deal with
non-arousal-based consciousness, that is, internally gener-
ated states like daydreaming, mind-wandering, memory, and
meditation, mediated through “default-mode” networks [5].
Thalamic core activity could be essentially nonconscious,
unless enveloped within a synchronized zone, conferring (by
an as-yet-unknown mechanism) conscious awareness of its
content [15].

In the present paper we consider just local zones of gap
junction-mediated synchrony, able to move through neu-
ronal network lateral connections. Such local zones could, for
example, regulate reentry and feedback in the dynamic core.

We did not consider long-range gap junction connections
which may occur via interneurons, glia and axonal gap
junctions, coalescing mobile zones into synchronized global
webs.

According to Tononi’s Information Integration Theory
[65] consciousness depends exclusively on the ability to
integrate information, to reduce uncertainty. The quality of
consciousness is determined by complexity of relationships
among informational elements. His theory also suggests
an ability to measure and correlate consciousness with the
brain’s electrical complexity. In integrate-and-fire neurons,
integration occurs exclusively in dendrites and cell body,
axon firing being the output signal. But Tononi integra-
tion occurs in intracortical pathways over large regions
of cortex and thus linear series of individual integrate-
and-fire neurons. In our model, integration-performing
dendrites and cell bodies are synchronized and unified by
gap junctions into lateral webs, enabling, we propose, faster
and more efficient “collective integration” by massive parallel
processing of synaptic inputs from among many thousands
of neurons, with more finely tuned and coordinated firing
outputs.

Dehaene and Naccache [66] have developed the global
neuronal workspace theory. It assumes that different modu-
lar areas, including prefrontal and anterior cortex, are con-
nected through long-range axons into a “global workspace,”
within which consciousness can occur in a further subset of
neuronal activities. Our mobile zone of synchrony defined
by lateral gap junction could easily move through the global
workspace, conferring consciousness wherever it goes.

Lamme [67] has put forward the Local Recurrence
Theory, a hierarchy of three types of neural processes, (1) a
feed-forward sweep, (2) localized recurrent processing, and
(3) widespread recurrent processing with global interactions.
All seem conducive to gap-junction-mediated mobile zones
and more extended global webs.

The Microconsciousness Theory of Zeki [68] suggests
that particular qualities of a perception become conscious
in separated brain areas, with multiple microconsciousnesses
distributed across processing sites. Attributes such as color,
form, and motion each arise in one particular microcon-
sciousness region, but are somehow bound together to give
rise to a unified conscious percept. Our model of a mobile
zone of synchrony is a direct correlate of microconsciousness.
Zeki does not explain how the microconsciousnesses are
bound together. They may need long-range gap junc-
tions (interneurons, glia, axons) and brain-wide mobile
zones/global webs for binding.

Binding is an essential question. How does the brain
integrate sensory inputs, binding together individual features
from different cortical areas into unified, conscious percepts?
If individual neurons were tuned to specific stimuli, many
highly specialized cells would be required which would only
fire rarely, since relevant stimuli only appear on occasion. As
a solution to this problem, von der Malsburg [69] proposed
the “correlation theory,” in which synchronous electrical
activity among disparate cell groups binds them together
and integrates their component features into a unified
conscious perception. According to this theory, relations
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Figure 11: (a) Random input stimulus and small circular set of neurons with open gap junctions. (b)–(d) firing behavior of three neurons
from inside the circular area. (e)–(f) Firing behavior of three neurons outside of the circular area.
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Figure 12: (a) Random input stimulus and large circular set of neurons with open gap junctions. (b)–(d) Firing behavior of three neurons
from inside the circular area. (e)–(f) firing behavior of three neurons outside of the circular area.

between active cells leading to synchrony are established by
synaptic modulation and feedback loops. Wang et al. [70]
showed how a feedback loop between groups of excitatory
and inhibitory neurons can be used for pattern segmentation
in associative memory. Gerstner et al. [17] and Ritz et al.
[71] showed how such feedback loops can establish collective
oscillations. Using this architecture, von der Malsburg and

Buhmann [72] presented a computational model of a cortical
circuit consisting of an array of synchronized units that act as
feature detectors.

Synchrony in the gamma EEG range of 30 to 90 Hz,
correlating with conscious perceptions and actions, was
discovered and established in the 1980s for example, Singer
[73] gives an extensive overview on brain gamma synchrony
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Figure 13: Our model is also able to work with more complex feature vectors. Instead of using only the lightness of the visual stimuli, one
could also use color, texture, motion, or disparity. Also, the input does not have to be visual input. It could be any kind of input, for example,
auditory input.

correlating with perception and motor control. Palva et
al. [74] showed robust cross-frequency (alpha, beta and
gamma oscillations) phase synchrony exists in human cortex,
with synchrony enhanced during cognitive tasks such as
arithmetic.

However several influential papers discounted synchrony
as a solution to binding or consciousness, based on a misun-
derstanding. Von der Malsburg had implied axonal firings,
or spikes, as the synchronized activity, and neuroscientists
and cognitive scientists routinely view firings or spikes as
the currency of cognition in the brain. However gamma
synchrony EEG correlating with consciousness measures
local field potentials, closely related to dendritic and cell body
membrane potentials rather than axonal firings.

In a famous 1990 paper, Crick and Koch [75] argued
that consciousness depends on neurons that bind together
by synchronizing their spikes in 40 Hz oscillations. However
5 years later, as evidence for synchronized spikes failed to
materialize (and despite continuing evidence for gamma
synchrony EEG, that is, dendritic synchrony as a neural
correlate of consciousness) Crick and Koch [46] recanted
their support for synchrony as an essential aspect of brain
activity related to consciousness. Shadlen and Movshon [76]
concluded there is insufficient evidence for the temporal
binding hypothesis based on synchronized axonal firings.
Forced to choose between dendritic synchrony (for which
evidence existed) and axonal firings as the correlate of
consciousness, authorities chose axonal firings, presumably
because of their direct applicability to neuronal network
computation.

But integration, which Tononi tells us is the key function
relating to consciousness, occurs in post-synaptic dendrites
and cell bodies. Gamma synchrony EEG originates in post-
synaptic dendrites and cell bodies. Gap junction-connected
mobile zones of dendritic synchrony performing collective
integration are prime candidates for the neural correlate of
consciousness.

Crick and Koch [75] and Shadlen and Movshon [76]
both also questioned whether synchronized oscillations

could solve the figure/ground problem. In this paper we
present an algorithmic solution to the figure/ground prob-
lem based on dendritic synchrony. Specifically, we demon-
strate a spatiotemporal envelope of sideways synchrony mov-
ing through a single-layer artificial neural network viewing
and perceiving a visual scene. Topology of the envelope and
activity within it convey information, not the synchrony
per se. Neurons of related function, connected through gap
junctions, synchronize and coherently respond to an input
stimulus. This is in line with evidence summarized by Singer
and Gray [29], that is, that correlations tend to occur
between cells with similarities in orientation preferences,
ocular dominances, and color selectivities.

Singer and Gray, as well as Crick and Koch, Shadlen and
Movshon, Tononi, Edelman, and Lamme based their models
on axonal-dendritic synapses, with synchrony and long-
range correlations due to axonal firing/synaptic feedback
loops along sensory arousal pathways. Generally, they all
accommodate nonconscious cognitive processes and behav-
iors, but fail to offer a distinction for consciousness.

The importance of gap junctions in the brain, and in
particular in relation to gamma synchrony, was not then
appreciated. Our model of a gap-junction-mediated mobile
sub-network, zone, or envelope of dendritic synchrony mov-
ing through input/integration layers of neuronal synaptic
networks is compatible with, and supplementary to all
these models, capable of adding to them a distinguishing
mechanism for consciousness.

8. Conclusion

Cognitive brain functions are understood as computation
in synaptic networks of integrate-and-fire neurons. Each
neuron has multiple dendrites and a cell body which
integrate synaptic inputs to a threshold triggering axonal
firings or spikes. With feedback and synaptic modifications,
networks of such neurons learn, adapt, and compute, able to
account for cognitive functions. Axonal firings or spikes and
chemical synaptic transmissions are considered the primary
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currency of cognitive information processing in the brain’s
neuronal networks. But a basis for consciousness in the brain
remains elusive, as does executive agency in artificial systems
based on neuronal networks.

At the same time, another type of synaptic network
occurs among brain neurons. Gap junctions (electrical
synapses) fuse adjacent cells, synchronize their membranes
and connect their cytoplasms, essentially forming subnet-
works which are one complex cell, syncytium, “hyper-
neuron,” or dendritic web. Gap junction-connected subnet-
works among cortical interneurons mediate gamma syn-
chrony EEG, the best measurable correlate of consciousness.
Gap-junctions between dendrites form lateral, or sideways
envelopes, or layers in neuronal networks. As gap junctions
open and close, zones or webs of gap junction-connected
neurons and glia can literally move around the brain, as
an envelope of synchronized collective integration, perhaps
able to confer conscious awareness upon its contents [15]. If
consciousness moves as a self-organizing system through the
brain’s neuronal networks, perhaps a comparable function
could be engineered into artificial systems. In this paper we
applied the concept to an artificial neural network.

We extend the standard integrate-and-fire neuronal
model in an artificial system to include “sideways synchrony”
induced by lateral connections in input/integration layers.
In distinguishing “figure” from “ground” in visual signals,
neurons extract essential features from an input stimulus. In
our computational model, we introduce lateral processing
through gap junctions which couple neurons of similar
function. Each neuron temporally integrates its own inputs
to a threshold which, when met, results in its own output
spike. The generated output spikes are used as a feedback
signal for the same neuron. This feedback signal is then
averaged over gap-junction-connected neighboring neurons,
regardless of whether the gap junctions are open or closed.
Neurons with a firing frequency above the spatial average
open their gap junctions with neighboring neurons, causing
these coupled neurons to synchronize, providing coherent
processing from one time step to the next. Opening and
closing of gap junctions enable the sub-network of gap-
junction-connected cells to literally move through the larger
network.

Due to coherent processing and collective integration,
the sub-network of synchronized neurons may be more
efficient. In the brain, according to our view, gap-junction-
defined synchronized zones correlate with conscious per-
ception and control, converting nonconscious cognition to
consciousness. In artificial systems, a synchronized zone
can act as a mobile executive, a causal agent. This study
demonstrates the potential utility of a mobile synchronized
zone in feature detection and visual perception. Our mobile
zone of synchrony is a candidate for (1) the neural correlate
of consciousness in the brain and (2) an executive causal
agent in artificial systems.
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Here we present an overview of some published papers of interest for the marketing research employing electroencephalogram
(EEG) and magnetoencephalogram (MEG) methods. The interest for these methodologies relies in their high-temporal resolution
as opposed to the investigation of such problem with the functional Magnetic Resonance Imaging (fMRI) methodology, also
largely used in the marketing research. In addition, EEG and MEG technologies have greatly improved their spatial resolution in
the last decades with the introduction of advanced signal processing methodologies. By presenting data gathered through MEG
and high resolution EEG we will show which kind of information it is possible to gather with these methodologies while the
persons are watching marketing relevant stimuli. Such information will be related to the memorization and pleasantness related
to such stimuli. We noted that temporal and frequency patterns of brain signals are able to provide possible descriptors conveying
information about the cognitive and emotional processes in subjects observing commercial advertisements. These information
could be unobtainable through common tools used in standard marketing research. We also show an example of how an EEG
methodology could be used to analyze cultural differences between fruition of video commercials of carbonated beverages in
Western and Eastern countries.

1. Introduction

In scientific literature, the most accepted definition of neu-
romarketing is that it is a field of study concerning the
application of neuroscientific methods to analyze and under-
stand human behaviour related to markets and market-
ing exchanges [1]. Nowadays, neuroscientific methodology
includes powerful brain imaging tools, based on the gather-
ing of hemodynamic or electromagnetic signals related to the
human brain activity during the performance of a relevant
task for marketing objectives. The reason why marketing
researchers are interested to the use of brain imaging tools,
instead to simply ask to the persons their preferences in front
of marketing stimuli, arises from the assumption that people

cannot (or do not want) fully explain their preference when
explicitly asked.

Researchers in the field hypothesize that neuroimaging
tools can access information within the consumer’s brain
during the generation of a preference or the observation of
a commercial advertising. If this information could be useful
to further promote the product is still a matter of debate in
marketing literature. From the marketing researchers point
of view, there is the hope that this body of brain imaging
techniques will provide an efficient tradeoff between costs
and benefits of the research.

The most popular brain imaging method adopted in the
neuromarketing field is the functional Magnetic Resonance
Image (fMRI), a technique that returns a sequence of images
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of the cerebral activity by means of the measure of the
cerebral blood flow. Although such as images are “static”, that
is, they are related to around ten seconds activity, they have a
high-spatial resolution that no other neuroimaging method
can offer. Nowadays, fMRI scanners are currently employed
in the neuromarketing field and in the literature there exist
some scientific studies showing the activation of particular
cerebral areas during the tasting of a couple of popular drinks
such as Coca-Cola and Pepsi [2].

It is very well known that the hemodynamic measure-
ments of the brain activity allow a level of localization
of the activated brain structures on the order of few
cubic mm, being capable to detect activations also in deep
brain structures such as amygdale and nucleus accumbens.
However, the lack of time resolution, due to the delay of
the cerebral blood flow’s increment after the exposition to
the stimuli, make the fMRI unsuitable to follow the brain
dynamics on the base of its subseconds activity.

However, there are other brain imaging techniques that
allow to follow on a millisecond base the brain activity during
the exposition to relevant marketing stimuli. Such techniques
are the electroencephalography (EEG) and the magnetoen-
cephalography (MEG). One problem of such brain imaging
techniques is that the recorded electrical or magnetic cerebral
signals are mainly due to the activity generated on the
cortical structures of the brain. In fact, the electromagnetic
activity elicited by deep structures (usually advocated for the
generation of emotional processing in humans) is almost
impossible to gather from usual superficial EEG electrodes
or MEG sensors [3, 4]. To overcome this problem, high-
resolution EEG technology has been developed to enhance
the poor spatial information content of the EEG activity in
order to detect the brain activity with a spatial resolution of
a squared centimetre and the unsurpassed time resolution of
milliseconds [3, 5–8].

On the other hand, by using the MEG signals it is also
possible to estimate the activity at the level of brain voxels
by using the magnetic field tomography (MFT) that it is
the name given to the resulting method which perform the
estimation of brain activity [9]. MFT solutions can scrutinize
brain function at multiple spatiotemporal scales. In the
spatial domain, the range covers details of a few millimetres
allowing to map almost the entire brain. In the time domain,
events can be analyzed at time scales from a fraction of a
millisecond to minutes and hours [10].

It is worth noting that EEG and MEG techniques, while
exhibiting a remarkable time resolution and a passable spatial
resolution, have drastically different costs for the marketing
research. In fact, MEG technology uses liquid helium and
needs special shielded structures in order to record the tiny
brain magnetic signals produced of the order of femtotesla.
On the contrary, EEG devices are relatively inexpensive,
robust, and even wearable by the subject, making such
EEG technology of interest for the evaluation of marketing
stimuli.

In the following paragraphs we intend to give a survey
about the neuromarketing research recently published that
used EEG and MEG methodologies.

In particular, we attempt to describe the correlations
observed in published literature between the EEG and MEG
signals and particular aspects of the perception of marketing
stimuli, such as the memorization of part or the entire
sequence of the stimuli, as well as the perceived pleasantness
of such stimuli. We also describe how EEG techniques
could be used to assess changes in attention related to
cultural differences in Western (Italy) and Eastern (China)
population during the fruition of a commercial advertising.

2. Magnetoencephalographic Temporal
Patterns of Cortical Activity

2.1. Product Choice. In this context, the research team of
Sven Braeutigam [11–13] has employed the MEG in order to
study the temporal relationship of cerebral areas involved in
consumers’ choices when they have to make decisions among
different items within a laboratory context.

In this study they wanted to analyse the cerebral behav-
iour by distinguishing male subjects from females during a
simulated shopping.

Cerebral activations induced by multiple choices reflect
the level of familiarity or the preference that a particular
experimental subject had with the presented products.
These factors can be considered by taking into account the
relationship between the current choice of a product on the
shelf and the relative frequency of choice and usage of that
product in the past.

In particular, the main observation came to light from
these studies presents the consumer’s choice like a complex
sequence of cerebral activations that greatly differ according
to the consumer’s sex and to the probability of choice.
From a behavioural point of view, choices with a high
probability were faster than those less predictable. This can
be interpreted by supposing that in the case of more difficult
choices the cortical activities are more complex than those
simple to make. As illustrated in Figure 1, they distinguished
two distinct cerebral paths. The first one is referred to
predictable choices, that is, associated to products that the
experimental subject already used in the past or said to
prefer; the second one is related to unpredictable choices,
that is, associated to unfamiliar products to the subject. In the
experiment performed by Braeutigam, the first stage in the
decisional process has been individuated around 100 ms after
the stimulus onset with an activity located in the occipital
cortex. At that stage of decision (working memory: W) the
subject compared the product to choose with the list of
products seen before by involving the working memory,
although this early component is also usually related to the
processing of sensory percepts.

The sequence of cortical activations observed in the
experimental subjects continues with two neuronal stages
partially correlated (memory recall: M; semantic analysis:
S) which can be observed between 280 and 400 ms after
the beginning of the decisional process. In this period the
selective attention of the subject is oriented towards images
of products to identify, classify, and compare with those
stored in the memory related to the preferred products and
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Figure 1: Cortical activations associated to the decisions of an experimental subject. Predictable choices (P) are the ones related to familiar
items which have been often bought or used in the past, compared with the unpredictable ones (U). Label letters indicate the different
stages of the trial, namely, working memory, memory recall, semantic analysis, integration, binding, vocalization, judgement, as the legend
indicates as well. Cortical maps present the brain areas activated (blue: lower activity; red: higher activity) during the different decision stages
in the frequency range from 30 to 40 Hz. Activations over the left prefrontal cortices are genderrelated, as the bidimensional map shows (high
perspective, nose up), reproduced with permission from [11].

brands. This memory can involve the past experience of
buying the particular item or watching the commercial of the
specific brand.

2.2. Gender Differences. The cerebral activation differs in this
time interval between men and women. In particular, around
400 ms after the stimulus onset, female subjects presented
a stronger activation with respect to the males in the left
parieto-occipital lobe of the brain while males presented
a stronger cortical activity in the right temporal lobe,
although authors do not show such results. These differences
connected with the sex of the subjects characterize both the
stage of choice of the product and its discrimination. These
observations suggest that, at this temporal stage, women tend
to employ a strategy based on the knowledge of the product
to buy, while men tend to act according to a spatial memory
strategy [14]. In addition, we could also say that men and
women act according different semantic interpretation of the
stimuli observed.

After 500 ms from the beginning of the decisional
process, two patterns of cortical activations can be identified
according to the predictability of the choices adopted by
the subjects. In particular, as to the predictable choices (P),
we can observe a strong activation in the right parietal
areas around 900 ms after the beginning of the experiment
(integration: I). In later time latencies, predictable choices
of products recall strong MEG oscillations in the frequency
band between 30–40 Hz in the left prefrontal cortex (binding:
B). Parietal cortex receive inputs from many cortical areas
since it is involved in the spatial integration of sensorial
information. Differences in the cortical activity between men
and women can strengthen the hypothesis of two different
groups of strategies. On the contrary, unpredictable choices

(u) generate a strong activation in the right inferior frontal
cortex (vocalisation: V), at a latency of around 500 ms, and
in the left orbitofrontal cortex (judgement: J) between 600
and 1200 ms after the stimulus presentation. In the case V, the
cortical patterns are consistent with the activity in the Broca’s
area, which is involved in the spoken language, also active
during the observation of video clips. Hence, the cortical
activity at this latency may indicate a tendency to vocalize
brands, as a part of strategy which helps in the decision when
it is difficult. The activity in the orbitofrontal cortex (J) can
be explained by stating that during an unpredictable choice
we have to evaluate the outcome in terms of convenience.
Overall, these results present a complex neuronal network
which is active during a simple decisional process connected
to the purchase of a product. The generation of a choice is
considered as an information processing which can be highly
influenced, sensible to the complexity of the decision to make
and to the rush in which the decision is made along with
many other factors.

2.3. TV Advertising. A strong involvement of parietal areas
during the observation of the TV commercials with an
affective and cognitive content was also noted in a previous
study, performed by using sophisticated MEG recordings
[15]. In that study, cognitive frames elicited a stronger
activity in the parietal areas and superior prefrontal cortex
while the observation of the affective ones is correlated
with the activation of the orbitofrontal and retrosplenial
cortex, amygdale, and brainstem. The magneto field tomog-
raphy (MFT) results showed an increasing activity during
the observation of cognitive stimuli rather than affective
commercials in parietal and superior prefrontal areas. These
regions are known to be associated with executive control
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of working memory and maintenance of highly processed
representation of complex stimuli [16]. Although the affect-
related activations are more variable across subjects, these
findings are consistent with previous PET and fMRI studies
[17–20] showing that stimuli with affective content mod-
ulates activity in the orbitofrontal and retrosplenial cortex,
amygdale, and brainstem.

3. Electroencephalographic
Frequency Patterns Cortical Activity and
Functional of Connectivity

3.1. TV Advertising. The research in the neuromarketing
field performed in the recent years by using high-resolution
EEG techniques [21–24] showed also result suggesting that
the cortical activity elicited during the observation of the TV
commercials that were forgotten (FRG) is different from the
cortical activity observed in subjects that remembered the
same TV commercials (RMB). In fact, the principal areas
of statistical differences in the power spectral density (PSD)
maps, between such experimental conditions, are located
almost bilaterally in the prefrontal Brodmann Areas (BAs) 8,
9 as well as in the parietal BAs 7, as shown in Figure 2.

The spectral amplitude in the RMB condition was always
higher than the power spectra in the FRG conditions over
the BAs 8, 9, and 7 [25]. A statistical increase of PSD in the
prefrontal and parietal areas for the RMB dataset compared
with the FRG one is in agreement with the suggested role of
these regions during the transfer of sensory percepts from
short-term memory to long-term memory storage. Although
in that study the differences in the cortical power spectra
between the RMB and FRG conditions are relatively insen-
sitive to the particular frequency bands and hemispheres
considered, there are experimental evidences showing that
there is a stronger engagement of the left frontal areas
among all the subjects analyzed during the observation of the
TV commercials that were remembered [26]. In particular
in [26], the analysis of the statistical cortical maps in the
condition RMB versus FRG suggested that the left frontal
hemisphere was highly active during the RMB condition,
especially in the theta and gamma band. These results
are in agreement with different observations on the RMB
condition performed in the literature by studying different
experimental paradigms [17, 27]. Taken together, the results
indicated that the cortical activity in the theta band on the
left frontal areas was increased during the memorization
of commercials. These results are in agreement with the
role that has been advocated for the left pre- and frontal
regions during the transfer of sensory percepts from the
short-term memory toward the long-term memory storage
by the HERA model [28, 29]. In fact, in such a model the
left hemisphere plays a key role during the encoding phase
of information from the short-term memory to the long-
term memory, whereas the right hemisphere plays a role in
the retrieval of such information. It must be noted, however,
that the role of the right cortices in storing images has
been also recognized for many years in neuroscience [14–
17]. It is worthy of note that the subjects were unaware

about the kind of questions that the researcher asked them
after the viewing of the documentary. Hence, the cortical
areas elicited by this study are likely to be involved just in
the process of the memorization of the pictorial material,
owing to an increase of attention during the observation
of the TV commercial. In addition, there was no particular
set of commercials remembered that was common to all the
subjects. The pattern of activity, which was elicited during
the observation of the TV commercials remembered after
ten days, also suggest an active involvement of the anterior
cingulate cortex (ACC) and the cingulate motor area (CMA)
acting as sources of links going towards other cortical areas.
In this case the increased activity related to an enhance of the
outflow of partial directed coherence (PDC) links from ACC
and CMA towards other cortical regions could be taken as a
sign of increased “emotive” attention to the stories proposed
by different TV commercials that significantly aid successive
memorization.

The EEG spectral and cortical network analyses per-
formed in these study also suggest a key role of the parietal
areas as targets of the incoming information flow from
all the other cortical areas. Functional networks in the
frequency domain were also estimated by evaluating the
global- and local-efficiency indexes derived from the graph
theory, employed as a measure of the level of communication
in the networks [30–32]. The changes of these indexes could
be related both to memory coding activity as well as to
increase/decrease of attentive state of the subjects. As to
the RMB condition, the functional network in the beta and
gamma band state a significant nonhomogeneous allocation
of the involved information flows and a consequent reduc-
tion of the efficiency in the overall communication between
the network nodes. In the beta and gamma frequency bands,
the respective reduction of global efficiency, as well as the
reduction of local efficiency for the alpha band of the
cortical network communication could represent a predictive
measure for the accurate recall of the commercials that will
be remembered.

3.2. Steady-State Visually Evoked Potentials. These results
are also supported by findings obtained from the group of
Richard Silberstein which measured the steady-state visually
evoked potential (SSVEP) by means of the steady-state probe
topography (SSPT), which is a particular version of the EEG
technology [33–35]. In a particular study [33], they collected
the cerebral activity from thirty five women that were
subjected to the exposition of eighteen-minute documentary
in which 12 US TV commercials were inserted within. Seven
days after the recording, the participants were asked to recall
the viewed advertisements from a series of frames taken
from the same commercials. They found out that images
corresponding to a minima of the posterior frontal latency
were more likely to be recognized than images associated
to a SSVEP latency maxima. Moreover, they showed a
significant correlation between the recognition performance
and SSVEP latency measured at electrode sites located in the
left posterior frontal site suggesting that this kind of result
can be employed in order to assess the strength of long-term
memory encoding for the audiovisual stimuli they proposed.
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Figure 2: Figure presents the results of statistical comparisons of RMB and FRG groups in the theta and alpha frequency ranges (a), and in
the beta and gamma bands (b). In particular, the picture is composed by three rows: the first one shows the brain from a frontal perspective,
the second one is related to a medial-sagittal perspective, while the third one presents statistically significant images associated to the left and
right lateral vision. Statistically significant increases of PSD values for the RMB group are represented as black spots on the average cortical
model, reproduced with permission from [25].

In this paper the main idea is then to use the particular
cerebral probe adopted (as ms delays in the SSSVEPs) to
assess the capability of a population to retain in the long-
term memory part of the already observed advertisings. The
practical value of a such kind of probe in marketing research
is linked to an automatic evaluation of the “memorability” of
advertising, or even part of it. The interest of marketers for
this information is related to the fact that it is quite sure that
an advertising that cannot be remembered does not help so
much in the selling of the product, while not necessarily it is
true the vice versa.

3.3. Hedonic Evaluation of Logos. The research group of
Handy and colleagues, instead, shifted their attention
towards the rapid and emotional evaluation of advertis-
ing logos [36]. Their study want to inspect whether the
visuocortical processing of everyday images, like logos, can
include an implicit hedonic analysis. In particular, they asked
participants to identify, within a set of unfamiliar logos, those
that were most liked or disliked. By means of an event-related
potentials (ERPs) analysis, they found out that visuocortical
processing shows an increase of the early positive component
(named P1), at central and parietal sites, along with an
increase of the later negative component (named N2), at
parietal and occipital sites, related to the observation of
disliked logos. The idea at the base of this paper is to find
electrophysiological signs correlated to the perception of
liking or disliking particular advertising logos. Once this
correlation was found, as expressed in the paper, it opens the
way to the use of such ERPs P1 and N2 waves as markers
for the hedonic preferences of the consumer concerning the
logos. This procedure could overcome the need to collect
verbal preferences of consumers during the evaluation of
different kind of logos, by replacing them with an automatic
and nonverbal evaluation of such hedonic preferences.
Probably these information, related to N1 and P2, could be
sufficient in the analysis of a simple logo while other type of
variables, linked to more complex experiences by the users,

could be employed to assess pleasantness of more complex
marketing stimuli, such as an entire product (with the logo
included). However, the possibility to have nonbiased clues
about the “inner” perception of simple symbols in the brain
of the consumers could have a marketing value and it will add
a piece in the puzzle of the comprehension of the complex
relationships between brand and consumers.

3.4. Pleasantness and Frontal Asymmetry. The recognition
in humans of positive or negative hedonic values during
theobservation of different logos or advertising could be
assessed also byusing EEG spectral activity instead the ERPs.
In fact, with the use of EEG rhythms indirect variables
of emotional processing could be gathered by tracking
variations of the activity of specific anatomical structures
linked to the emotional processing activity in humans,
such as the pre- and frontal cortex (PFC and FC, resp.;
[37]). It is known that the PFC region is structurally and
functionally heterogeneous but its role in the generation of
the emotions is well recognized [38]. EEG spectral power
analyses indicate that the anterior cerebral hemispheres
are differentially lateralized for approach and withdrawal
motivational tendencies and emotions. Specifically, findings
suggest that the left PFC is an important brain area in a
widespread circuit that mediates appetitive approach, while
the right PFC appears to form a major component of a neural
circuit that instantiates defensive withdrawal [39, 40].

A contrast of the activity elicited by observing pleasant
(LIKE dataset) and unpleasant (DISLIKE dataset) audiovi-
sual content has been performed in a previous study [26].
The result of this experiment shows that the activity of the
brain, in terms of PSD, is stronger in the LIKE condition
than in the DISLIKE one except that in beta band. The results
here obtained for the LIKE condition are also congruent
with other observations performed with EEG in a group
of 20 subjects during the observation of pictures from the
international affective picture system (IAPS, [41]). Such
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observations indicated an increase of the EEG activity in the
theta band for the anterior areas of the left hemisphere.

Figure 3 also highlights the activation of the ACC which
is an area involved in reward-based learning and error
detection. According to this knowledge, we may also suggest
that reward-based learning could be playing a part when
observing pleasant and unpleasant advertisements.

In order to deeper investigate such a phenomenon, in
a recent work we calculated a spectral imbalance at frontal
electrodes for EEG dataset related to spots the subjects
judged pleasant (LIKE dataset) or unpleasant (DISLIKE
dataset). We observed that such LIKE and DISLIKE datasets
are characterized by different EEG power spectral maps in
theta and alpha bands [42]. In particular, the activity in
the left frontal hemisphere is related to the observation of
commercials that have been judged pleasant by the analyzed
population (Figure 4(a)). On the other hand, the right frontal
sites highlighted neuroelectrical activations concerning the
observation of advertisements that have been judged less
pleasant by the same population. Moreover, this imbalance
in the activations was linearly correlated with the degree
of pleasantness expressed by the subjects. Overall, the right
frontal activity is significantly greater than the one in the
left frontal lobe, both in theta and alpha bands. All together,
these results are in line with previous findings suggesting
the presence of an asymmetrical EEG activity when subjects
experienced emotional stimuli [37, 38].

By employing the same theoretical background, Polish
researchers performed a particular advertisement before test
concerning the analysis of a skin care product [43]. They
found out that the observation of two versions of the
same TV commercial, differing only for a very short scene
containing a particular gesture by a female model (from 21st
to 25ths), generated significantly different emotional impact.
In accordance with the Davidson’s model, they measured the
emotional response of the advertisement by calculating the
difference in the amount of the alpha activity between the
left and the right hemisphere taken from frontal electrodes,
defined by them as emotional index. By analysing the
difference of emotional index, for each second of the TV spot,
elicited from the observation of the two ad versions, they
found out a significant difference during the 22nd second. In
particular, the scene showing only the model’s face evoked
a more positive emotion than the scene presenting both
the model’s face and her hand gesture, while no significant
difference was found in other segments (Figure 4(b)).

Taken together, these mentioned examples bring evi-
dences that it is possible to link some properties of the
collected EEG rhythms during the watching of some TV
advertisings with the overt preferences of the observers in
terms of emotions. This link, as in the example we provided
with the event-related potentials (ERPs), could be used to
generate a metric that automatically points to parts of the
advertisings examined that are emotionally OK and parts
that are not. These information could be used “a posteriori”
to redraw partially the advertising in order to increase the
appearance of the “like” parts while depressing the “dislike”
parts. Such reduction or modification of the broadcasted
TV advertisings could be then performed by using EEG

techniques thanks the high time resolution provided by this
methodology.

4. Tracking Cultural Differences in
Advertising between Western and
Eastern Users: An Example of the
Neuroimaging in Advertising

Advertisings related to the fruition of carbonated bever-
ages are intensively presented on the usual TV programs
worldwide. Such carbonated beverages advertisings are also
present on journals, street posters, fast foods, and supermar-
kets in a pervasive way and could have a deep impact on
human behaviour. Recent functional neuroimaging studies
have reported activity in ventral and/or medial prefrontal
cortex during the contemplation or consumption of familiar
brand-name products [2, 44, 45]. Since lesion studies
indicate ventromedial prefrontal cortex (VMPC) is critically
involved in emotion, emotional regulation, and decision-
making [24, 46, 47], ventromedial prefrontal activations can
be interpreted as evidence for emotion playing a pivotal role
in brand preference [44, 45]. While the role of prefrontal
cortices is then highlighted in the generation of appreciation
for a brand, it is not really addressed the issue how this
appreciation is spread across different cultural models, that
is, across different Western and Eastern people. In fact, it
is well known that the different cultural model in Western
and Eastern culture leads to different appraisal of the same
experience or situation. Hence, it is of value to understand
if people educated in different culture could react to the
same kind of advertising related to carbonated drinks in a
similar way from a cerebral point of view. Here we briefly
reported a study aimed to track cerebral activity during
the fruition of similar advertising related to very popular
carbonated beverages (Coca Cola and Pepsi Cola) in group
of Western and Eastern people, homogeneous for age. In
particular, we conducted two series of experiments in Italy
and China aimed to the collection of EEG data related to the
fruition of Coca Cola and Pepsi Cola advertisings. Analysis
was then focused on the activity on the prefrontal cortices
during the fruition of such video clips in both populations.
EEG recordings were performed on a population of 15
healthy volunteers in Italy and 13 healthy volunteers in
China. The procedure of the experimental task consisted
in observing a twenty-minute long documentary in which
we inserted different advertising breaks. Each interruption
was formed by the same number of commercial video
clips of about thirty seconds. In such a case, during the
whole documentary, a total of twenty-four TV commercials
were presented. Advertisings used are related to standard
international brands of commercial products, like cars, food,
and so forth, but for the following comparison we will
only show the results belonging to the exposition of a TV
commercial advertising presenting a popular international
brand of two different carbonated beverages. The neuro-
physiologic activity gathered during the observation of the
documentary was also analyzed as a baseline (REST dataset).
Although we are aware that the personal involvement, and
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Figure 3: Figure presents four cortical z-score maps, in the four frequency bands employed. The average cortical model is seen from a frontal
perspective. Colour bar represents cortical areas in which increased statistically significant activity occurs in the RMB group when compared
to the FRG group in red, while blue is used otherwise (P < 0.05 Bonferroni corrected). Grey colour is used to map cortical areas where there
are no significant differences between the cortical activity in the RMB and FRG groups (a). (b) refers to the statistical comparison LIKE
versus DISLIKE with the same conventions of (a), reproduced with permission from [26].
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Figure 4: (a) The two scalp maps in figure represent the Z score distribution for the theta (left) and alpha band (right) in the population
analyzed. Z values are mapped onto a realistic scalp model, seen from a frontal perspective. Colorbar codes scalp areas in which the
LIKE spectral activity is greater than the DISLIKE (red) and regions in which the DISLIKE spectral activity is greater than the LIKE
(blue). Grey indicates regions with no difference between the two experimental conditions, reproduced with permission from [42]. (b)
Electroencephalography trace of emotional response. In version 1, only the model’s face was presented; conversely, in version 2, the viewers
saw her face from a slightly different angle (for 2.5 s), and then she made a particular manual gesture (for 1.5 s), reproduced with permission
from [43].

the related cerebral activity, also depend on the topic of the
documentary, we believe that this realizes a lifelike situation
where people watche advertisements usually within a movie.
Consequently, their level of attention will depend both on
the commercial content and on the context which it is
inserted into. Each EEG trace has been bandpass-filtered
in order to isolate the only spectral components in the

theta and in the lower alpha bands from the whole EEG
spectrum. These filtered theta and lower alpha traces have
been employed to calculate the Global Field Power (GFP;
[48]) for each segment, then converted in z scores in order
to extract cerebral indexes following described. Since for
the phenomena we would like to investigate a clear role of
the frontal areas that have been depicted [16, 27] we used
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the frontal electrodes to compute the GFP indexes used
in the following. In order to synthesize the properties of
the cerebral activation for the analyzed ads we used the
lower alpha bands to define an Attentional Index [49]. The
filtered EEG signals were subjected to the computation of
the Global Field Power by taking into account the signals
that comes from the frontal and prefrontal electrodes of
the 10-10 International System: F3, F4, AF3, AF4, F7, AF7,
F8, AF8, Fz, AFz. In the following figures, time-varying
changes of the filtered and smoothed GFP in the lower
alpha bands during the observation of both Italian (Figure 5)
and Chinese (Figure 6) TV commercial advertising of a
carbonated beverage are shown. In Figure 5 it is possible
to observe that the attentional level of the Italian subjects,
during the observation of the commercial, is above the zero
level elicited during the REST period for the whole length
of the videoclip. The videoclip is related to a series of short
stories in which the presence of Coca Cola makes the actors
happy. The spot closes with the presentation of the brand
and with the product. The level of attention during the
observation of the Italian spot is generally high for the whole
length of the spot. In particular, there are film segments
of high attention around the 10′′ when a girl, holding the
advertised beverage, is making jokes with her face and when
guys are having fun in a party (showed around the 20′′).

Slight decreases of attention occur when a pool is showed
(15′′) and when the scene turns on guys in a pub (23′′). The
level of attention raises again during the final seconds of the
commercial.

In Figure 6 we show the results obtained by analyzing
the cerebral activity collected among the Chinese dataset.
The video presented is related to the young male that uses
the Pepsi can as a microphone. Successively, when he sings
different persons around a city could listen to him through
their own Pepsi can. There is an alternation of scenes in
which the young male sing alone and groups of persons listen
to and sing by using the same Pepsi can. The spot closes with
the presentation of a series of Pepsi products.

The attentional index presents three peaks of frontal
cerebral activity roughly located around the 10′′, 20′′, and
28′′ of the advertisement. Such parts are related to the frames
in which the echoes of the music generated by the singer
is very low (10′′), and when multiple people start to sing
together, respectively (20′′, 28′′). Hence, it seems that the
frames in which activity from multiple people is represented
get the maximum of attention from the Chinese group
investigated. On the contrary, it is possible to distinguish at
least three negative peaks around the 2′′, 14′′, and 24′′ of the
same commercial. Such frames are all presenting the singer
alone, who sings on a stage. The last increase in attention
occurs when the logo, brand, and products from Pepsi Cola
appears on the screen.

Summarizing the results of the presented experiment,
differences in the time course of the average attention
generated in the groups related to the fruition of the video
have been observed. Such differences in both populations
are likely generated by the different plot of the commercial
advertisings presented. However, some invariant cerebral
activity in frontal cortices could be noted related to the
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Figure 5: Representation of the filtered and smoothed GFP related
to the frontal electrodes in the lower alpha band for the analyzed
Italian subjects during the observation of the TV commercial
advertising a carbonated beverage. On the x-axis, there is the time
duration of the spot; on the y-axis there is the z-score smoothed
values of the GFP considered. Film segments are showed when
increase of cerebral activity occurred.

presentation of the brand (Coca Cola or Pepsi Cola) of the
carbonated beverage. In fact, both groups react in the same
way to the presentation of the brand (different for the Italian
and for the Chinese population), that is, with a peak of
attention located in different moments of the commercials.
In the case of the fruition of Pepsi Cola in the Chinese group,
the greatest peaks of attentions are obtained in visual scenes
involving a large number of persons, while the lowest scores
of attention are obtained by frames in which the singer was
on the stage to play the guitar. In the case of fruition of Coca
Cola advertisement in the Italian analyzed group, the major
impact of the advertising was when a single subject performs
jokes to the other and when the brand was presented.
Social cognition research differentiates cultural contexts that
emphasize ideas and practices of interdependence (e.g., East
Asian cultures in China, Japan, and Korea) from those
that emphasize ideas and practices of independence (e.g.,
Western contexts in North America and Western Europe; [50,
51]). These cultural differences were originally considered in
terms of social relations, but subsequent research has shown
that they also apply to performance of simple perceptual
judgments. Cultural differences in the frequencies of certain
types of expressions and behaviors tend to reflect differences
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Figure 6: Representation of the filtered and smoothed GFP related
to the frontal electrodes in the lower alpha band for the analyzed
Chinese subjects during the observation of the TV commercial
advertising a carbonated beverage. On the x-axis, there is the time
duration of the spot; on the y-axis there is the z-score smoothed
values of the GFP considered. Film segments are showed when
increase of cerebral activity occurred.

in cultural models as well. East Asian cultural models,
for example, stress relational harmony and promote that
individuals take their proper place. These cultural models
discourage individuals from occupying too much space
in the relationship, both figuratively and literally. Thus,
expansive behavior, such as general somatic activity, is a
signal that the individual is taking more than his/her proper
space.

The results of this study seems to support the observation
that both groups (Chinese and Italian) tend to be very
sensitive to the presentation of the brand of the beverage,
while Chinese group is not sensitive to the presentation of
frames in which a unique actor is dominating the stage, while
this is the contrary for the Italian group. These results suggest
that while the brand of carbonated beverages attracts the
attention of both groups, cultural differences between such
groups were reflected in a different span of attention when
the performance of a unique actor or an ensemble of them
was observed. Chinese group follows with more attention
the collective scenes, while Italian group follows with more
attention scenes in which a unique actor is performing,
although we should specify that we did not control the
luminance level of the two advertisements, which could also
play a role in the increase of attention. In future experiments,
it becomes of interest to analyze the two populations when
experiencing the same commercial stimuli.

5. Conclusions

In recent years, neuromarketing has gained always more
interest and attention in both the scientific community and
mass media.

However, it is important for the scientific and marketing
communities to get an answer to a series of questions
related to the use of neuroscience in marketing research.
In particular, it is important to understand which could be
the practical use of such kind of neuroscience research in
marketing, and how it can be bettered in future research.
In fact, at the moment the neuroscience have returned a
series of correlations between different properties of the
neurophysiologic cerebral signals and the nature of the
advertising stimuli.

From the point of view of memorization processes, it has
been suggested as delayed responses of the SSVEP could be
a probe for the memorization on long-term memory per-
formed during the observation of a commercial advertising.
Or as the topology of an estimated cortical network by EEG
could be strictly related to the memorization on a medium-
term memory still of a commercial videoclip. If these signs
of memorization are useful in marketing research it is an
interesting question. The added value of this information,
when compared to the verbalization of the subjects after their
exposition to the commercial videoclip is twofold: (1) the
subjects could not state the truth verbally or could be even
unaware of particulars that they could remember from the
clip; (2) since the memory process could be tracked with
the EEG (MEG) technique on a msec base, hence a clue on
which particular scene of the videoclip is working and which
is not, could be easily obtained. This is clearly an added value
when compared to the poor time resolution provided by the
fMRI applied in this neuromarketing context. It could be
anticipated here that the capability to track memorization
processes of a TV spot with a time resolution of 1 second
makes possible to detect if such processes are statistically
significant during the exposition of the brand or simply
during the entire spot per se. In this last case it will mean
that the spot will be remembered but not probably the brand,
while in the first case we will remember just the brand but not
the spot.

From the point of view of the track of emotional pro-
cesses, reviewed papers have suggested that particular signs
of brain signals, such as deflections called N1 or P2 in the
ERPs, or asymmetries in spectral power in alpha and theta
bands on frontal areas, could be related to the emergence
of pleasantness or unpleasantness regarding the perceived
marketing stimuli.

Overall, results presented in this paper also highlight that
the left prefrontal cortex is activated both while subjects are
observing stimuli that will be later remembered and by the
ones which will be judged pleasant. In this way, the prefrontal
cortex plays a key role in the neuromarketing research since
the neural activity in these areas seems to discriminate both
a load of cognitive processes, such as the encoding of new
complex stimuli (e.g., logos, products, testimonials, payoff,
etc.), and variations of the emotional state of the subject.
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Actually, such electrophysiological signs were again used
as a probe to assess pleasantness of such commercial stimuli,
supporting or even replacing the verbalization of the subjects
after the observation of the commercials. Again, if the
perceived pleasantness of the commercial videoclip could be
a critical quality for the assessment of a brand or for the
promotion of a product, it is an issue that goes beyond the
aim of this discussion.

As we showed above with several examples, we believe
that the nowadays technology is ready to provide use-
ful information to marketers by employing neuroimaging
tools. In fact, we illustrated how, thanks to the brain
imaging, we are able to track the cerebral activity and
investigate which parts of an advertisement can elicit an
emotional reaction and which ones cognitive processing.
Since these kind of techniques allow looking to see if people
remember/forget an advert, what attention they are giving,
whether they like/dislike it, and whether they evaluate it
cognitively/emotionally, marketers could exploit these tools
in an ad pretest in order to verify if the TV commercials they
realized, or also particular key frames, elicit the emotion or
the cognitive engagement they established in advance.

A drawback of the experiments presented lies in the fact
that, among researchers working in neuromarketing, there
is not a common and shared experimental paradigm yet.
This field of research is newborn and it seems to need some
more time to strengthen its basis. Although they are well
recognized in the international scientific community, neu-
romarketing researchers still need to share their knowledge
and findings. This would lead to better define experimental
paradigms which will later provide a common light to
interpret results and to pave the way to future research.

However, the application of the today neuroscience
techniques to marketing stimuli can be of help for many
areas of marketing. For instance, information gathered in this
way could be employed both during the design process of
a product and during its commercial campaign to advertise
it. In the first case, the information gained by using brain
imaging could be used to further tune the characteristic of
the product. In the latter case, such information will be
used to understand the adequacy of the proposed advertising
campaign to the message the particular industry would like
to convey to the public. The result of this entire process will
be a product that could match better the demand of the
consumers.
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Motor-imagery-based brain-computer interfaces (BCIs) commonly use the common spatial pattern filter (CSP) as preprocessing
step before feature extraction and classification. The CSP method is a supervised algorithm and therefore needs subject-specific
training data for calibration, which is very time consuming to collect. In order to reduce the amount of calibration data that is
needed for a new subject, one can apply multitask (from now on called multisubject) machine learning techniques to the preproc-
essing phase. Here, the goal of multisubject learning is to learn a spatial filter for a new subject based on its own data and that of
other subjects. This paper outlines the details of the multitask CSP algorithm and shows results on two data sets. In certain subjects
a clear improvement can be seen, especially when the number of training trials is relatively low.

1. Introduction

The development of BCI systems is an active research domain
that has the goal to help people, suffering from severe disabil-
ities, to restore the communication with their environment
through an alternative interface. Such BCI systems can be
divided in several categories based on the signal features they
use. Some of these features like the P300 [1] and steady-state
visual evoked potentials (SSVEPs) [2] are elicited naturally by
external stimuli while others like the sensorimotor rhythms
(SMRs) can be independently modulated by the subject. In
case of SMR, this can be achieved by performing the task
of imagining different movements, such as left and right
hand movement, or foot and tongue movement. The cortical
areas involved in motor function (and also motor imagery)
show a strong 8–12 Hz (or even 18–26 Hz) activity when the
person is not performing any motor (imagery) task. How-
ever, when the person is engaged in a motor task, the
neural networks in the corresponding cortical areas are
activated. This blocks the idle synchronized firing of the

neurons and thus causes a measurable attenuation in those
frequency bands. This decrease in power is also called event-
related desynchronization (ERD) [3], the opposite effect is
termed event-related synchronization (ERS). The location
(electrode) of this feature depends on the type of motor task.
For example, if a person moves his left arm, the brain region
contralateral to the movement (around electrode C4) will
display this ERD feature, while the intracellular potentials of
the neurons in the ipsilateral cortical motor area continue to
oscillate more synchronously.

Because of the low spatial resolution of electroencepha-
lography (EEG), a commonly used method to improve this
resolution is the common spatial pattern (CSP) algorithm
introduced by Koles [4] to detect abnormal EEG activity.
Later, it was used for discrimination of imagined hand move-
ment tasks [5, 6]. Since then, a lot of groups improved the
basic CSP algorithm by extending it with temporal filter-
ing [7], making it more robust against nonstationarities
[8] or reducing calibration time by transferring knowledge
learned during previous sessions [9]. After more than a
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decade, this method still proves its superiority judging from
the results of the fourth BCI competition (on http://www
.bbci.de/competition/iv/ you can find the data sets and re-
sults of the 4th BCI competition). Still, this BCI setup is less
accurate than the P300-based BCI and initially needs a longer
training time. Some people are even unable to achieve proper
control.

One way to further improve a subject-specific CSP filter
is to use the data recorded from other subjects, additionally
to the subject’s own data. To this end, we will use some ideas
of multisubject learning, an active topic in machine learning
[10, 11]. In [12], the authors employed this concept to learn
a classifier that was able to learn from multiple subjects,
leading to an algorithm that performed well on new subjects
even without training. The classifier could then be adapted
when new data became available, reaching even higher clas-
sification accuracies with very few training samples. How-
ever, they applied a Laplacian filter instead of a spatial filter
based on the CSP algorithm and used features obtained from
the EEG signal after filtering it in distinct pass-bands. In
contrast to their approach, we will start from the basic CSP
algorithm and apply the multisubject learning concept to the
preprocessing phase. In general, multisubject learning algo-
rithms assume that all tasks are similar to each other. In our
first approach, we will also assume that all subjects have simi-
lar head models and thus that the spatial filters can be decom-
posed into a subject-specific part and one global part. In
a second approach, we will not make that assumption, but
instead we will assume that they are grouped together in a
fixed number of clusters. Furthermore, we include param-
eters to make a trade-off between these global and subject-
specific filters.

Section 2 gives the details of the first approach of our
multisubject CSP algorithm, while Section 4 presents the
cluster-based multisubject CSP algorithm. Section 3 presents
an optimization framework for clustering CSP filters, which
will also be used in the subsequent Section 4. The results are
then compared with the basic CSP algorithm in Section 5
on one simulated data set and two experimental data sets,
one of which is publicly available on the website of the third
BCI competition [13] and one which includes data of 14
subjects recorded at the Max Planck Institute for Biolog-
ical Cybernetics. Section 6 highlights the strengths and the
weaknesses of the method.

2. Multisubject CSP Formulation as a Sum of
Convex-to-Convex Ratios

The goal of the basic CSP method is to learn a set of spatial
filters for one subject that maximizes the signal variance for
trials of one class while at the same time minimizes the signal
variance for trials of the other classes. For the two-class case,
this can be formulated as follows:

max
w

wTΣ(1)w
wTΣ(2)w

, (1)

where Σ(1) and Σ(2) correspond to the covariance matrices
of the trials corresponding to the first and second class,
respectively.

We now want to use data of other subjects to improve the
filters for specific subjects. To accomplish this, we first need
a spatial filter ws for each subject, which we decompose into
the sum of a global and subject-specific part,

ws = w0 + vs, (2)

where w0 ∈ Rd represents the global spatial filter which is
shared and learned over all subjects and vs ∈ Rd represents
the subject-specific part of the filter. The number of channels
is represented by d. A single optimization framework is
proposed in which we learn both types of filters. This can
be formulated as

max
w0,vs

S∑
s=1

wT
s Σ

(1)
s ws

wT
s Σ

(2)
s ws + λ1‖w0‖2 + λ2‖vs‖2

, (3)

where the number of subjects is denoted by S.
The parameters λ1 and λ2 enable us to make a trade-off

between the global or specific part of the filter. For a high
value of λ1 and a low value of λ2, the vector w0 is forced
to zero and a specific filter is constructed. When λ2 is high
and λ1 low, the vector vs is forced to zero and more global
filters are computed. Furthermore, one can also perform
regularization by choosing both λ1 and λ2 high.

The above equation can be rewritten to a simpler form,
that is, a sum of convex-to-convex ratios

max
w

R(w,λ) = max
w

S∑
s=1

rs = max
w

S∑
s=1

wTΣ
(1)
s w

wTΣ
(2)
s w

, (4)

with

wT =
(

wT
0 vT

1 · · · vT
S

)
,

Σ
(1)
s = EsΣ

(1)
s ET

s ,

Σ
(2)
s = EsΣ

(2)
s ET

s + λ1D0 + λ2Ds,

Es =

⎛⎜⎜⎜⎜⎜⎜⎝
Id×d

0(s−1)d×d

Id×d

0(S−s)d×d

⎞⎟⎟⎟⎟⎟⎟⎠,

D0 =
⎛⎝ Id×d

0Sd×d

⎞⎠(Id×d 0d×Sd
)

,

Ds =

⎛⎜⎜⎝
0sd×d

Id×d

0(S−s)d×d

⎞⎟⎟⎠(0d×sd Id×d 0d×(S−s)d
)
,

(5)

where Id×d represents the d-dimensional unity matrix.
To find the maximum of (4) we use a Newton method.

To this end, we need both the gradient and Hessian of (4).
The gradient is given by,

∇wR(w,λ) = 2
S∑

s=1

Σ
(1)
s w − rs(w)Σ

(2)
s w

wTΣ
(2)
s w

, (6)
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while the Hessian is given by,

∇w(∇wR) = 2
S∑

s=1⎡⎢⎣
(
Σ

(1)
s − rsΣ

(2)
s −∇(s)

w wTΣ
(2)
s

)
δs

−
(
Σ

(1)
s w − rsΣ

(2)
s w
)

wTΣ
(2)
s

δ2
s

⎤⎥⎦,

(7)

where δs is short for the denominator of the term rs and ∇(s)
w

for the gradient of rs with respect to w.
From here on, this method is denoted by the abbreviation

“mtCSP.”

3. An Optimization Framework for
Clustering Spatial Filters

Before giving the details of the cluster-based multisubject
CSP algorithm, we present an optimization algorithm for
clustering CSP filters. This algorithm is inspired by [14] and
will form the basis of the algorithm described in the next
section. It will also be employed to find a good initialization
for the variables in the cluster-based multisubject CSP algo-
rithm.

So, let us start with a simplified version of the optimiza-
tion framework proposed in [14]

min
αsk ,μk

K∑
k=1

S∑
s=1

αskd
(
μk, xs

)
, (8)

αsk ∈ {0, 1},
K∑
k=1

αsk = 1, (9)

where K is the number of clusters, S the number of obser-
vations, xs the observations, μk the cluster centers and d a
distance function. The binary coefficient αsk indicates the
cluster to which a certain object belongs. This minimization
is typically solved by cycling through two steps. In a first
step, the coefficients αsk are determined by setting the kth
coefficient to one if the object xs lies closest to the cluster
center μk

αsk =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1, if d

(
μk , xs

)
< d
(
μl, xs

)
,

∀l ∈ {1, . . . ,K} \ k,

0, otherwise.

(10)

In the second step, we find the cluster centers that minimize
the total distance to their cluster members as determined
by the coefficients αsk computed in the previous step. Given
the coefficients αsk, we can see that the inner sums are
independent of each other and thus can also be optimized

independently of each other. A typical distance function is
the Euclidean distance.

For spatial filters, however, we have to find a more
appropriate metric. As explained in [9], the space of CSP
filters is not Euclidean. Changing the length or the sign of
a CSP filter does not matter as it is still a solution of the
Rayleigh quotient (1). In other words, the filters can all
be considered to lie on the unit hypersphere and thus we
employ an angle-based metric instead. This metric should
be zero when the angle between two spatial filters is zero or
π radials and maximal when π/2 radials. Consequently, the
squared sine of the angle θ between the two filters seems an
appropriate metric

d(v1, v2) = sin2(θ) = 1− cos2(θ)

= 1−
(

vT
1 v2

)2(
vT

1 v1

)(
vT

2 v2

) . (11)

We can now plug this expression in (8) and drop the constant
one as it does not change the solution of the optimization
problem. The sign can also be dropped if we transform (8)
into a maximization problem, resulting in,

max
αsk ,wk

K∑
k=1

S∑
s=1

αsk

(
wT
k vs
)2(

wT
k wk

)(
vT
s vs
) ,

αsk ∈ {0, 1},
K∑
k=1

αsk = 1,

(12)

where wk represents the kth cluster center. In the second step
of the algorithm, we have to find the optimal cluster centers
wk and this can be done independently for each cluster (and
thus each inner sum). Under the assumption that vT

s vs = 1,
this inner sum for cluster k can then be rewritten as

wT
k

(∑
s∈Sk vsvT

s

)
wk

wT
k wk

, (13)

where Sk is the set of all filters that belong to the kth cluster.
This expression has to be maximized with respect to wk. The
maximum is simply the principal component of the cova-
riance matrix of filters within the cluster k and thus equals
the eigenvector with the largest eigenvalue of the correspond-
ing eigenvalue decomposition.

4. Cluster-Based Multisubject CSP

In Section 2, we assumed that all subjects were similar. This
assumption should off course be relaxed. Here, we present
an algorithm that groups similar subjects together in clusters.
Cross-subject learning is then performed on each of the sepa-
rate clusters. The method is inspired by the optimization
algorithm as described in Section 3.

First, we introduce multiple shared filters wk, one for
each cluster k,

wsk = wk + vsk. (14)
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We can now transform problem (8) to a maximization prob-
lem and replace the distance function with a quotient similar
to the one in (3), resulting in the following formulation:

max
αsk ,wk ,vsk

K∑
k=1

S∑
s=1

αsk
wT
skΣ

(1)
s wsk

wT
skΣ

(2)
s wsk + λ1‖wk‖2 + λ2‖vsk‖2

,

αsk ∈ {0, 1},
K∑
k=1

αsk = 1.

(15)

In the first step, the coefficients αsk can again be determined
in a similar manner

αsk =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1, if
wT
skΣ

(1)
s wsk

wT
skΣ

(2)
s wsk + λ1‖wk‖2 + λ2‖vsk‖2

>
wT
slΣ

(1)
s wsl

wT
slΣ

(2)
s wsl + λ1‖wl‖2 + λ2‖vsl‖2

,

∀l ∈ {1, . . . ,K} \ k,

0, otherwise.

(16)

In the second step, we apply the multisubject CSP algorithm
as discussed in Section 2, maximizing the inner sum of (15)
with respect to wk and vsk for subjects belonging to the
respective cluster k. This completes the two steps of the
algorithm. There is, however, still a small problem with the
first step as the subject-specific vectors vsl are unknown for
subjects belonging to cluster k. This is because in the second
step we compute vsk only for subjects belonging to the kth
cluster. To this end, we still have to optimize the quotient
in (15) for each subject separately with respect to vsl and
fixed wl for each l /= k (k representing the cluster to which
the subject belongs).

Finally, we also want to find a good initialization for the
variables. To accomplish this, we use the clustering algorithm
described in Section 3 and apply it on the subject-specific
filters as computed with the basic CSP algorithm. This gives
us an initial estimation of the cluster coefficients αsk . We
can also use the cluster centers and the difference between
them and the subject-specific filters to initialize wk and vsk,
respectively.

5. Experiments

5.1. Simulated Data. For the simulated data we generate two
clusters of 20 similar tasks. The training set of each task
contains data for two conditions, each condition counting
15 samples. The source variables are generated from a
two-dimensional Gaussian distribution with zero mean and
covariance matrix dependent on the condition, but the same
for both clusters and all tasks,

Σ(1) =
⎛⎝5 0

0 1

⎞⎠, Σ(2) =
⎛⎝1 0

0 5

⎞⎠. (17)

The columns of the mixing matrices are also generated from
a two-dimensional Gaussian, parameterized by an isotropic
covariance matrix of low variance (1× 10−4). The means are

fixed and different for the two clusters, but the same for all
tasks in the same cluster

A1 =
⎛⎝ 0.3500 0.6062

−1.0392 0.6000

⎞⎠,

A2 =
⎛⎝ 0.6657 0.2163

−0.3708 1.1413

⎞⎠.
(18)

We also add some noise with zero mean and very low
variance (1 × 10−3) to the mixed observations. A sample
training set is displayed in Figure 1(a). A similar test set
is created with 285 data points for each of the conditions.
We then apply the basic CSP (bCSP) method on each of
these tasks separately and compare it with the clustered
multisubject version (clmtCSP). The basic CSP solution is
shown for the first 25 (out of 40) tasks in Figure 1(b). The
final solution of the clustered multisubject learning method
is shown in Figure 1(c). In this toy example, we do not
perform a preclustering on the specific filters to find a good
initialization. Instead, the first 20 tasks are considered (or
initialized) to belong to the first cluster and the last 20 tasks
are considered to belong to the second cluster. This way, we
can check how well the algorithm is able to find the correct
clusters. Figure 1(c) tells us that the algorithm is quite able
to assign the tasks to the correct clusters. It is, however,
not perfect by any means as you can see for the task in
the third row and second column. Furthermore, one can
see that the principal axis of the ellipses are better aligned
after application of the clmtCSP algorithm compared to the
bCSP solution. To quantify the difference between the two
methods, we compute the variance ratios of the estimated
sources (unmixed observations) which results in

max
(
Σ̂

(1)
11 , Σ̂(2)

11

)
min
(
Σ̂(1)

11 , Σ̂(2)
11

) ,
max
(
Σ̂

(1)
22 , Σ̂(2)

22

)
min
(
Σ̂(1)

22 , Σ̂(2)
22

) , (19)

for each source, respectively. These ratios are calculated for
both clusters. Because the sources can be switched and the
order is not necessarily the same for both methods, we sort
the ratios from high to low. The two highest ratios of both
methods are then compared with each other, as are the
two lowest. These results are summarized per cluster in the
boxplot of Figure 2. We can see that the medians of the ratios
are always larger for the clmtCSP method. A paired Wilcoxon
signed rank test rejects the hypothesis of equal medians for
both sources and both clusters. The corresponding P values
are also given in Figure 2.

5.2. Experimental Data Sets. For the experimental data sets
we use data of the third BCI competition (BCIC3 data set (on
http://www.bbci.de/competition/iii/ you can find the data
sets and results of the 3e BCI competition), more precisely
data set IVa and a data set of 14 subjects recorded at the Max
Planck Institute (MPI data set) for Biological Cybernetics.

The set of the BCI competition contains data recorded
from 118 electrodes where the subjects performed two tasks:
right hand motor imagery and foot imagery. Five subjects are



Computational Intelligence and Neuroscience 5

−5
−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5

−5
−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5

−5
−5

0

0

5

5

−5
−5

0

0

5

5

−5
−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5

−5
−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5

−5
−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5
−5

−5

0

0

5

5

Cluster 1 Cluster 1 Cluster 1

Cluster 1Cluster 1Cluster 1Cluster 1

Cluster 1 Cluster 1 Cluster 1

Cluster 1Cluster 1 Cluster 1

Cluster 1Cluster 1

Cluster 2 Cluster 2

Cluster 2

Cluster 2 Cluster 2

Cluster 2Cluster 2

Cluster 2 Cluster 2 Cluster 2

(a) Training set

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

−2

−2

0

0

2

2

Cluster 2-bCSP Cluster 2-bCSP

Cluster 2-bCSP

Cluster 2-bCSP

Cluster 2-bCSP

Cluster 2-bCSP Cluster 2-bCSP Cluster 2-bCSP

Cluster 2-bCSP

Cluster 2-bCSP

Cluster 1-bCSP Cluster 1-bCSP

Cluster 1-bCSP Cluster 1-bCSPCluster 1-bCSP

Cluster 1-bCSP Cluster 1-bCSP Cluster 1-bCSP

Cluster 1-bCSPCluster 1-bCSP

Cluster 1-bCSPCluster 1-bCSP

Cluster 1-bCSP

Cluster 1-bCSP

Cluster 1-bCSP

(b) bCSP

Figure 1: Continued.
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Figure 1: (a) shows the training set that is used to compute both the bCSP and clmtCSP filters. The data points themselves are not plotted,
instead we only draw the standard deviation contours of the data’s estimated covariance matrix, together with its corresponding principal
vectors (representing the ellipse’s principal axis). Blue and black contours correspond to the first class or condition, while green and red
contours represent the other class. The goal of the computed filters is to align the principal vectors to the axes. The results for both bCSP
and clmtCSP are shown in (b) and (c) figures, respectively. Here, the contours denote the standard deviations according to the estimated
covariance matrix of the “unmixed” sources. Concerning the clmtCSP method, if the contours are drawn in blue and green, it means that
they have been estimated as being in the first cluster according to the algorithm. If it is red and black, the task is estimated as belonging to
the second cluster. The true cluster number is given in the title of each subplot.

included in the set and each subject recorded 280 trials. We
take a fixed test set of the last 180 trials while the first 100 are
retained to construct the training sets. To limit the number
of parameters that needs to be computed by the optimization
algorithm, the number of channels is reduced to 22. The ones
selected are Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4,
T8, P7, P3, Pz, P4, P8, POz, O1, Oz and O2.

In the MPI set, each subject performed 30 left hand
motor imagery trials and 30 right hand motor imagery trials.
This was repeated once for the test set resulting in a total of
120 trials per subject. The same subset of electrodes is used as
before except for two channels which were not recorded for
some of the subjects.

As there are only five subjects in the BCIC3 data set, we
assume that all subjects are similar. Consequently, we will
simply apply the first proposed algorithm, that is, mtCSP.
The MPI data set, however, contains too many subjects to
assume that they are all similar. Hence, we will apply the
cluster-based “clmtCSP” method with a predefined number
of clusters, namely, three. Four cluster seems too many for
only 14 subjects, as this could potentially leave some clusters
with very few subjects. On the other hand, we did not choose
two for reasons of complexity as it increases the number of

subjects per cluster and thus the dimensionality of problem
(4). At this stage, the optimization algorithms to solve the
nonconvex problem (4) are not sufficient for such high
dimensions.

All signals are band-pass filtered between 8 and 30 Hz.
The trade-off parameters λ1 and λ2 are determined through
5-fold cross validation. For each subject, only two spatial
filters are computed: one for each class. Cross-valida-
tion is done for the following set of parameters: λ1,λ2 ∈
{10−4, 10−3, 10−2, 10−1, 1, 101, 102, 103, 104}. The perform-
ance on each fold is measured by the average accuracy (over
all subjects) of the linear discriminant (LDA) classifier on
that fold. Given the known good performance of LDA in
motor-imagery experiments, we not only use it for scoring
each fold, but also as the final classifier.

Figure 3 gives some cross-validation plots on the BCIC3
set for the mtCSP algorithm, showing the average accuracy
(over subjects and folds) for each parameter setting. It is
clear that for a lower number of training trials (10 per class),
the parameters values are biased towards the promotion
of shared filter components, while penalizing the subject-
specific components. For more training trials (about 100
per class), it is clear that the parameters values tend to be
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Figure 2: (a) compares the variance ratios of the bCSP solution with the clmtCSP solution on the first cluster, while (b) makes the
comparison for tasks of the second cluster. The number above or below each pair of bars is the P value according to the paired Wilcoxon
signed rank test. The numeric suffix on the tick labels of the x-axis denotes the source number.
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Figure 3: Cross-validation accuracies per parameter combination of λ1 and λ2 on the BCIC3 data set. We performed 5-fold cross-validation
per subject. Averaging the result over all folds and all subjects gives the final result as plotted in the figure.

subject specific. For the MPI data set, we fix λ1 = 0 to
lower the computational demands. According to Figure 3,
this seems to be a good choice as the parameter values at the
boundary of the grid produce the most interesting results.
Furthermore, the line defined by fixing λ1 = 0.0001 displays
most variability, while the line defined by fixing λ2 = 0.0001
does not seem to indicate much change when λ1 is varied.

The results for each subject separately are given in
Tables 1 and 2 for both the BCIC3 and MPI data set, respec-

tively. The header of each table presents the values of the
parameters λ1 and/or λ2 as determined through cross-valida-
tion. Also note that the mean is computed only on those
subjects for which one of the methods at least achieves above
chance level (with 180 trials in the test set, we can fix the
chance level at an accuracy of 56% for the BCIC3 set. For the
MPI data set, we set the chance level at 60%) accuracies.

The first thing we notice for the BCIC3 set is that for 5
trials (from here on, we state the number of training trials per
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Table 1: Classification accuracies per subject for the BCI competition data set.

5 trials 10 trials 20 trials 30 trials

λ1 = 10−3, λ2 = 10−1 λ1 = 10−4, λ2 = 101 λ1 = 10−3, λ2 = 10−1 λ1 = 10−4, λ2 = 101

Subject bCSP mtCSP bCSP mtCSP bCSP mtCSP bCSP mtCSP

aa 0.49 0.73 0.54 0.64 0.66 0.71 0.61 0.69

al 0.80 0.73 0.95 0.93 0.95 0.94 0.94 0.94

av 0.56 0.58 0.59 0.63 0.44 0.62 0.56 0.64

aw 0.69 0.57 0.69 0.56 0.66 0.58 0.55 0.54

ay 0.92 0.86 0.84 0.93 0.85 0.85 0.88 0.87

Mean 0.69 0.69 0.72 0.74 0.71 0.74 0.75 0.79

Table 2: Classification accuracies per subject for the MPI set.

5 trials 10 trials 20 trials

λ2 = 10−1 λ2 = 10−2 λ2 = 10−4

Subject bCSP clmtCSP bCSP clmtCSP bCSP clmtCSP

1 0.80 0.68 0.78 0.73 0.85 0.85

2 0.85 0.83 0.83 0.77 0.87 0.85

3 0.45 0.43 0.53 0.57 0.58 0.60

4 0.58 0.53 0.72 0.75 0.77 0.77

5 0.53 0.47 0.52 0.48 0.62 0.60

6 0.58 0.67 0.60 0.60 0.70 0.70

7 0.83 0.92 0.90 0.92 0.95 0.95

8 0.38 0.52 0.48 0.48 0.53 0.53

9 0.57 0.70 0.58 0.62 0.63 0.63

10 0.68 0.53 0.60 0.62 0.63 0.60

11 0.50 0.53 0.42 0.52 0.40 0.43

12 0.52 0.68 0.65 0.70 0.63 0.63

13 0.62 0.60 0.63 0.58 0.57 0.60

14 0.53 0.53 0.50 0.47 0.55 0.57

Mean 0.68 0.70 0.70 0.70 0.71 0.71

class, e.g., when we mention 5 training trials, we mean 5 trials
per class, thus 10 in total.) The impact of the multisubject
version is relatively low, although this is the area where we
suspected the impact would be the largest. Nevertheless, for
some subjects, like subject aa the impact is substantial as it
goes from chance level to an accuracy well above 70%. On
the other hand, there is subject aw where the accuracy drops
to chance level when employing the multisubject version.
This subject, however, never seems to benefit from the
multisubject learning. These two subjects can give us some
insight in to the reason of the failure, which we attribute to
the way we determine the parameters λ1 and λ2. This is done
globally across all subjects and consequently the values are
taken the same for all. Obviously, these parameters should be
determined for each new subject separately. The ideal case
would thus be to include five trials of the “new” subject’s
training set, all training trials of the other subjects and
repeat this process for each subject. On the other hand, this
would require us to determine the parameters per subject
independently on a set of only five trials per class, which is
prone to be unstable.

The difference between both methods becomes apparent
in the case of ten training trials where the mtCSP method

achieves better or equal accuracies compared to the bCSP
method on all subjects, except again subject aw. As there are
only five subjects, we are not able to show the difference is
significant with a paired Wilcoxon signed rank test.

Table 2 shows the results for the cluster-based mtCSP
method on all 14 subjects. Looking at chosen parameter val-
ues for λ2, we can see that subject-specific filter components
are most penalized when only five training trials are available,
while they are least penalized when 20 training trials are
available. This is reflected in the results as there is almost no
difference between bCSP and clmtCSP in case of 20 training
trials. However, there is quite some difference between the
two methods for five trials. Unfortunately, a paired Wilcoxon
signed rank test (only considering those subjects for which
one of the methods performs above chance level) does not
indicate a significant difference. Note that (in case of five
training trials) only eight subjects are included in the test.

6. Discussion and Future Work

We presented a multisubject extension to the basic CSP
algorithm in order to reduce the number of training trials
and to improve performance by learning spatial filters across
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subjects. It involves a nonconvex optimization problem and
thus a global solution is not guaranteed when employing
standard optimization techniques. However, the optimiza-
tion of such a sum of convex to convex ratios is a hot topic in
optimization theory. We can expect, that in the future, imple-
mentations will come available that guarantee global conver-
gence and are scalable to handle high-dimensional problems.
The authors in [15] present such solution for seemingly
small-sized problems.

The main downside of the proposed methods is that we
have to perform cross-validation to select good parameter
values. Firstly, this takes time to compute, rendering the
methods impractical as one can record more data within
that time frame to compute good filters. Secondly, enough
data needs to be available to determine the parameter values
through cross-validation. This is of course in contrast with
the aim of the proposed algorithms to reduce the number of
training trials. In order to find indicators for the potential
of the methods on a low number of training trials, we per-
formed cross-validation by averaging scores over several folds
and subjects. This leads to more stable and reliable estimates
of the parameter values. We then choose the parameter
values the same for all subjects. However, the need for cross-
validation could be avoided by employing the Bayesian
framework. In order to learn a model across several subjects
in this framework, the use of shared priors will be the topic
of future research.

An open question is how it compares to other CSP
variants that learn from other subjects [16]. The latter
method computes the filters by combining the covariance
matrices of several subjects instead.

Due to the way we perform cross-validation, it is impos-
sible to show the method’s true potential. Nevertheless, some
of the results indicate that (cluster-based) multisubject learn-
ing for CSP leads to a noticable improvement for some sub-
jects. That some subjects suffer from these methods could be
avoided if the trade-off parameters could be chosen reliably
for each new subject separately with little training data.

Finally, we want to add that this manner of including the
clustering in the optimization problem may be employed for
cluster-based multisubject classifiers too. Note that Fisher’s
discriminant analysis [17] can be written as a generalized
Rayleigh quotient and thus be solved with a generalized ei-
genvalue decomposition, similar to CSP. Instead of using
the quotient of (3), we could plug in a modified version of
Fisher’s ratio.
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We report on tests with a mind typing paradigm based on a P300 brain-computer interface (BCI) on a group of amyotrophic
lateral sclerosis (ALS), middle cerebral artery (MCA) stroke, and subarachnoid hemorrhage (SAH) patients, suffering from motor
and speech disabilities. We investigate the achieved typing accuracy given the individual patient’s disorder, and how it correlates
with the type of classifier used. We considered 7 types of classifiers, linear as well as nonlinear ones, and found that, overall, one
type of linear classifier yielded a higher classification accuracy. In addition to the selection of the classifier, we also suggest and
discuss a number of recommendations to be considered when building a P300-based typing system for disabled subjects.

1. Introduction

Research on brain-computer interfaces (BCIs) has witnessed
a tremendous development in recent years [1] that has
even been covered in the popular media. Although a lot
of research has been done on invasive BCIs, leading to
brain implants decoding neural activity directly, which are
primarily tested on animals, noninvasive BCIs, for example,
based on electroencephalograms (EEG) recorded on the
subject’s scalp, have recently enjoyed an increasing visibility
since they do not require any surgical procedure, and can
therefore be more easily tested on human subjects. Several
noninvasive BCI paradigms have been described in the
literature, but the one we concentrate on relies on event-
related potentials (ERPs, a stereotyped electrophysiological
response to an internal or external stimulus [2]).

One of the most explored ERP components is the P300.
It can be detected while a subject is shown two types of
events with one occurring much less frequently than the
other (“rare event”). The rare event elicits an ERP consisting
of an enhanced positive-going signal component with a
latency of about 300 ms after stimulus onset [2]. In order to
detect ERPs, single-trial recordings are usually not sufficient,
and recordings over several trials need to be averaged: the

recorded signal is a superposition of the activity related to
the stimulus and all other ongoing brain activity together
with noise. By averaging, the activity that is time locked to
a known event (e.g., the onset of the attended stimulus) is
extracted as an ERP, whereas the activity that is not related
to the stimulus onset is expected to be averaged out. The
stronger the ERP signal, the fewer trials are needed, and vice
versa.

There has been a growing interest in the ERP detection
problem, as witnessed by the increased availability of BCIs
that rely on it. A notorious example is the P300 speller
[3], with which subjects are able to type words on a
computer screen. This application meets the BCI’s primary
goal, namely, to improve the quality of life of neurologically
impaired patients suffering from pathologies such as amy-
otrophic lateral sclerosis (ALS), brain stroke, brain/spinal
cord injury, cerebral palsy, muscular dystrophy, and so forth.
But, as it is mostly the case with BCI research, the P300 BCI
has primarily been tested on healthy subjects. Only very few
attempts have been made on patients [4–9]. Several of these
tests on patients [4, 9] deal with P300-based online typing,
however, since only very few patients were tested, it is still an
open question for which patient categories the P300 speller
is best suited.
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Figure 1: (a) Wireless 8 channel amplifier. (b) Locations of the electrodes on the scalp. (c) USB stick receiver. (d) Active electrode.

In addition, the performances of different P300 clas-
sifiers were compared for healthy subjects only, and their
outcomes were found to disagree to some extent. In [10],
a comparison of several classifiers (Pearson’s correlation
method, Fisher’s linear discriminant analysis (LDA), step-
wise linear discriminant analysis (SWLDA), linear support-
vector machine (SVM), and Gaussian kernel support vector
machine (nSVM)) was performed on 8 healthy subjects. It
was shown that SWLDA and LDA render the best overall
performance. In [11], it was shown that, among linear SVM,
Gaussian kernel SVM, multi-layer perceptron, Fisher LDA,
and kernel Fisher Discriminant, the best performance was
achieved with LDA. Based on these studies, albeit different
sets of classifiers were used, one can conclude that linear
classifiers work better than nonlinear ones, at least for the
case of the P300 BCI on healthy subjects. This statement is
also supported by other researchers (e.g., in [12]).

In light of this, and since a classifier comparison has never
been performed on patients, it remains an open question
what is the best classifier in this case. This is indeed an
important question since the P300 responses from healthy
subjects and patients can be quite different [5]. Thus, the
outcome of a comparison for healthy subjects might not be
valid for patients.

In this paper, we report on tests performed on a group
of (partially) disabled patients suffering from amyotrophic
lateral sclerosis (ALS), middle cerebral artery (MCA) stroke,
and subarachnoid hemorrhage (SAH). In addition to the
classifiers mentioned above, we also add two more linear
ones (i.e., Bayesian linear discriminant analysis and a method
based on feature extraction), since they have been used
before in P300 BCIs [7, 13]. In summary, we compare a
more extensive set of classifiers and perform our comparison
on patients, instead of on healthy subjects, both of which
distinguish our study from others.

2. Methods

2.1. EEG Data Acquisition. Our recordings were performed
with a prototype of a miniature EEG recording device
that wirelessly communicates with a USB stick receiver

(Figures 1(a) and 1(c)). The prototype was developed by
imec (http://www.imec.be/) and built around their ultra-low
power 8-channel EEG amplifier chip [14]. The EEG data
were recorded at a sampling frequency of 1000 Hz, which
is fixed by the hardware. A laptop working under Windows
XP SP3 with a bright 15′′ screen was used for the visual
stimulation as well as for EEG data recording, processing and
storing.

We used an electrode cap with large filling holes and
sockets for active Ag/AgCl electrodes (ActiCap, Brain Prod-
ucts, Figure 1(d)). The eight electrodes were placed primarily
on the parietal pole, namely at positions Cz, CPz, P1, Pz,
P2, PO3, POz, and PO4, according to the international 10–
10 system (Figure 1(b)). The reference and ground electrodes
were placed on the left and right mastoids, respectively.

Each experiment started with a pause of approximately
90 s, which is required for the EEG amplifier to stabilize its
internal filters. During this period, the EEG signals were not
recorded. The data for typing each character (see Section 2.3
for details) were recorded in one session. As the duration of
each session is known a priori, as well as the data transfer rate,
it is easy to estimate the amount of data transmitted during a
session. We used this estimate, increased by a 10% margin,
as the size of the serial port buffer. To make sure that the
entire recording session for one character fits completely into
the buffer, we cleared the buffer just before recording. This
strategy allowed us to avoid broken/lost data frames, which
might occur due to a buffer overflow. The EEG data frames
were only in rare cases lost during wireless transmission:
under normal experimental conditions, the data loss is
negligible (<0.01%) and never more than a few consecutive
samples, which could be (linearly) reconstructed from the
successfully received ones. The amount of broken/lost frames
can be precisely computed using the counter incorporated
into each data frame.

2.2. Data-Stimuli Synchronization. Unlike a conventional
EEG system, the system we used does not have any external
synchronization inputs. We used a synchronization scheme
based on the high-precision timestamps of the stimulus
onsets (during stimulation). The timestamps are obtained
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Figure 2: Typing matrix of the P300 speller. Rows and columns are intensified in random order; one trial consists of the intensifications all
six rows and all six columns. The intensification of the third column (a) and of the second row (b) are shown.

using the high-resolution system performance counter (via
QueryPerformanceCounter system call), which allows to
achieve microsecond resolution. We save the timestamps of
the EEG acquisition session start and end, as well as the
timestamps of the stimulus onsets and offsets. Due to the
fact that the EEG signal has a constant sampling rate, and
assuming a constant (virtual) serial port latency, the precise
mapping between the timestamps and the corresponding
EEG data samples is straightforward. We used this mapping
for partitioning the EEG signal into signal segments, for
further processing. To eliminate the unwanted load of the
computer system, all recordings were done on a PC working
in a special (“experimental”) hardware profile, which has a
minimal set of running services and devices. Additionally, we
have raised the priority of the application, responsible for the
visual stimulation and EEG data acquisition/processing, to
the “high” level.

2.3. Experiment Design. Twelve subjects, naı̈ve to BCI appli-
cations, participated in the experiments (ten male and
two female, aged 37–66 with an average age of 51.25).
The subjects were suffering from different types of brain
disorders. The experimental protocol was approved by the
ethical committee. After the recordings were made, four
subjects were excluded from the classifier comparison, since
their performance was close to chance level, possibly due
to the nature of their brain disorder, or because they did
not properly understand the experiment or were too tired
to perform the task. The information about the patients, of
which the recordings were further considered, that is, their
diagnosis, age, and gender, is presented in Table 1.

We have used the same visual stimulus paradigm as in the
first P300-based speller, introduced by Farwell and Donchin
in [3]: a matrix of 6 × 6 characters. The only difference is
with the character set: in our case, it is the usual set of 26
Latin characters, eight digits, but with two special characters
(“ ” instead of space and “¶” as the end of input indicator).
Additionally, for some subjects, the Cyrillic alphabet was
used. Each experiment was composed of one training and

several testing stages. During both stages, columns and rows
of the matrix were intensified (see Figure 2) in a random
manner. The duration of the intensification was fixed to
100 ms, followed by 100 ms of no intensification. Each
column and each row flashed only once during one trial, so
each trial consisted of 12 stimulus presentations.

During the training stage, 11 characters, taken from
the typing matrix, were presented to the subject. For each
character, 10 intensifications for each row/column were
performed. The subjects were asked to mentally count the
number of intensifications of the intended character. The
counting was used only to ensure that the participants paid
attention.

The recorded data was filtered (in the 0.5–15 Hz fre-
quency band with a fourth-order zero-phase digital But-
terworth filter) and cut into signal segments. Each of
these segments consisted of 1000 ms of recording, starting
from the stimuli onsets. Then, they were downsampled,
by retaining every 25th sample, and assigned to one of
two possible groups: target and nontarget, according to the
stimuli that they were locked to. For training the classifier,
we constructed a set of 1000 target, and the same amount
of nontarget averaged brain responses, where the averages
were taken based on k randomly selected responses from the
corresponding groups in the training set. The number k was
equal to the number of intensification sequences (trials), for
each stimulus, during the testing stage.

Signal amplitudes at specific time instants in the interval
100–750 ms after stimuli onset, of the downsampled EEG
signal, were taken as features. All these features were
normalized to their Z score through the estimation of fn,t =
(xn(t) − xn(t))/σxn(t), where xn(t) is the EEG amplitude
of nth channel (electrode) at time t, after stimulus onset,
xn(t) the average of xn(t), and σxn(t) the standard deviation
for all training examples of both the target and nontarget
recordings of the training set. When combining all those
features, we obtained a feature vector f = [ f1, . . . , fN ]T ,
which was used as input to either the linear classifier w1 f1 +
w2 f2 + · · · + wN fN + b = wT f + b (see further) or the
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Table 1: Information about the patients.

Patient ID Age Gender Diagnosis

Subject 1 43 M
Amyotrophic lateral sclerosis. Moderate bulbar palsy. Severe weakness of
upper and lower limbs and spasticity in lower limbs.

Subject 2 51 M Right MCA stroke with hypertension (stage II) and mild left hemiparesis.

Subject 3 58 M
Spontaneous SAH and secondary intracerebral hemorrhage in the right
hemisphere with hypertension (stage III) and severe left hemiparesis.

Subject 4 54 F Left MCA stroke with mild motor aphasia and right hemiparesis.

Subject 5 52 M Posterior circulation stroke. Right hemiparesis with dysarthria.

Subject 6 54 M Left MCA stroke with right hemiparesis and motor aphasia.

Subject 7 36 M Acute left MCA stroke with partial motor aphasia, right hemisensory loss.

Subject 8 65 M Right MCA stroke with hypertension (stage III) and mild left hemiparesis.

nonlinear one, y(f , w, b). Since we use Z scores as features,
and since we use a balanced training set (equal numbers of
target and nontarget responses), the parameter b should be
close to zero. After substituting the feature vector f into the
above-mentioned equation, we obtain a “distance” from the
point in feature space to the boundary (hyperplane in the
linear case), separating the target from the nontarget class,
with the sign indicating to which class the point belongs.

After training the classifier, each subject performed
several online test sessions during which (s)he was asked to
mind-type a few words. In the case of a mistyping, (s)he
was instructed to type further without trying to correct
the mistake (“backspace” was not allowed). The typing
performance (ratio of correctly typed characters) was used
for estimating the classification accuracy. For these online
test sessions, we considered a linear SVM classifier trained
on data averaged over 15 trials. Thus, each subject attempted
to type characters based on 15 row/column intensifications.
About 36 characters were typed by each subject. This number
slightly varied between subjects, since some subjects chose
the characters to spell themselves (free spelling). During
typing, the EEG data was stored for further (offline) analysis
based on a smaller amount k of trials (in this case we used
all k-combination of 15 trials for each typed character, for
assessing the accuracy).

The testing stage differs from the training stage by the
way the signal segments were grouped. During training, the
system “knows” exactly which one of 36 possible characters
is attended by the subject at any moment of time (copy
spelling). Based on this information, the collected signal
segments can be grouped into only two categories: target
(attended) and nontarget (not attended). However, during
testing, the system does not know which character is attended
by the subject, and the only meaningful way of grouping is by
stimulus type (which in the proposed paradigm can be one
of 12 types: 6 rows and 6 columns). Thus, during the testing
stage, for each trial, we had 12 segments (from all 12 types)
of 1000 ms EEG data recorded from each electrode. The
averaged EEG response for each electrode was determined for
each stimulus type. The selected features of the averaged data
were then fed into the classifier (see Section 3). As a result,
the classifier produces 12 (for each row/column) values
(c1, . . . , c12) which describe the distance to the class boundary

in the feature space, together with the sign. The row index
ir and the column index ic of the classified character were
calculated as

ir = arg max
i=1,...,6

{ci}, ic = arg max
i=7,...,12

{ci} − 6. (1)

The character at the intersection of the ithr row and ithc column
in the matrix was then taken as the result of the classification
and presented, as a feedback, to the subject, in online mode.

3. Classification Methods

3.1. Fisher’s Linear Discriminant Analysis. Fisher’s linear
discriminant analysis (LDA) is one of the most widely used
classifiers in P300 BCI systems [10, 15]. It was reported
to even outperform other classifiers [11]. Its main idea is
to find a projection from the N-dimensional feature space
onto a one-dimensional space wT f for which the ratio of
the variance between the two classes (target and nontarget)
versus the variance within the classes is maximal. This
“optimal” projection is estimated as w = (Σ−1 +Σ+1)−1(μ+1−
μ−1), where Σ and μ define the covariances and the means
of the two classes (target and nontarget) that need to be
separated.

3.2. Stepwise Linear Discriminant Analysis. Stepwise linear
discriminant analysis (SWLDA) has been used in patient
studies of the P300 BCI speller [4, 5]. It can be considered as
an extension of the LDA with an incorporated filter feature
selection. SWLDA adds and removes terms from a linear
discriminant model, based on their statistical significance in
regression, thus, producing model that is adjustable to the
training data. It was shown that SWLDA performs equally
well or even better than several other classification methods
in P300 BCIs [10]. For our comparison, we have used the
same procedure as in [10] (in the forward step, the entrance
tolerance P-value < 0.1; in the backward step, the exit
tolerance P-value > 0.15). The process was iterated until
convergence, or until it reached a predefined number of 60
features.

3.3. Bayesian Linear Discriminant Analysis. Bayesian linear
discriminant analysis (BLDA) has been used in P300 BCI
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Figure 3: Classification accuracy as a function of the number of intensifications, for every subject, and for all considered classifiers: Bayesian
linear discriminant analysis (BLDA), Fisher’s linear discriminant analysis (LDA), stepwise linear discriminant analysis (SWLDA), a method
based on feature extraction (FE), linear support vector machine (SVM), multilayer perceptron (NN), and Gaussian kernel support vector
machine (nSVM).

patient studies [7]. It is based on a probabilistic regression
network. Suppose that the targets ti (in the case of a
classification problem these are +1 and −1) are linearly
dependent on the observed features f i = [ f i1 , . . . , f iN ]T with
an additive Gaussian noise term εn: ti = wT f i + εi. Assuming
further an independent generation of the examples from
a data set, the likelihood of all data is p(t |w, σ2) =∏N

i=1(2πσ2)−1/2 exp(−(ti −wT f i)2/2σ2). Additionally to this,
we have to introduce a prior distribution over all weights as
a zero-mean Gaussian

p(w | α) =
n∏
j=1

(
α

2π

)1/2

exp
(
−α

2
w2

j

)
. (2)

Using Bayes’s rule, we can define the posterior distribution

p
(

w | t, α, σ2) = p
(

t | w, σ2
)
p(w | α)

p(t | α, σ2)
, (3)

which is a Gaussian with mean μ = (FTF + σ2αI)
−1

FT t and
covariance matrix Σ = σ2(FTF + σ2αI)−1, where I is the
identity matrix, F a matrix with each row corresponding to
a training example in feature space, and t a column vector
of true labels (classification) for all corresponding training
examples. As a result, our hyperplane will have the form
μT f . This solution is equivalent to a penalized least square
estimate E(w) = (1/2σ2)

∑N
i=1(ti − wT f i)2 + (α/2)

∑n
j=1 w

2
j

[16]. Regression parameters (σ2 and α) are tuned with an
automatic, iterative procedure [7].

3.4. Linear Support Vector Machine. In P300 BCI research,
the linear support vector machine (SVM) is regarded as one
of the more accurate classifiers [10, 17]. The principal idea of
a linear SVM is to find the separating hyperplane, between
two classes, so that the distance between the hyperplane
and the closest points from both classes is maximal. In
other words, we need to maximize the margin between
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Figure 4: Average classification accuracy as a function of the
number of intensifications for all considered classifiers.

the two classes [18]. Since it is not always the case that
the two classes are linearly separable, the linear SVM idea
was also generalized to the case where the data points are
allowed to fall within the margin (and even are on the wrong
side of the decision boundary) by adding a regularization
term. For our analysis, we used the method based on linear
least squares SVM [19] to solve the minimization problem
minw,b,e((1/2)wTw)+γ

∑N
i=1 e

2
i with respect to yi(wT f i+b) =

1−ei, i = 1, . . . ,n, where f i corresponds to the training points
in the feature space, and yi is the associated output (+1 for
the responses to the target stimulus and−1 for the nontarget
stimulus). The regularization parameter is estimated through
a line search on cross-validation results.

3.5. Nonlinear Support Vector Machine. Here, we used a
support vector machine with the Gaussian radial-basis
function K(f i, f j) = exp(−γ‖f i − f j‖2), γ > 0, as a kernel.
In our experiment, we opted for the SVMlight package
[20]. The SVM’s outcome, for a new sample, is a value for
y(f , w, b) = ∑n

i=1 wiyiK(f , f j) + b, where f j are the support
vectors chosen from the training set with known class labels
yi ∈ {−1, 1}, and where wi are Lagrange multipliers. The
sign of y(f , w, b) estimates the class the sample f belongs to.
For our nSVM classifier, a search through pairs (C, γ) (where
C is the regularization parameter and γ the kernel parameter)
was performed using a 5-fold cross-validation on the grid
(C, γ) : [2−5, 2−2, . . . , 216]× [2−15, 2−12, . . . , 26].

3.6. Method Based on Feature Extraction. Another linear
classifier used in P300 BCI research [13] relies on the one-
dimensional version of the linear feature extraction (FE)
approach proposed by Leiva-Murillo and Artès-Rodriguez in
[21]. The method searches for the “optimal” subspace max-
imizing (an estimate of) the mutual information between

the set of projections Y = {wT f i} and the set T of
corresponding labels ti = {−1, +1}. According to [21], the
mutual information between the set of projections Y and the
set of corresponding labels C can be estimated as I(Y ,C) =∑Nt

p=1 p(tp)(J(Y | tp) − log σ(Y | tp)) − J(Y), with Nt = 2
the number of classes, Y | tp the projection of the pth class’
data points onto the direction w, σ(·) the standard deviation,
and J(·) the negentropy, estimated using Hyvärinen’s robust
estimator [22].

3.7. Artificial Neural Network. For comparison’s sake, we also
consider a multilayer feed-forward neural network (NN)
with a single hidden layer and with sigmoidal activation
functions, which is proved to be a universal approximator
[23]. Thus, our classifier has the form

y(f , w, b) =
M∑
i=1

w2
i F

⎛⎝ N∑
j=1

w1
ji f j + bi

⎞⎠ + b, (4)

where M is the number of neurons in the hidden layer, with
sigmoidal activation functions F(t) = 1/(1 + exp(t)), N the
number of observed features, b = {b1, . . . , bN , b} and w =
{w2

1, . . . ,w2
M ,w1

11, . . . ,w1
NM} sets of thresholds and weight

coefficients, respectively. The latter were optimized using
a training procedure based on the Levenberg-Marquardt
back propagation method, where the desired outcome of the
neural network was set to +1 or −1 (target or nontarget),
depending on the class the individual training example
belongs to. Since such a network has NM+2M+1 parameters
to be trained, it can easily overfit the training data in the
case of a large number of features (N), and a large number
of hidden layer neurons (M). To avoid this, we performed a
5-fold cross-validation with a line search for the number of
hidden neurons M = 1, . . . , 20. The network with the best M
was further retrained on the whole training set.

4. Results

The data was recorded during the online typing of words/
characters (in copy spell and in free spell mode). In order
to assess the classification performance of all classifiers
considered, we opted for an offline analysis, in which case
we also evaluated the performance for a smaller amount of
intensification sequences k. This became possible since our
online spelling was performed with 15 intensifications of
each row and column for any character to be typed. This
also allowed us to construct a larger amount of test data
for k < 15. This was done by taking combinations of k
elements from the available 15 responses for each row and
column.

The performance results are shown in Figure 3 for each
individual patient, and the averaged performance result
in Figure 4, averaged over all subjects. In order to verify
the statistical significance of the comparison, we used a
repeated-measures two-way ANOVA (with “method” and
“intensification sequences” as factors) with Greenhouse-
Geisser correction (P < 0.001 for factor “method”) and
with post hoc multiple comparison based on Turkey LSD
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Figure 5: Distribution (percentage with respect to all typed characters) of the P300 speller outputs for k = 10 intensifications. Cells with zero
coordinates correspond to correctly spelled characters, while other cells show the results of mistyping. The coordinates of those cells indicate
the relative positions of the mistyped and intended characters. The presented results are for the Bayesian linear discriminant analysis (BLDA),
the Fisher’s linear discriminant analysis (LDA), the stepwise linear discriminant analysis (SWLDA), a method based on feature extraction
(FE), the linear support vector machine (SVM), the multilayer perceptron (NN), and the Gaussian kernel support vector machine (nSVM).

test for pairs of all methods. We found that the accuracy
of a BLDA in general is significantly (P ≤ 0.02) better
than that of any other classifier except the Gaussian kernel
SVM (nSVM versus BLDA has P = 0.227), since the later,
for some subjects, and for some numbers of intensifications
k, yielded on average better results. Both the linear and
nonlinear SVM’s (for which the results do not show any
significant difference) were second best. As for SWLDA and
LDA, which ranked third, SWLDA performs slightly better,
but not in a significant way. The worst results are obtained for
the feature extraction (FE) method and the multilayer feed-
forward neural network (NN).

We have also analyzed the distribution of the erroneously
typed characters (see Figure 5). We have found that, for
all classifiers, the misclassifications mostly occur for either
a row or a column in close proximity to the ones of the
intended characters (represented at the center of the plot). To
investigate any possible differences in the error distributions
for each of the considered classifiers, we computed the
horizontal (for the columns) and the vertical (for the rows)
standard deviations (std) between the typed and the intended
characters, and plot this as a function of the number of
intensifications (Figure 6). The BLDA classifier for the case
of the rows and BLDA together with nSVM for the case of
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Figure 6: Standard deviations of the vertical distance (left panel) and horizontal distance (right panel) between the typed and desired
characters, as a function of the number of intensifications, for each considered classifier: Bayesian linear discriminant analysis (BLDA),
Fisher’s linear discriminant analysis (LDA), stepwise linear discriminant analysis (SWLDA), a method based on feature extraction (FE),
linear support vector machine (SVM), multilayer perceptron (NN), and Gaussian kernel Support Vector Machine (nSVM).

the columns yield, in general, the smallest std, suggesting
that those classifiers lead to less wrong answers. In order
to verify the statistical significance of the comparison, we
used a repeated-measures three-way ANOVA for std using
the following factor levels: “method” (with further post
hoc multiple comparison of all pairwise combinations of
classifiers), “direction” (with two levels for this factor,
corresponding to rows and columns), and “intensification
sequences” (15 levels). We found that the distribution of
mistakes around the intended character, based on BLDA,
is, in general, significantly (P ≤ 0.03 for factor “method”)
smaller than for any other classifier, except for nSVM (nSVM
versus BLDA has P = 0.0829). This suggests that the BLDA,
in general, not only yields a better accuracy, but also leads
to a smaller divergence in mistakes. We also observe that
the vertical standard deviation is in general smaller than the
horizontal one (P ≤ 0.05 for factor “direction”), particularly
for the most accurate classifiers and, especially, after more
than 5-6 intensification sequences. For example, for BLDA
(fixing this level of factor “method” in previous model), this
difference is significant with P ≤ 0.02.

5. Discussion

Our comparison indicates that, in general, nonlinear classi-
fiers perform worse or equal to linear ones. This is in accor-
dance with other studies [10–12], which were performed
on healthy subjects. This could be due to the tendency of
nonlinear classifiers to overfit the training data, leading to an
inferior generalization performance. It is mostly relevant for
the multilayer feed-forward neural network, since the kernel
SVM is known to properly deal with high dimensional data
and small training sets [18]. In our study, the Gaussian kernel
SVM generates a result that is not significantly different from

its linear counterpart, but at the expense of an exhaustive
grid search. From this, we recommend a linear classifier for
a P300 spelling systems for patients, also since, to support
its online applicability, we have to minimize the classifier’s
training time.

Among all classifiers the Bayesian linear discriminant
analysis (BLDA) yields superior results, with the SVM as the
second best, at least for the group of patients considered
in our comparison. While a SVM is constructed so as to
maximize a margin between the two classes, the BLDA tries
to maximize the probability of having training data with the
correct class labels. Since both classifiers depend on some
regularization parameters, their optimal choice increases the
generalization accuracy. This optimization enables us to
achieve better results for the P300 speller based on SVM
and BLDA. While in SVM, the parameter optimization is
done with a search through a discrete set of parameters, in
the framework of a cross-validation (thus, depending on the
search algorithm, and the resolution of the discretization),
BLDA includes a self-adjustment of its parameters via an
automatic, iterative procedure. On the other hand, BLDA
relies on assumed distributions of the classification errors
and of the used parameters.

From the obtained classification results, we observe
that different classifiers lead to different accuracies. On the
one hand, this shows the necessity to properly choose the
classifier for the intended P300 BCI application. But on the
other hand, this diversity in results could be turned into
a benefit by combining different classifiers in a co-training
approach [15], to improve the classification performance.

For the validation of the performance of the classifiers
and their comparison, we used as features the amplitudes of
the filtered EEG signals from different electrodes. This led
to satisfactory results for healthy subjects (see, e.g., [17]).
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Figure 7: Classification accuracy based on BLDA for every subject as a function of the center of the 50 ms interval from which the features
for classification were taken. Consecutive interval centers are spaced by 25 ms.

Nevertheless, the accuracy could potentially be improved by
adding other features such as time-frequency ones, from a
wavelet transform [24], synchrony between EEG channels
[25], and the direction and speed of propagating waves
[26].

In our experiments, we used electrodes placed at posi-
tions Cz, CPz, P1, Pz, P2, PO3, POz, and PO4, which
include the parietal ones for which the P300 component
is known to be most prominent, but we also added more
posterior positions, as suggested in [7, 27–29] where it
was shown that the decoding accuracy increases due to
the negative-going component, appearing over the posterior
areas, prior to the P300 component. To incorporate this
additional early information into the decoding process, we
used the interval starting 100 ms after stimulus onset. The

negative-going component, called N2 in [30], was shown by
these authors to be important for the P300 speller, even if
the subject only covertly attended the intended target. Thus,
for patients, when experiencing problems with eye gazing,
the early negative component recorded over the posterior
positions seems to be beneficial.

To validate the added value of the different ERP
components into the decoding performance, we estimated
the classification accuracy in the P300 speller with 15
intensification sequences and the BLDA classifier, for each
patient separately, and for the features taken from 50 ms
time intervals (the centers of these intervals were spaced by
25 ms). The classification results are shown in Figure 7, and
the averaged ERP waveforms in Figure 8, for electrode POz.
The results suggest that the early ERP components should,
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Figure 8: Averaged ERP to target (blue solid line) and nontarget (red dashed line) stimuli for all considered subjects. Baseline correction
was performed on the basis of the 150 ms pre-stimulus interval. Zero time corresponds to the stimulus onset. Visible 5 Hz oscillations are
due to the stimulation rate.

for some of our patients, also be considered as features for
decoding.

The analysis of the distribution of the mistyped char-
acters (Figure 5) suggests that mistakes mostly occur due
to a wrongly selected row or column in the typing matrix.
Furthermore, we found that the incorrectly typed characters
are mostly close to the intended ones. This could, probably,
be due to the fact that the subject sometimes gets distracted
by the flashing of a column or row adjacent to one containing
the intended character. Or, it could be that the intensification
of the row/column containing the intended character is
immediately preceded or followed by an intensification
of an adjacent row/column, leading to a decreased P300
response. As a recommendation, one should try to avoid the
consecutive intensifications of adjacent rows/columns. But
this is hard to achieve in a row/column paradigm, since in
a free spelling mode we do not know a priori the character
that the subject wants to communicate. Additionally to this,
based on the fact that mistakes mostly occur along the row
or column containing the desired character, we can try to use
some smart scrambling of the intensifications where, instead

of a whole row or column, constellations of individual
characters, spread over the entire matrix, are intensified. The
design of the proper stimulation paradigm as in, for example,
[31] is the subject of further research.

Another way to improve the typing performance is by
incorporating the detection of the Error Potential (ErrP) [32,
33] into the P300 speller paradigm. The ErrP is evoked when
the subject perceives a wrong outcome of the BCI system.
When the ErrP is detected, we can take the second most
likely character (e.g., the row or the column with the second
largest distance to the classification boundary) for correcting
the classifier’s outcome. Since mistakes are expected to occur
in a row or column adjacent to that of the desired character
in the matrix (see Figure 5), we can also apply weights to
the previous distances (e.g., by inversely relating them to the
distance, in the matrix, to the mistyped character).

The typing accuracies achieved by our patients revealed
a large variability. While subjects 2 and 8 could achieve
an almost perfect typing performance for already k = 10
row/column intensifications, subjects 4 and 7 achieved the
worst accuracy (around 50% after k = 15 intensifications,
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with a chance level of 100/36 = 2.7%). As can be seen from
Table 1, the latter subjects suffered from some form of motor
aphasia (as was also the case with three of the four subjects
excluded from the classifier comparison study because of bad
classification performance (see Section 2.3)). Motor aphasia
is known to deteriorate the visual verbal P300 latency more
than the visual nonverbal one [34], possibly explaining the
inferior performance achieved with these patients. The effect
on the P300 speller should be examined further in a study
specifically designed for motor aphasia patients.

6. Conclusions

We have compared five linear and two nonlinear classifiers in
a P300 BCI speller tested on stroke and ALS patients. We have
found that the BLDA classifier performs the best, followed by
the (non)linear SVM. These results could be helpful to decide
what classifier to use for stroke and ALS patients. Finally,
we also listed and discussed a number of recommendations
for adjusting the P300 speller paradigm to stroke and ALS
patients.
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Supervised and interpatient classification of heart beats is primordial in many applications requiring long-term monitoring of
the cardiac function. Several classification models able to cope with the strong class unbalance and a large variety of feature sets
have been proposed for this task. In practice, over 200 features are often considered, and the features retained in the final model
are either chosen using domain knowledge or an exhaustive search in the feature sets without evaluating the relevance of each
individual feature included in the classifier. As a consequence, the results obtained by these models can be suboptimal and difficult
to interpret. In this work, feature selection techniques are considered to extract optimal feature subsets for state-of-the-art ECG
classification models. The performances are evaluated on real ambulatory recordings and compared to previously reported feature
choices using the same models. Results indicate that a small number of individual features actually serve the classification and that
better performances can be achieved by removing useless features.

1. Introduction

The diagnosis of cardiac pathologies requires monitoring the
cardiac function by recording and processing the electro-
cardiogram (ECG) signal. The diagnosis may rely on just a
few transient factors of short duration such as intermittent
arrhythmia; long-term ECG recordings are therefore usually
required. The manual analysis of such long-term ECG
signals, containing hundreds to thousands of heart beats to
evaluate, proves tedious and error prone.

Several computer-aided heart beat classification algo-
rithms have been proposed for this task. These algorithms
can be divided in two categories: interpatient or intrapatient
classification systems [1]. Intrapatient classification requires
labeled beats from the tested patient in the training of the
model. By contrast, interpatient models classify the beats of
a new tested patient according to a reference database built
from data coming from previously diagnosed patients. In real
situations, labeled beats are usually not timely available for a
new patient which makes the intrapatient classification not

applicable. For this reason, this work focuses on interpatient
classification.

Supervised classifiers used to automate the classification
pro-cess require the extraction of discriminative features
from the heart beat signals. Spurious features can harm the
classifier, especially in the presence of unbalanced classes and
a large number of features [2, 3]. Moreover, feature selection
serves the interpretability of the classifier, since discrimina-
tive features are identified. This property is especially useful
in medical applications where the selected features may help
to understand the causes and the origin of the pathologies.

Unfortunately, very little information is available to
decide how to extract and build features from the heart
beat time series. In this work, a large number of fea-
tures previously proposed for heart beat classification are
extracted, and two feature selection methods are investigated
to select optimal feature subsets: the wrapper approach using
a forward-backward search strategy with a weighted linear
discriminant classifier and the filter approach using the
mutual information criterion with a weighted support vector
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machine classifier. Experiments are conducted on real ambu-
latory signals from the Physiobank arrhythmia database.

The following of this paper is organized as follows.
Section 2 details the state of the art in interpatient classifica-
tion and emphasizes our contributions to this field. Section 3
provides a short theoretical background over the classifiers
used in this work. Section 4 reviews methods for feature
selection, together with their pros and cons in this particular
heart beat classification application. Section 5 details the
database used in the experiments and the processing of the
ECG signals. Section 6 details the experiments and presents
the results. Eventually, Section 7 draws some conclusions.

2. State of the Art and Contributions

The first study to establish a reliable interpatient clas-
sification methodology is [4], where a weighted linear
discriminant analysis (LDA) model is trained to classify the
beats in the four classes defined by the standards of the
AAMI [5]. This algorithm was later improved using the
same classifier and other features first in [6] and later by
the same authors in [7]. The common point between these
algorithms is the use of the weighted LDA classifier, which
has three strong limitations. First, it is a linear classifier which
will fail to detect nonlinear decision functions. Second,
the LDA classifier is based on a Gaussian assumption over
class distributions which is not always validated. Finally, the
estimation of its parameters becomes difficult in the case of
strongly correlated features because of the singularity of the
covariance matrix.

For this reason, more powerful classifiers such as support
vector machines (SVMs) have also been considered. In [8],
hierarchical SVMs are used, but the reported algorithm
does not improve the results of [4]. Later, [1] proposed an
algorithm based on a support vector machine classifier opti-
mizing a weighted cost function. This algorithm increased
the performances of [4] for the pathological classes.

Nevertheless, distinct features groups are considered in
each study which makes it difficult to assess their discrim-
inative power on a fair basis. For example, morphological,
segmentation, and R-R interval features are considered in [4,
6, 7]. On the other hand, [8] exploited R-R intervals, Hermite
basis function expansions, and higher-order statistics. In [1],
all these feature sets are considered, but the feature selection
is performed only at the group level, without evaluating the
relevance of each individual feature included in the classifier.

In this work, our contribution consists in the extraction
of all these feature sets and the evaluation of the relevance
of each individual feature. For this purpose, a wrapper
approach using a forward-backward search strategy and a
filter approach using the mutual information criterion are
investigated. This is, to our knowledge, the first work (1)
evaluating the relevance of all commonly used feature sets
on a common ground and (2) using the mutual information
criterion to select optimal heart beat features. As it will be
detailed later, the mutual information criterion indeed offers
many advantages over model-based approaches such as a
low computational cost. In the next section, a theoretical

background over the weighted LDA and the weighted SVM
classifiers is provided, together with an introduction to the
mutual information criterion.

3. Theoretical Background

Let us define the ith P-dimensional observation xi =
{x1

i , x2
i , . . . , xPi } and the associated class value yi ∈

{1, 2, . . . ,K} for a given heart beat i with i ranging from 1 to
N , N being the total number of heart beats in the dataset and
K the number of classes. Traditional classifiers optimizing
the accuracy make the hidden assumption that the classes are
equally balanced [3]. However, in a heart beat classification
task, around 90% of beats are normal beats, while all the
pathological classes represent the other 10%. For this reason,
weights have to be introduced in the classifier to handle
that situation. Higher costs are then given to the minority
classes so as to guide the training process to solutions which
favor these classes. Two distinct models are considered in this
work: the weighted LDA model [4, 6, 7] and the weighted
SVM model [1].

3.1. Weighted LDA. The traditional linear discriminant anal-
ysis (LDA) classifier is first described, next it is shown how to
adapt its formulation in the case of unbalanced datasets [4].
The LDA approaches the classification problem by assuming
that the conditional probability density functions p(xi |
yi = k) are normally distributed with the simplifying
homoscedastic assumption that the class covariances are
identical. All the parameters w of the model are thus
summarized by the mean class vectors μk and the unique
covariance matrix Σ. These parameters are identified by
maximizing the log-likelihood function defined as

max
μ1,μ2,...,μK ,Σ

K∑
k=1

∑
{i|yi=k}

log
(
fk
(

xi,μk,Σ
))

, (1)

where fk(xi,μk,Σ) are the value of a Gaussian distribution
with mean μk and covariance Σ. The optimization can be
done in closed form and yields the following solution:

μk =
∑
{i|yi=k} xi

Nk
,

Σ = 1
N

K∑
k=1

∑
{i|yi=k}

(
xi − μk

)(
xi − μk

)T
.

(2)

In unbalanced situations, a popular technique is to add dis-
tinct class misclassification weights in the objective function.
In the case of the LDA classifier, the following decomposition
and weighting is applied to the sum over observations in (1)
[4]:

max
μ1,μ2,...,μK ,Σ

K∑
k=1

ck
∑

{i|yi=k}
log
(
fk
(

xi,μk,Σ
))

, (3)
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where the ck parameters are the weights associated to each
class. The parameters of the model are now estimated with

μk =
∑
{i|yi=k} xi

Nk
,

Σ =
∑K

k=1 ck
∑
{i|yi=k}

(
xi − μk

)(
xi − μk

)T
∑K

k=1 ckNk

.

(4)

Inference is then achieved using

y∗i = max
k

fk(xi),

fk(xi) = −
(

1
2

)
μTk Σ

−1μk + μTk Σ
−1xi,

(5)

which corresponds to assigning xi to the class having the
smallest Mahalanobis distance between the class mean and
xi.

3.2. Weighted SVM. A support vector machine (SVM) is a
supervised learning method introduced by Vapnik [9]. The
two-class case is described here, so yi ∈ {−1, +1}, because its
extension to multiple classes is straightforward by applying
the one-against-all or one-against-one approaches. In this
work, as detailed in Section 6, the one-against-one approach
will be used in the experiments.

SVMs are linear machines that rely on a preprocessing to
represent the features in a higher dimension, typically much
higher than the original feature space. With an appropriate
nonlinear mapping ϕ(x) to a sufficiently high-dimensional
space, finite data from two categories can always be separated
by a hyperplane. In SVMs, the distance from this hyperplane
to the nearest data point on each side, referred to as the
margin, is maximized. Assume that each observation xi has
been transformed to zi = ϕ(xi). The soft-margin formulation
of the SVM allows examples to be misclassified or to lie inside
the margin by the introduction of slack variables ξi in the
objective constraints

min
w

N∑
i=1

ξi + λ‖w‖2, (6)

s.t.

⎧⎨⎩yi(〈w, zi〉) ≥ 1− ξi, ∀i = 1 · · ·N ,

ξi ≥ 0, ∀i = 1 · · ·N ,
(7)

where w are the parameters of the hyperplane. For any
feasible solution, misclassified examples have an associated
slack value ξi greater than 1. We can see from (6) that mini-
mizing the first term minimizes the classification error, while
minimizing the second term is equivalent to maximizing the
classification margin.

This classical SVM formulation has been shown to suffer
from class unbalance and in worst unbalanced cases to yield a
classifier biased towards the majority class [10]. The reason is
that classifying everything in the majority class is what makes
the margin the largest, with zero cumulative loss on the
abundant majority examples. The only trade-off is the small

amount of cumulative loss on the few minority examples
which do not count for much. To overcome this problem,
different penalties for each class can be included in the first
term of (6),

min
w

⎛⎜⎝c1

∑
{i|yi=1}

ξi + c−1

∑
{i|yi=−1}

ξi

⎞⎟⎠ + λ‖w‖2. (8)

This weighted formulation of the SVM classifier has been
successfully proposed for heart beat classification in [1].

By introducing the Lagrangian multipliers αi, this primal
formulation can be rewritten in a so-called dual form. The
optimization is then typically achieved by solving the system
using quadratic programming [11]. In the dual form, the
explicit form of the mapping function ϕ must not be known
as long as the kernel function K(xi, x j) = ϕ(xi)ϕ(x j) is
defined. The sign of the following decision function is then
used to determine the predicted class value y∗i for a new
unlabeled observation:

y∗i = sign
(
f (xi)
)
,

f (xi) = wTϕ(xi) =
N∑
j=1

αj y jK
(

x j , xi

)
.

(9)

3.3. Mutual Information. Mutual information (MI) [12] has
proven to be a very effective criterion in the context of
feature selection, as it is able to detect nonlinear relationships
between (groups of) features. The MI value between a given
feature and the class labels gives a score over the predictive
power of this feature. As an example, in a different area, [13]
successfully used MI to determine the most relevant features
in spectrometric nonlinear modeling.

Formally, the MI of a pair of random variables x, y is
a symmetric measure of the dependence between these two
variables and is defined as

I
(
x; y
) = H(x) + H

(
y
)−H

(
x, y
)
, (10)

where H(x) is the entropy of x, which is a measure of the
uncertainty on x. The entropy is defined for a continuous
random variable as:

H(x) = −
∫
fx(ζx) log fx(ζx)dζx, (11)

where fx is the probability density function of x. Equation
(10) can be written in terms of conditional entropy as

I
(
x; y
) = H

(
y
)−H

(
y | x), (12)

where H(y | x) is the conditional entropy of y given
x, measuring the uncertainty about y once x is known.
Following (12), MI can thus be seen as the reduction of
uncertainty about y brought by the knowledge of x and is
thus a natural criterion for feature selection assuming that y
is an output we want to predict from x, a set of features.

Eventually, the MI can be expressed as

I
(
x; y
) = ∫∫ fx,y

(
ζx, ζy
)

log
fx,y

(
ζx, ζy
)

fx(ζx) fy
(
ζy
) dζxdζy. (13)
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Unfortunately, in practice neither fx, fy nor fx,y are
known. The MI cannot thus be directly computed; it has
to be estimated from the available samples. Several methods
have been proposed for this task, including a histogram-
based estimator [14], a Parzen-window-based estimator [15],
and a k-NN-based estimator [16]. The MI offers many
practical advantages such as the ability to detect nonlinear
relationships between the variables and the labels, the use of
multiclass labels, and a low computational complexity.

4. Feature Selection

Feature selection is traditionally achieved either by wrapper
or filter approaches [17]. Wrapper approaches are based
on the accuracy of a specific classifier. As an example, the
exhaustive wrapper consists in feeding a model with the
2P−1 possible feature subsets (P being the total number
of features) and to choose the one for which the model
performs the best. This strategy is therefore the optimal
feature selection technique for a given model. However,
such an exhaustive search is intractable in practice since it
would require the training (including the time-consuming
optimization of potential hyperparameters) of 2P−1 different
models.

When simple and fast (e.g., linear) models are consid-
ered, one can nevertheless circumvent this issue by using
an incremental wrapper approach [18]. One of the most
common incremental search procedures is the forward-
backward selection algorithm. Its principle is to select at each
step the feature whose addition to the current subset leads
to the highest increase in prediction performances. Then it
is checked if the removal of one of the previously selected
features allows to increase the performances of the model.
More precisely, the procedure usually begins with the empty
set of features. The first selected feature is then the one which
individually maximizes the performances of the model. The
second step consists in finding the feature from the feature
set which leads to the best increase in performance when
combined to the previously selected feature. The procedure
continues, but from the third step, a backward step is added
to possibly remove a feature if this makes the model perform
better. The algorithm is ended when no feature can increase
the performance anymore or when a fixed number of features
have been reached.

Although this incremental search is not guaranteed to
converge to the selection of the optimal subset of features,
it has been proven to be very efficient in practice and reduces
the required number of models to train from 2P−1 to O(P)
[19]. Since the training of the weighted LDA model does
not require the estimation of any hyperparameter and has
a closed-form solution, it only takes a few seconds on a
modern computer. Hence, a wrapper algorithm based on a
forward search strategy can be used for the weighted LDA
classifier. Wrapper approaches, when affordable, are indeed
preferred to filter approaches because they are expected to
produce better results since they are designed for a specific
model.

On the other hand, when it is not affordable to train tens
or hundreds of prediction models, feature selection should
rather be achieved by filter methods. Filter approaches are
based on a criterion independent of the performances of
the model (see, e.g., [20, 21]). Those methods are thus
much faster than wrapper procedures and are well suited
in conjunction with more sophisticated (i.e., nonlinear)
models. For example, if the one-against-one approach is
used for the multiclass weighted SVM classifier, P(P − 1)/2
models must be trained for one choice of features, and each
model itself requires the tuning of two hyperparameters by
leave-one-patient-out cross-validation. To give an idea of the
running time, a wrapper forward selection strategy for the
weighted SVM model would run in the order of several weeks
on a modern computer. Clearly, in such situations, a filter
strategy should thus rather be considered.

Since MI is able to detect relationships between random
variables and is naturally suitable for multiclass problems, it
is a powerful criterion for filter procedures [22, 23]. However,
MI can detect nonlinear relationships, and a linear classifier
using the given features could possibly fail in grasping
the required nonlinear discriminative information. For this
reason, only the weighted SVM model with a nonlinear
kernel should be tested on the variables selected by the MI
ranking procedure. As far as the running time is considered,
it only takes a few seconds on a modern computer to estimate
the MI value between hundreds of features and the class
labels using histograms.

Eventually, is it also worth mentioning that only the
computational cost of the feature selection strategy and of
the training of the model is to be taken into account, since
the computational cost of testing can be achieved in real time
for both models.

5. Methodology

Previous work on interpatient heart beat classification uses
features extracted from the heart beat signal using either a
priori knowledge or by comparing several combinations of
feature sets. There is thus a lack of assessment of the relevance
of individual features. In this work, two feature selection
techniques are investigated to select the individual features
serving the classification task. A large number of features
are considered and compared on a fair basis. This section
introduces the methodology followed in our experiments.

5.1. ECG Data. The standard MIT-BIH arrhythmia database
[24] is used in the experiments. It contains 48 half-hour-long
ambulatory recordings obtained from 48 patients, for a total
of approximatively 110.000 heart beats manually labeled into
15 distinct beat types. According to the AAMI standards, the
four recordings including paced beats are rejected for a total
of 44 experimental recordings [5].

For each recording, two signals from two distinct leads
are available. The sampled ECG signals are first filtered
using the same filtering procedure as in [1, 4, 8] to remove
unwanted artifacts such as baseline wanderings due to
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respiration, power line interference, and other highfrequency
artifacts.

The 44 available recordings are divided in two indepen-
dent datasets of 22 recordings each with approximatively
the same ratio of heart beats classes [4]. The first dataset is
the training set and is used to build the model. The second
dataset is the test set and is used to obtain an independent
measure of the performances of the classifier.

The R spike annotations provided with the database are
used as a marker to separate and identify the beats. The MIT-
BIH heart beat-labeled types are then grouped according
to the AAMI recommendations into four more clinically
relevant heart beat classes (see Table 1 for grouping details).
Table 2 shows the number of beats in each class and their
frequencies in the two datasets.

5.2. Feature Extraction. The popular feature groups previ-
ously proposed for heart beat classification are extracted
from the heart beat time series: R-R intervals (used in
almost all previous works), segmentation intervals [4, 25],
morphological features [4, 26], Hermite basis function
expansion coefficients (HBF) [8, 27, 28], and higher-order
statistics [8, 29]. The following of this section describes the
features included in each of the groups.

(1) Segmentation intervals (24 features): the ECG char-
acteristic points, corresponding to the onset and
offset of P, QRS, and T waves, are annotated using
the standard ecgpuwave (see http://www.physion-
et.org/physiotools/software-index.shtml) segmenta-
tion software provided with the MIT-BIH arrhythmia
database. A large variety of 24 features are then
computed from the annotated characteristic waves:

(a) QRS wave: flag, area, maximum, minimum,
positive area, negative area, standard deviation,
skewness, kurtosis, length, QR length, and RS
length;

(b) P wave: flag, area, maximum, minimum, and
length;

(c) T wave: flag, area, maximum, minimum,
length, QT length, and ST length.

When the characteristic points needed to compute
a feature failed to be detected in the heart beat
annotation step, it has been chosen in this work to set
the feature value to the patient’s mean feature value
rather than discarding the beat. Note that only a very
small portion of the beats failed to be annotated (e.g.,
the Q and S points of the QRS complex failed to be
detected in only 0.60% of the beats).

(2) R-R intervals (8 features): this group consists of four
features built from the original R spike annotations
provided with the MIT-BIH database: the previous
R-R interval, the next R-R interval, the average R-R
interval in a window of 10 surrounding R spikes, and
the signal mean R-R interval. The same four features
are also computed using the R spikes detected by the
annotation algorithm.

(3) Morphological features (19 features): ten features are
derived by uniformly sampling the ECG amplitude
in a window defined by the onset and offset of the
QRS complex, and nine other features in a window
defined by the QRS offset and the T-wave offset.
As the ECG signals were already sampled, linear
interpolation was used to estimate the intermediate
values of the ECG amplitude. Here again, when the
onset or offset points needed to compute a feature
were not detected, the feature value is set to the
patient’s mean feature value.

(4) HBF coefficients (20 features): the parameters for
computing the HBF expansion coefficients as defined
in [8] are used. The order of the Hermite polynomial
is set to 20, and the width parameter σ is estimated so
as to minimize the reconstruction error for each beat.

(5) Higher-order statistics (30 features): the 2nd, 3rd,
and 4th order cumulant functions are computed.
The parameters as defined in [28] are used; the
lag parameters range from −250 msec to 250 msec
centered on the R spike, and 10 equally spaced sample
points of each cumulant function are used as features,
for a total of 30 features.

(6) Normalized R-R intervals (6 features): these features
correspond to the same features as in the R-R
interval group except that they are normalized by
their mean value for each patient. These features are
thus independent from the mean normal behavior
of the heart of patients, which can naturally be very
different between individuals, possibly misleading
the classifier.

(7) Normalized segmentation intervals (21 features): this
group contains the same features as in the segmen-
tation group, except that they are normalized by
their mean value for each patient. The normalization
is obviously not applied to boolean segmentation
features. Here again, the objective is to make each
feature independent from the mean behavior of the
heart of a patient, because it can naturally be very
different between individuals.

Several studies have shown that using the information
from both leads can increase the classification performances
[4, 6]; all features are therefore computed independently
on both leads (except the four R-R intervals and the three
normalized reference R-R intervals computed from original
annotations which are common to both leads), for a total of
249 individual features.

6. Experiments and Results

For the reasons detailed in Section 4, two distinct approaches
to the feature selection problem are followed, depending
on the complexity of the classification model employed, a
wrapper procedure with the weighted LDA model using a
forward-backward search strategy and a ranking procedure
with the weighted SVM model using the MI criterion.
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Table 1: Grouping of the MIT-BIH-labeled heart beat types according to the AAMI standards.

Normal beats (N) Supraventricular ectopic
beats (S)

Ventricular ectopic beats (V) Fusion beats (F)

Normal beats Atrial premature beat
Premature ventricular
contraction

Fusion of ventricular and
normal beats

Left bundle branch block beats Aberrated atrial premature
beat

Ventricular escape beats

Right bundle branch block beats Nodal (junctional)
premature beats

Atrial escape beats Supraventricular premature
beats

Nodal (junctional) escape beats

Table 2: Distribution of heart beat classes in the two independent datasets.

N S V F Total

Training 45809 942 3784 413 50948

89.91% 1.85% 7.43% 0.81% 100%

Test 44099 1836 3219 388 49542

89.01% 3.71% 6.50% 0.78% 100%

Table 3: Top 10 features as ranked by the MI criterion. Ref. stands
for the reference annotations provided with the MIT database.

Pos. Description Lead

1 Previous R-R (normalized) Ref.

2 T wave amplitude (normalized) 1

3 2nd-order statistic at −40 msec 1

4 2nd-order statistic at +40 msec 1

5 2nd-order statistic at −166 msec 1

6 2nd-order statistic at 166 msec 1

7 T wave interpolation at 50% 1

8 Previous R-R Ref.

9 Next R-R (normalized) Ref.

10 T wave interpolation at 60% 1

As in heart beat classification problems around 90% of
data points correspond to normal beats, a trivial model
always predicting the normal class would reach an accuracy
of 90%. The accuracy itself is thus not well suited for
this problem and the balanced classification rate (BCR),
defined as the geometric mean of class accuracies, is rather
considered in this work [1]. In the above example, a BCR
of only 25% would be obtained, which better reflects that
only one class out of the four classes was correctly classified.
According to preliminary experiments and expert opinions,
the maximum number of allowed features is arbitrarily set to
10. For both models, the weights are set to the same values as
in [4]: the inverse of the class priors.

The forward-backward selection is performed on the
training set and the BCR obtained at each step on both the
test set and the training set is shown in Figure 1. Although
a BCR of more than 80% can be reached on the training set,
the best performance achieved on the test set is a BCR of 73%
with only two features. These two features are the normalized
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Figure 1: BCR obtained with the LDA and a forward wrapper
feature selection procedure.

value of the previous R-R interval and the high-order statistic
of order one with a delay of −166 msec. Nevertheless, if
the number of features was selected by taking the maximal
results obtained on the training set, a BCR below 70% would
be obtained on the test. Hence, the wrapper algorithm seems
to overfit the training data and to generalize quite poorly.

As far as the weighted SVM model is considered, the one-
against-one approach is used for multiclass classification,
and the polynomial kernel is used to allow nonlinear
predictions. The optimal degree of the polynomial kernel
(between one and four) and the optimal value of the
regularization parameter (between 10−5 and 105) are chosen
using a leave-one-patient-out cross-validation procedure
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Table 4: Classification performances of the two feature selection methods compared to previously reported feature choices.

Model Feature selection Features BCR N S V F

wLDA [4] 50 73.83% 88.63% 44.66% 80.58% 81.44%

wLDA Wrapper wLDA 2 73.00% 81.88% 70.53% 70.77% 68.81%

wSVM Ranking MI 6 82.99% 75.88% 82.63% 85.06% 88.40%

wSVM [1] 36 71.55% 77.54% 42.86% 79.19% 86.60%
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Figure 2: MI of the ten most informative features with the class
labels.

on the training set. The MI value between each feature
and the class labels is computed using a histogram-based
estimator [14] on the training set to score the features.
Following recommendations by [14], the number of bins in
the histogram was heuristically chosen as the square root of
N .

Table 3 holds the top 10 features, as ranked by the MI
criterion. As it can be observed from the table, the important
features seem to be R-R intervals, the amplitude and length
of the T wave, and 2nd-order statistics (the autocorrelation
function). The top 2 features are from patient-normalized
feature sets. This is in accordance with the selection of the
forward-backward algorithm with the LDA classifier since
the two selected features are the first and fifth best ranked
features. These findings are also in accordance with previous
work such as [1], where the best performances were obtained
using R-R, normalized R-R and HOS feature sets, and the
second best performances with normalized interval features.

These results validate the relevance of the normalization
of the features. On the other hand, several popular feature
sets do not seem to serve the classification performances.
No features were indeed selected by the models from the
HBF coefficients, the 3rd- and 4th- order statistics, and the
unnormalized segmentation intervals. Furthermore, it does
not seem necessary to extract features on both leads since
only features from the original annotations and from the first
lead are selected.

It is important to note that unlike the correlation, the
MI is not bounded, and the choice of the significantly
informative features is not straightforward [15]. For this rea-
son, and in order to keep the computational time reasonable,

the number of features is chosen by looking at the sorted
MI values for the 10 most informative features as shown in
Figure 2. It can be observed in Figure 2 that a number of six
features seem to be a reasonable choice.

Table 4 summarizes the performances achieved by the
two feature selection approaches together with the perfor-
mances obtained with previously reported feature choices for
the same models. The classification accuracy for each class is
presented, together with the BCR.

The results in Table 4 show that performing feature
selection is of great importance, since the weighted SVM
with only 6 features significantly outperforms all other
classification procedures with up to 50 features. In particular,
the accuracy for the S class is improved by almost 40%. This
can be explained by the selection of more relevant features
and by the fact that features can be chosen individually and
not only at a group level. As far as LDA classification is
concerned, an improvement of less than 1% of BCR can be
achieved by using 50 features instead of only the 2 features
selected by the wrapper method.

It is important to note that the performances reported
in Table 4 are different to the ones published in [4] and in
[1]. This can be explained by differences in methodologies.
In [4], the authors made a tremendous work by manually
correcting all the R spike annotations. Since the R-R features
are clearly one of the most important features, this may
explain the differences in performances. However, manually
annotating all the signal is a time-consuming process which
is not affordable in practice when thousands of beats have
to be evaluated. The difference in performance with [1]
can be explained by the fact that the authors select the
hyperparameters of the SVM by measuring the performances
directly on the test set rather than by using a cross-validation
procedure on the training set which is a less advantageous
but more realistic situation.

Eventually, it is important to note that in [7], the authors
also report an increase in performance compared to [4].
However, the fusion class is merged with the V class in
their experiments. Since the F class is the most unbalanced
class, the classification process is then less impacted by the
unbalance and likely to yield higher results. Nevertheless,
when looking at the class accuracies reported in that study
for the pathological classes S (77%) and V (81%) that are
common to this work, our algorithm also performs better.

7. Conclusion

The selection of discriminative features is known to be
of great importance to help interpreting models and to
increase the performances by removing spurious features.
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In this work, a large number of features proposed in the
literature are extracted from the heart beat time series, and
their relevance is evaluated on a common ground. For this
purpose, two feature selection strategies are evaluated on
real ambulatory recordings. The first one is an incremental
wrapper procedure, and the second one is a filter approach.

The wrapper method is used with the weighted LDA
model using a forward-backward search strategy. Results
show that the best performances on the test set are obtained
with only two features. These results are similar in terms of
BCR to the performances of the same model using previously
reported feature selection, were up to 50 features where
required to attain the same performances.

The ranking approach is used in conjunction with the
weighted SVM classifier and the MI criterion to score
the features. Six features are empirically selected from the
ranking procedure. Results with the weighted SVM classifier
using only these 6 features are higher than previously
reported interpatient algorithms.

These results show that a very small number of features
are actually necessary to yield high performances and that
several popular feature sets do not seem to serve the
classification process. In particular, the most important
features appear to be R-R intervals, the amplitude and
length of the T wave, and 2nd-order statistics. Results also
show that the mutual information criterion is a powerful
tool for feature selection. In particular, it can be used in
conjunction with models having a computational complexity
which makes the wrapper procedure intractable in practice.
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The main goal of this paper is to give the basis for creating a computer-based clinical decision support (CDS) system for
laryngopathies. One of approaches which can be used in the proposed CDS is based on the speech signal analysis using recurrent
neural networks (RNNs). RNNs can be used for pattern recognition in time series data due to their ability of memorizing some
information from the past. The Elman networks (ENs) are a classical representative of RNNs. To improve learning ability of ENs,
we may modify and combine them with another kind of RNNs, namely, with the Jordan networks. The modified Elman-Jordan
networks (EJNs) manifest a faster and more exact achievement of the target pattern. Validation experiments were carried out on
speech signals of patients from the control group and with two kinds of laryngopathies.

1. Introduction

Computer-based clinical decision support (CDS) is defined
as the use of a computer to bring relevant knowledge
to bear on the health care and well-being of a patient
[1]. Our research concerns with designing methods for
CDS in a noninvasive diagnosis of selected larynx diseases.
Two diseases are taken into consideration: Reinke’s edema
(RE) and laryngeal polyp (LP). In general, the diagnosis
is based on an intelligent analysis of selected parameters
of a patient’s speech signal (phonation). The proposed
approach is noninvasive. Comparing it to direct methods
shows that it has several advantages. It is convenient for
the patient because a measurement instrument (in this case,
a microphone) is located outside the voice organ. This
enables free articulation. Moreover, different physiological
and psychological patient factors impede making a diagnosis
using direct methods. From the clinical point of view, an
early diagnosis enables taking an effective treatment without
surgical procedures. The problem of larynx diseases has
become an increasingly serious health problem in different
occupational groups.

The majority of methods proposed to date are based only
on the statistical analysis of the speech spectrum (e.g., [2]) as
well as the wavelet analysis. An application of such methods
does not always adjudicate the patient classification in a
unique way. Our plan is to propose a hybrid approach, which
is additionally based on a signal analysis in the time domain.
Preliminary observations of signal samples for patients from
a control group and patients with a confirmed pathology
clearly indicate deformations of standard articulation in
precise time intervals. In the paper, we propose an approach
to the signal analysis in the time domain using recurrent
neural networks (RNNs), especially, the Elman and Jordan
networks [3, 4] also known as “simple recurrent networks.”

Our research concerns designing effective methods for
computer support of a noninvasive diagnosis of selected
larynx diseases. There exist various approaches to analysis of
biomedical signals (cf. [5]). In general, we can distinguish
three groups of methods according to a domain of the
signal analysis: analysis in a time domain, analysis in a
frequency domain (spectrum analysis), and analysis in a
time-frequency domain (e.g., wavelet analysis). Therefore, in
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our research, we are going to build a specialized computer
tool for supporting diagnosis of laryngopathies based on a
hybrid approach. One part of this tool, playing an important
role in a preliminary stage, will be based on the patients’
speech signal analysis in the time domain. Hybridization
means that a decision support system will have a hierarchical
structure based on multiple classifiers working on signals in
time and frequency domains.

A series of papers published earlier (see [2, 6–8]) has
presented approaches leading to the approach shown in this
paper. In this approach, designing the way of recognition
of temporal patterns and their replications becomes the key
element. It enables detecting all nonnatural disturbances
in articulation of selected phonemes. For the time domain
analysis, we propose to use neural networks with the
capability of extracting the phoneme articulation pattern
for a given patient (articulation is an individual patient
feature) and the capability of assessment of its replication in
the whole examined signal. Preliminary observations show
that significant replication disturbances in time appear for
patients with the clinical diagnosis of disease.

The capabilities mentioned are possessed by recurrent
neural networks. One class of them are the Elman neural net-
works (ENs) [3]. In real-time decision making, an important
thing is to speed up a learning process for neural networks.
Moreover, accuracy of learning of signal patterns plays an
important role. Therefore, in this paper, we propose some
improvement of learning ability of ENs by combining them
with another kind of RNNs, namely, the Jordan networks
[4], and by providing some additional modification. A new
resulting kind of RNNs is called the modified Elman-Jordan
networks (EJNs).

The remaining part of the paper is organized as follows.
After the introduction, we shortly describe the medical back-
ground related to larynx diseases (Section 2). In Section 3,
we indicate basic problems in examination of a speech
organ function for medical diagnosis. Section 4 describes a
structure and features of the modified Elman-Jordan neural
network used for supporting diagnosis of laryngopathies. In
Section 5, we present results obtained by experiments done
on real-life data. Some conclusions and final remarks are
given in Section 6.

2. Medical Background

A model of speech generation is based on the “source–
filter” combination. The source is larynx stimulation, that is,
passive vibration of the vocal folds as a result of an increased
subglottis pressure. Such a phenomenon of making speech
sonorous in the glottis space is called phonation. The filter
is the remaining articulators of the speech canal creating
resonance spaces. A signal of larynx stimulation is shaped
and modulated in these spaces. A final product of this process
is called speech.

Pathological changes appearing in the glottis space entail
a bigger or smaller impairment of the phonation functions of
the larynx. The subject matter of presented research concerns
with diseases, which appear on the vocal folds, that is, they
have a direct influence on phonation [9].

We are interested in two diseases: Reinke’s edema
(Oedema Reinke) and laryngeal polyp (Polypus laryngis).

2.1. Reinke’s Edema. Reinke’s edema appears often bilaterally
and usually asymmetrically on the vocal folds. It is created
by transudation in a slotted epithelial space of folds devoid
of lymphatic vessels and glands, called the Reinke’s space. In
the pathogenesis of disease, a big role is played by irritation
of the laryngeal mucosa by different factors like smoking,
excessive vocal effort, inhalatory toxins, or allergens. The
main symptoms are the following: hoarseness resulting from
disturbance of vocal fold vibration or, in the case of large
edemas, inspiratory dyspnea. In the case of Reinke’s edemas,
conservative therapy is not applied. They are microsurgically
removed by decortication with saving the vocal muscle.

2.2. Laryngeal Polyp. Laryngeal polyp is a benign tumor
arising as a result of gentle hyperplasia of fibrous tissue in
mucous membrane of the vocal folds. In the pathogenesis,
a big role is played by factors causing chronic larynx
inflammation and irritation of the mucous membranes of
the vocal folds: smoking, excessive vocal effort, reflux, and
so forth. The main symptoms are the following: hoarseness,
aphonia, cough, and tickling in the larynx. In the case of very
big polyps, dyspnea may appear. However, not-big polyps
may be confused with vocal tumors especially when there
is a factor of the load of the patient voice. The polyp may
be pedunculated or may be placed on the wide base. If it is
necessary, polyps are microsurgically removed with saving a
free edge of vocal fold and vocal muscle.

3. Basic Problems in Assessment of Voice

The research proves that a subjective assessment of voice is
always reflected in the basic acoustic parameters of a speech
signal. Sound parameters correlated with the anatomical
structure and functional features of the voice organ are a
subject of interest for researchers. However, the diversity
of anatomical forms, inborn phonation habits, and the
diversity of an exploratory material cause that researches
are performed on different grounds. The voice generation
is conditioned by a lot of factors, which give that voice
an individual, peculiar character. However, the analysis of
individual features of a speech signal in an appropriate group
of people, suitably numerous, shows some convergence to
values of tested parameters. This enables differentiation of
changes of characteristics of the source (larynx stimulation)
caused by different pathologies. Since a colloquial speech is
a stochastic process, an exploratory material is often made
up of vowels uttered separately with extended articulation.
Together with the lack of intonation, it enables eliminating
phonation habits.

We can distinguish two types of the acoustic mea-
surement methods: objective and subjective. Both of them
belong to indirect exploratory methods. Comparing them
to direct methods (e.g., computer roentgenography, stro-
boscopy, bioelectrical systems) shows that they have several
advantages. They are convenient for a patient because a
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Figure 1: A structure of the trained Elman neural network.

measurement instrument (in this case, a microphone) is
located outside the voice organ. This enables free articula-
tion. The advantage of acoustic methods is the possibility of
automating measurements using a computer technique. It is
also possible to visualize individual parameters of a speech
signal. Subjective auscultatory methods are used, among
others, in laryngology and phoniatrics in case of both correct
or pathological voice emission. Objective methods are based
on physical features of the voice. They become especially
popular, when a computer technique reaches a high extent
of specialization. They enable the objective assessment of
voice and deliver information in case of pathology and
rehabilitation of the voice organ. Examined parameters aid
the doctor’s assessment of the patient’s health state.

In the literature, we may notice that parameters of the
source (larynx stimulation) are often examined, for example,
[10]. However, it is possible to modify an exploratory
method so that it encompasses wider range of the material
analyzed. A crucial role is played by further mathematical
processing of basic acoustic parameters. In this way, we
can take into consideration and examine dynamic changes
during the phonation process resulting from functions of the
speech apparatus as well as from additional acoustic effects
occurring in the whole voice organ.

4. Recurrent Neural Networks in Indicating
Deformations of Articulation

In most cases, neural network topologies can be divided
into two broad categories: feedforward (with no loops and
connections within the same layer) and recurrent (with
possible feedback loops). The Hopfield network, the Elman
network, and the Jordan network are the best known
recurrent networks. In the paper, we are interested in the two
last ones.

In the Elman network (Figure 1) [3], the input layer has
a recurrent connection with the hidden layer. Therefore, at
each time step, the output values of the hidden units are
copied to the input units, which store them and use them
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Figure 2: A structure of the trained Elman-Jordan neural network.

for the next time step. This process allows the network to
memorize some information from the past, in such a way
to detect periodicity of the patterns in a better manner.
Such capability can be exploited in our problem to recognize
temporal patterns in the examined speech signals. The
Jordan networks [4] are similar to the Elman networks. The
context layer is, however, fed from the output layer instead of
the hidden layer. To accelerate a learning (training) process of
the Elman neural network, we propose a modified structure
of the network. We combine the Elman network with the
Jordan network and add another feedback for an output
neuron as it is shown in Figure 2.

The pure Elman network consists of four layers:

(i) an input layer (in our model: the neuron I1),

(ii) a hidden layer (in our model: the neurons H1,
H2, . . . ,H40),

(iii) a context layer (in our model: the neurons C1,
C2, . . . ,C40),

(iv) an output layer (in our model: the neuron O1).

z−1 is a unit delay here.
To improve some learning ability of the pure Elman

networks, we propose to add additional feedbacks in network
structures. Experiments described in Section 5 validate this
endeavor. We create (see Figure 2);

(i) feedback between an output layer and a hidden
layer through the context neuron (in our model: the
neuron C41), such feedback is used in the Jordan
networks,

(ii) feedback for an output layer.

A new network structure will be called the modified Elman-
Jordan network.

The Elman network, according to its structure, can store
an internal state of a network. There can be values of signals
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of a hidden layer in time unit t − 1. Data are stored in the
memory context. Because of storing values of a hidden layer
for t − 1 we can make prediction for the next time unit for
a given input value. In the case of learning neural networks
with different architectures, we can distinguish three ways for
making prediction for x(t + s), where s > 1:

(1) training a network on values x(t), x(t − 1), x(t −
1), . . ..

(2) training a network on each value x(t + i), where 1 ≥
i ≥ s. this way manifests good results for small s;

(3) training a network only on a value x(t + 1), going
iteratively to x(t + s) for any s.

In our case, we have used method (2).
The Jordan network can be classified as one of variants

of the NARMA (Nonlinear Autoregressive Moving Average)
model [11], where a context layer stores an output value
for t − 1. It is assumed that a network with this structure
does not have a memory. It processes only a value taken
previously from the output. In the NARMA model, a context
layer operates as a subtractor for an input value.

If we pass a single value to the network input in a given
time unit t, then the Elman network stores the copies of
values from a hidden layer for t−1 in a context layer. The size
of a hidden layer does not depend on the size of an output
layer. In the case of the Jordan network, an output value for
t − 1 is passed to a context layer. Therefore, the size of this
layer depends on the size of an output layer. If a network
has only one input and one output, then we have only one
neuron in the context layer. In comparison with the Elman
network, the Jordan network learns slower and requires a
bigger structure. Therefore, the pure Jordan network cannot
be used in solving our problem. In the modified Elman-
Jordan network proposed by us, the network has feedbacks
between selected layers. We provide additional information
for the hidden layer. The hidden layer has an access to
an input value, previous values of the hidden layer as
well as an output value. Additional information has a big
impact on modifying weights of the hidden layer. It leads
to shortening a learning process and decreasing a network
structure compared to the classical Elman network.

5. Experiments: Procedure and Results

Articulation is an individual patient feature. Therefore, we
cannot train a neural network on the independent patterns of
phonation of individual vowels. For each patient, a recorded
speech signal is used for both training and testing of a neural
network. The procedure is as follows. We divide the speech
signal of an examined patient into time windows corre-
sponding to phonemes. Next, we select randomly a number
of time windows. This set of selected windows is used for
determining some coefficient characterizing deformations in
the speech signal. This coefficient is constituted by an error
obtained during a testing stage of the neural network. We
propose to use the approach similar to the cross-validation
strategy. One time window is taken for training the neural
network and the remaining ones for testing of the neural

Input: S—a speech signal of a given patient (a vector of
samples), N—a neural network.
Output: EN—an average mean squared error
corresponding to deformations in S.
Wall←Div2Win(S);
Wsel←SelWin(Wall);
for each window w ∈Wsel do

Train(N,w);
for each window w∗ ∈Wsel do

if w∗ /=w then
E[w∗]←MSE(Test(N,w∗));

end
end
E[w]←Avg(E);

end
EN ←Avg(E);
Return EN ;

Algorithm 1: Algorithm for calculating an average mean squared
error corresponding to deformations in a speech signal.

network. The network learns a selected time window. If the
remaining windows are similar to the selected one in terms of
the time patterns, then, for such windows, an error generated
by the network in a testing stage is small. If significant
replication disturbances in time appear for patients with the
larynx disease, then an error generated by the network is
greater. In this case, the time pattern is not preserved in the
whole signal. Therefore, the error generated by the network
reflects nonnatural disturbances in the patient phonation.
Our approach can be expressed formally as it is shown in
Algorithm 1. In the algorithm, we use the following functions
(procedures):

(i) Div2Win (S): dividing the speech signal S into time
windows corresponding to phonemes,

(ii) SelWin (W): selecting randomly a number of time
windows from the whole set W ,

(iii) Train (N ,w): training a neural network N on a given
time window w,

(iv) Test (N ,w): testing a neural network N on a given
time window w,

(v) MSE (E): calculating a mean squared error for the
absolute error vector E:

MSE(E) = 1
n

n∑
i=1

(Ei)
2, (1)

where n is a number of elements in the vector E, Ei =
y(xi) − z(xi) and y(xi) is the obtained output for xi,
whereas z(xi) is the desired output for xi.

(vi) Avg (E): calculating an arithmetic average for the
vector E of errors.

In the experiments, sound samples were analyzed. The
experiments were carried out on two groups of patients [2].
The first group included patients without disturbances of
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Figure 3: The block diagram of the process of the experiment.

phonation—the control group (CG). They were confirmed
by phoniatrist opinion. All patients were nonsmoking, so
they did not have contact with toxic substances which
can have an influence on the physiological state of vocal
folds. The second group included patients of Otolaryngology
Clinic of the Medical University of Lublin in Poland. They
had clinically confirmed dysphonia as a result of Reinke’s
edema (RE) or laryngeal polyp (LP). The information about
diseases was received from patients’ documentations.

Experiments were carried out by a course of breathing
exercises with instruction about a way of articulation. The
task of all examined patients was to utter separately different
Polish vowels with extended articulation as long as possible,
without intonation and each on separate expiration. The
microphone ECM-MS907 (Sony) was used for recording.
Each sound sample was recorded on MiniDisc MZ-R55
(Sony). In MiniDisc, an analog signal is converted into a
digital signal according to the CD (Compact Disc) standard
(16 bits, 44.1 kHz), and next it is transformed by means
of the ATRAC (Adaptive Transform Acoustic Coding for
MiniDisc) system. A data size is reduced in the ratio of 5 to 1.
The compression system is based on separating harmonics
to which a human is most sensitive. Such harmonics are
encoded with high precision. However, the less significant
harmonics are encoded with the higher compression ratio.
The MiniDisc can be used successfully. Effectiveness of such
analysis was confirmed by Winholtz and Titze in 1998 [12].

The block diagram of the process of the experiment is
shown in Figure 3.

Samples are normalized to the interval [0.0, 1.0] before
providing them to the next blocks. Next, the process of a
speech signal analysis is divided into two paths. In the first
path, the original signal (after normalization) is analyzed. In
the second path, the derivative of the original signal (after
normalization) is analyzed. It is well known from calculus
that the derivative provides some additional information
about the differentiated function, in our case, about the rate
of change of the speech signal. This information can be
useful in the classification process. After normalization, and
alternatively differentiation, samples (as double numbers)
are provided consecutively to the neural network inputs.
Each patient can be located in two-dimensional space
according to the average mean squared errors provided by
RNNs for the original signal as well as for its derivative. In
Table 1, we present results of experiments carried out using
the pure Elman network. Next, we give exemplary results
(see Table 2) obtained using the modified Elman-Jordan
network described in Section 4. Both tables include results
for women uttering vowel “A”. We give the average mean

Table 1: Selected results of experiments for women obtained using
the Elman network.

Patient ID Original signal Ddifferentiated signal

EEN nEN EEN nEN

wCG
1 0.0068 389 0.0245 455

wCG
2 2.4523 335 0.0208 650

wCG
3 0.017 501 0.0341 497

wCG
4 0.0109 597 0.01 422

wCG
5 0.0332 662 0.0566 650

wCG
6 0.0178 609 0.0324 656

wCG
7 0.0096 428 0.0202 333

wCG
8 0.0068 318 0.028 575

wCG
9 0.008 490 0.0216 925

wCG
10 0.0084 553 0.05 504

wLP
1 0.172 331 0.1081 564

wLP
2 0.2764 536 0.1936 622

wLP
3 0.0518 566 0.0533 593

wLP
4 0.0268 504 0.0879 498

wLP
5 0.0418 646 0.1726 547

wLP
6 0.2107 444 0.2468 506

wLP
7 0.0921 1040 0.1687 439

wLP
8 0.0364 992 0.1396 758

wLP
9 0.038 541 0.1061 826

wLP
10 0.1461 363 0.2448 711

wRE
1 0.039 360 0.055 487

wRE
2 0.1006 452 0.1 729

wRE
3 0.1021 446 0.1583 608

wRE
4 0.0636 780 0.0804 586

wRE
5 0.1626 446 0.2376 545

wRE
6 0.1953 477 0.1905 500

wRE
7 0.2027 337 0.1661 378

wRE
8 0.1927 457 0.1367 717

wRE
9 0.2908 939 0.2139 865

wRE
10 0.4357 679 0.3795 820

squared error EEN (EEJN ) and the average number nEN (nEJN )
of epochs needed to learn the network weights, respectively.
The superscripts indicate

(i) CG: a woman from the control group,

(ii) LP: a woman with laryngeal polyp,

(iii) RE: a woman with Reinke’s edema,

respectively.
It is easy to see that a combined structure of the Elman

and Jordan neural networks improved a learning capability
of the neural network while a distinction (between normal
and disease states) capability remained at the same level.
Sometimes, the Elman network is not capable to learn a
given pattern with a number of epochs equal to 10000 (see,
e.g., case wCG

2 in Table 1). Observations made by us are very
important for further research, especially in the context of a
created computer tool for diagnosis of larynx diseases.

Patients described in two-dimensional space can be
classified using different data mining and machine learning
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Table 2: Selected results of experiments for women obtained using
the modified Elman-Jordan network.

Patient ID Original signal Ddifferentiated signal

EEN nEN EEN nEN

wCG
1 0.0061 88 0.0228 103

wCG
2 0.0111 92 0.0193 90

wCG
3 0.0178 107 0.0347 117

wCG
4 0.0115 96 0.0086 35

wCG
5 0.0301 146 0.0537 123

wCG
6 0.0166 104 0.0328 76

wCG
7 0.0086 78 0.0201 178

wCG
8 0.0068 108 0.0248 116

wCG
9 0.008 162 0.0204 106

wCG
10 0.0087 119 0.0494 76

wLP
1 0.1677 92 0.1042 204

wLP
2 0.3107 191 0.2108 47

wLP
3 0.0542 96 0.0545 97

wLP
4 0.0258 142 0.0853 144

wLP
5 0.0423 239 0.1716 119

wLP
6 0.2134 71 0.2428 86

wLP
7 0.0877 40 0.1648 109

wLP
8 0.0351 72 0.1362 132

wLP
9 0.037 180 0.105 123

wLP
10 0.1411 160 0.2382 96

wRE
1 0.0395 148 0.0534 117

wRE
2 0.097 99 0.0991 96

wRE
3 0.1053 115 0.1583 117

wRE
4 0.0628 36 0.0784 70

wRE
5 0.1596 133 0.2332 116

wRE
6 0.1951 95 0.1945 90

wRE
7 0.1954 51 0.1669 177

wRE
8 0.191 99 0.1358 120

wRE
9 0.281 106 0.2084 100

wRE
10 0.4366 65 0.3746 77

methods (see, e.g., [13]). We can use for the classification
purpose methods embedded in well-known computer tools,
among others, in

(i) the Rough Set Exploration System (RSES)—a soft-
ware tool featuring a library of methods and a
graphical user interface supporting a variety of rough
set based computations [14];

(ii) WEKA: a collection of machine learning algorithms
for data mining tasks [15].

In the most generic format, medical diagnosis rules are
conditional statements of the form: IF conditions (symp-
toms), THEN decision (diagnosis). The rule expresses the
relationship between symptoms determined on the basis of
examination and diagnosis which should be taken for these
symptoms before the treatment. In our case, symptoms are
determined on the basis of patient’s speech signal analysis
using RNNs. It is easy to see that making a distinction
between laryngeal polyp and Reinke’s edema on the basis

Table 3: The input data to be classified (fragment).

Patient ID a1 a2 d

w 1CG 0.0061 0.0228 no

w 2CG 0.0111 0.0193 no
...

...
...

...

wLP
1 0.1677 0.1042 yes

wLP
2 0.3107 0.2108 yes
...

...
...

...

w 1RE 0.0395 0.0534 yes

w 2RE 0.097 0.0991 yes
...

...
...

...

of the proposed approach is, in fact, impossible. Therefore,
this problem will be considered separately in the future. Now,
each patient can be classified into two categories:

(i) no: patient without laryngopathy,

(ii) yes: patient with laryngopathy.

For the input data to be classified (which are used to learn
or extract relationships between data), we have a tabular
form (see example in Table 3) which is formally called
a decision system (decision table) S = (U ,A,d) in the
Pawlak’s form [16]. U is a set of cases (patients), A is a
set of descriptive attributes, and d is a decision attribute
determining a category. In our case, A = {a1, a2}, where a1

is the attribute corresponding to the average mean squared
error provided by RNNs for the original signal and a2 is the
attribute corresponding to the average mean squared error
provided by RNNs for the differentiated signal. Moreover, d
denotes the existence of laryngopathy.

Values of descriptive attributes (a1 and a2) can be treated
as continuous quantitative data. Building classification rules
for such data can be difficult and/or highly inefficient.
Therefore, for some rule generation algorithms, the so-called
discretization is a necessary preprocessing step [13]. Its over-
all goal is to reduce the number of values by grouping them
into a number of intervals. In many cases, discretization
enables obtaining a higher quality of classification rules.
Some discretization techniques based on rough sets and
Boolean reasoning have been presented in [17]. On the other
hand, some algorithms (especially based on decision trees)
applied for continuous data lead to rules with conditions in
the form of intervals.

In our experiments, we have used, for example, two
different approaches to rule generation:

(i) the direct method: the LEM2 algorithm included,
among others, in the RSES system;

(ii) the decision tree based method: the J4.8 algorithm,
included, among others, in the WEKA system.

The first algorithm is based on a covering approach.
The LEM2 algorithm was proposed by J. Grzymala-Busse
in [18]. Covering-based algorithms produce less rules than
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Figure 4: A decision tree obtained using the J4.8 algorithm.

algorithms based on an explicit reduct calculation. J4.8 is
WEKA’s improved implementation of the C4.5 algorithm.
C4.5 is an algorithm used to generate a decision tree
developed by R. Quinlan [19]. C4.5 builds decision trees
from a set of training data using the concept of information
entropy. The LEM2 algorithm produces (in case of using
the modified Elman-Jordan network) two rules for analyzed
data:

(i) IF a1 ∈ (0.0326,∞), THEN d = yes,

(ii) IF a1 ∈ (−∞, 0.0326) AND a2 ∈ (−∞, 0.0695),
THEN d = no.

For the training set, a classification error is 0%. One case is
not covered by any generated rule.

The similar rules are produced through the J4.8 algo-
rithm. A decision tree obtained using the J4.8 algorithm has
the form shown in Figure 4. The rules read from a decision
tree have the following form (each rule is generated by
making a conjunction of all the tests encountered on the path
from the root to the leaf):

(i) IF a1 ∈ (0.0301,∞), THEN d = yes,

(ii) IF a1 ∈ (−∞, 0.0301] AND a2 ∈ (−∞, 0.0545],
THEN d = no,

(iii) IF a1 ∈ (−∞, 0.0301] AND a2 ∈ (0.0545,∞), THEN
d = yes.

A number in brackets, for each decision tree node, denotes a
number of cases classified into the category assigned to this
node. For the training set, a classification error is 0%.

Exemplary results show that patients described in two-
dimensional (two attributes corresponding to the average
mean squared errors provided by RNNs for the original
signal and the differentiated signal, resp.) space can easily be
discriminated between normal and disease states.

6. Conclusions

The following matters can be noticed on the basis of
experiments described in the paper.

(i) Combining and modifying the structures of two
recurrent neural networks (the Elman network with
the Jordan network) used for assessment of speech
signal deformations for patients with larynx diseases
leads to improving a learning capability of the neural
network, while a distinction (between normal and

disease states) capability remains at the same level.
Such an acceleration is important if a diagnostic
decision should be made in real time.

(ii) The proposed approach based on analysis of speech
signals using recurrent neural networks can be a
preliminary step in making a distinction between
normal and disease states.

We can list the following main problems which will be con-
sidered in the future:

(i) hybridization of classification methods of patients
with laryngopathies, where the approach pre-
sented in this paper constitutes one of elements
(beside frequency based and time-frequency-based
approaches),

(ii) designing methods enabling distinction between
different larynx diseases (e.g., laryngeal polyp and
Reinke’s edema). The approach presented in this
paper does not enable us to make this distinction;

(iii) automation of the process of dividing the speech sig-
nal into time windows corresponding to phonemes
(a single window is limited by peaks). At the current
stage, the windowing method is not automatic. A
part of samples corresponding phonemes is strongly
noised, especially at the beginning and at the end, and
this part cannot be provided to the neural network
input.

The presented results will be helpful for selection of suitable
techniques for a created computer tool supporting diagnosis
of larynx diseases.
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The ECG signal has been shown to contain relevant information for human identification. Even though results validate the
potential of these signals, data acquisition methods and apparatus explored so far compromise user acceptability, requiring the
acquisition of ECG at the chest. In this paper, we propose a finger-based ECG biometric system, that uses signals collected at the
fingers, through a minimally intrusive 1-lead ECG setup recurring to Ag/AgCl electrodes without gel as interface with the skin.
The collected signal is significantly more noisy than the ECG acquired at the chest, motivating the application of feature extraction
and signal processing techniques to the problem. Time domain ECG signal processing is performed, which comprises the usual
steps of filtering, peak detection, heartbeat waveform segmentation, and amplitude normalization, plus an additional step of time
normalization. Through a simple minimum distance criterion between the test patterns and the enrollment database, results have
revealed this to be a promising technique for biometric applications.

1. Introduction

As a biometric trait, electrocardiographic (ECG) signals
have very appealing characteristics as they provide intrinsic
liveliness detection and are strongly correlated to the subjects
arousal level [1]. Therefore, the application of ECG for
biometric purposes has been studied for long, both under
controlled and unrestrained scenarios [2–5]. Recent work
has shown the validity of the ECG signals for human
identification [6–8].

While results enhance the potential of these signals, user
acceptance may be limited by the data acquisition methods
and apparatus. State-of-the-art research has revealed that, for
biometric applications, a 1-lead setup suffices; nonetheless, a
chest-mounted sensor apparatus with pregelled electrodes is
typically used [9, 10]. Given this constraint, work in the field
has begun to focus on ECG acquired at the finger tips.

In [11] a nonmedical data, acquisition setup is explored,
which uses two electrodes connected at the subjects thumb
tips; data acquisitions and performance evaluation were done
for data collected within a group of 50 subjects. The authors
process the collected signals for P-QRS-T segmentation and

align the resulting waves to extract a mean wave. Classi-
fication results are obtained through the use of a distance
metric based on wavelet coefficients, computed by doing a
wavelet representation of the extracted mean waves.

We propose an ECG-based biometric system for human
identification, that recurs to a minimally intrusive 1-lead
setup for signal acquisition at the fingers. Our apparatus
uses Ag/AgCl electrodes without gel as interface with the
skin, further improving its usability. This work relies on time
domain processing of the ECG signal. Due to the inher-
ent heartbeat waveform variability, normalization must be
performed in order to obtain amplitude and time invariant
characteristics applicable for biometric purposes. The typical
steps consist of filtering, peak detection, heartbeat waveform
segmentation, and amplitude normalization; our approach
further improves on prior work by adding an additional step
of time normalization of the features.

The rest of the paper is organized as follows: Section 2
introduces an overview of the system and the proposed
signal acquisition apparatus; Section 3 details the signal
processing; Section 4 shows the experimental evaluation;
finally, Section 5 outlines the main results and conclusions.
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Figure 2: Signal acquisition setup.

2. Data Acquisition

The system architecture is depicted in Figure 1. At the
hardware level, we have the 1-lead ECG sensor setup
connected to the signal acquisition unit, which transmits
the data through a Bluetooth wireless connection to a base
station (PC). At the base station, Matlab was used for data
acquisition, processing, and storage. A specific API, BioM-
Lab, was implemented to interface Matlab with the wireless
acquisition unit, handling the low-level communication and
signal acquisition tasks.

Signal processing and feature extraction blocks imple-
ment the signal analysis algorithms and feature extraction.
Classification is performed using the features provided by
the signal processing stage, and a database is used for data
persistence. Also, a simple set of functions was implemented
to handle the data storage and retrieval from the database.
The database contains the set of features collected from each
user during the enrollment.

2.1. Measurement Apparatus. Advances in biosignal sensors
and data acquisition have led to wireless, wearable, and
unobtrusive technologies for collecting ECG signals [12–
14]. Still, current systems are mostly targeted at wellness
and medical applications, requiring physical contact with
the subjects body at the trunk and/or legs level. Further-
more, conductive paste or pregelled electrodes are generally
required.

We propose a method and apparatus for ECG signal
acquisition, through a single lead setup at the fingers,
recurring to Ag/AgCl electrodes without gel. This setup

intends to bring the usability and acceptability of ECG-based
biometric systems to the level of other biometric traits, in
terms of signal acquisition [15, 16].

Our adjustable sensor mount and measurement appa-
ratus prototype is depicted in Figure 2. The rigid base, in
Figure 2(a), integrates three leads which, due to the under-
lying sensor design, correspond to the ground, positive, and
negative poles. The right hand thumb is used as negative
electrode, and the left hand index finger simultaneously
as the positive and ground electrodes, as illustrated in
Figure 2(b). Figure 2(c) illustrates the usage of the proposed
setup.

The base sensor is an ecgPLUX [17] active ECG triode,
and its specifications are listed in Table 1. The interface with
the skin is done through dry Ag/AgCl electrodes without
the application of any gel or conductive paste. For signal
acquisition and transmission, we used a Bluetooth wireless
bioPLUX [18] research biosignal acquisition unit. Table 2
describes the main specifications of this system.

2.2. Heartbeat Waveform Segmentation. The first step con-
sists of a band pass digital filtering of the signal, in the
[0.5;30] Hz passing band using a FIR filter. These frequencies
retain the necessary information for the proposed task while
eliminating both the baseline wander and high-frequency
noise. Figure 3 shows an example of the signals acquired at
the fingers using the proposed setup, where the existence of
the different complexes can be easily observed.

The QRS detection is performed following an adaptation
of the Englese and Zeelenberg algorithm [19], found to be
one of the more robust for this purpose [20]. The filtered
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Table 1: ecgPLUX sensor specifications.

Gain 1000

Filtering 0.05–30 Hz

CMRR 110 dB

Input impedance >1 MOhm

Table 2: bioPLUX research specifications.

Connectivity Bluetooth class II

Sampling rate 1000 Hz

Channels 8 An. + 1 Dig.

Size 84 × 53 × 18 mm

Weight 86 g

ECG signal is passed through a differentiator (1) and then by
the sequence of filters ((2) and (3))

y0[n] = x[n]≥ x[n− 1], (1)

y1[n] = y0[n]− y0[n− 4], (2)

y2[n] =
4∑
i=0

ci · y1[n− i], where ci = [1, 4, 6, 4, 1]. (3)

Figure 4 depicts the acquired signal, x[n] (in blue),
and the filtered signal, y2[n] (in red). The presence of an
R spike will induce a pronounced negative lobe and two
positive lobes with lower amplitude in y2[n]. The detection
algorithm is based on two thresholds masking the amplitude
of these positive and negative lobes. Instead of using the
ones proposed in [20], we calculated thresholds through
experimental analysis of the data.

The detection of “real” R spikes is concluded by comput-
ing the RR intervals based on neighbor R spike and using
an additional verification based on reference physiological
limits of these intervals [21]. We consider as valid R
peaks, the ones whose neighbor R peaks rhythm is within
the interval [minLatency, maxLatency], where minLatency
corresponds to 150 BPM and maxLatency to 30 BPM.

After computing the R peaks, we continue with the
segmentation of the ECG signal, identifying the Q and S
complexes. For the identification of these complexes we
continue to use y2[n].

Taking as reference the identified R peak, we analyze the
y2[n] signal within its neighborhood, determining the time
instants were it starts to be positive and comes down to
negative again, determining the intervals [iStartQ, iEndQ]
and [iStartS, iEndS]. Within these intervals, we take the
minimum value of x[n] as the Q and S complexes. The final
step for determining the heartbeat waveform is finding the P
and T complexes.

For the P complex, we look for the maximum value
of x[n] in the interval [leftMostIndex, iStartQ], where the
leftMostIndex was determined as the R peak time, subtracted
by the typical PQR latency interval upper bound. For the
determination of the T complex, we follow a similar process,
finding the maximum value of x[n] in the interval [iEndS,
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Figure 3: Sample of an ECG signal collected at the fingers (raw and
filtered).

rightMostIndex], where rightMostIndex was determined as
the R spike time plus the typical RST latency upper bound.

We consider as valid P-QRS-T complexes, sequences of
signals, where (a) P and T peak values are higher than zero
amplitude; (b) the P complex starts at least within 30 ms
before the Q complex.

3. Signal Processing and Feature Extraction

After heartbeat segmentation, we obtained a sequence of
the P-QRS-T complexes. Figure 5 illustrates the remaining
signal processing and feature extraction steps. The rational
behind ECG biometrics is that the heartbeat wave form
is different from subject to subject; nonetheless, heartbeat
cycles vary in length and amplitude. This may occur not only
between subjects but also for the same subject in different
moments of time, a reason for which our approach seeks to
obtain a latency and amplitude invariant set of features. We
proceed with a time and amplitude normalization, rescaling
each segment to the same number of points and amplitude.
Finally, we extract features from the normalized signals.

3.1. Time Normalization. Changes in the heart rate typically
result in the time compression/expansion of the heartbeat
waveform. The normalization of the segmented heartbeat
signal will ensure that the variability of the latencies of each
complex is reduced. Figure 6 illustrates one example of an
acquisition where the subject presented a computed heart
rate varying from 133 to 70 beats per minute (BPM), from
the beginning to the end of the acquisition, showing the
expansion/compression effect on the waveform caused by
different heart rate values.
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Figure 4: Peak detection using an adaptation of the Englese and Zeelenberg algorithm.
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Figure 5: Signal processing and feature extraction block diagram.
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Figure 6: Comparison of heartbeat waveforms at heart rates of 70 (low) and 133 (high) BPM. On the left we depict the raw signals, where,
a wave compression can be noticed for high heart rate. On the right, the time-normalized signals are presented.
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Figure 7: Example of unnormalized and normalized segmented signals.

Usually, the normalization of the segmented signals is
performed decimating the signal in between a fixed window
centered around the R peaks. In this work, we followed a
nonuniform decimation procedure which does not use fixed
time windows, but the ECG signal fiducial points themselves.
This procedure is divided in two parts: decimation of the
interval between the beginning of the P complex until the
R peak; decimation of the interval between the R peak and
the end of the T complex.

The devised algorithm samples these intervals so that
each pattern has the same number of samples regardless of
the expansion/compression of the heartbeat waveforms. The
resulting normalized signals will all have the same number
of samples and the R peak at the same time instant. In this
study, we use 300 samples for each single heartbeat.

3.2. Amplitude Normalization. The ECG signal processing is
only concluded with the amplitude normalization step. We
take the segmented time-normalized signals and normalize
them using as normalization factor the average of the
amplitude of the obtained R peaks. This value normalizes
the intrasubject amplitude difference, reducing differences in
amplitude that can happen during one acquisition.

Figure 7 illustrates an example before and after time and
amplitude normalization, for signals obtained during one
acquisition.

3.3. Feature Extraction. In the literature, there are several
approaches for ECG feature extraction: fiducial [3–5, 8] and
nonfiducial [6, 11]. Fiducial methods use points of interest
within a single heartbeat waveform, such as local maxima
or minima; these points are used as reference to allow
the definition of latency times. Several methods exist that
extract different time and amplitude features, using these
reference points. Nonfiducial techniques aim at extracting
discriminative information from the ECG waveform without
having to localize fiducial points.

In this work, we compute a single mean heartbeat,
averaging all the normalized signals. The features are directly
the amplitudes of this waveform. This approach contrasts
with previous works [6, 8], where the mean wave was
computed for every 10 consecutive segmented heartbeat
waveforms, and were fiducial points where extracted. The
templates were composed by the concatenation of the
features extracted from each mean wave, therefore increasing
the spacial complexity.

Nevertheless, our approach can be considered fiducial,
since the normalized signals are obtained based on a se-
gmentation that depends on the location of the P-QRS-T
complexes.

4. Experimental Results

For the evaluation of the system, we populated a database
with acquisitions from 16 subjects. For each user, we
collected 2 minutes of ECG signals at the fingers using
the proposed apparatus. Classification was performed using
a minimum Euclidean distance criterion between the test
templates and the enrollment templates (1-NN classifier).

The systematic evaluation of the system is based on cross
validation, using 30 runs of enrollment/test sequence for
each user. For the enrolment, we randomly select 30 single
heartbeats, averaging them to form the enrolment template;
for the test, we also select 30 single heartbeats (different from
the previous), averaging them to construct test templates.
Results are computed from the average of the 30 runs.

4.1. Identification. Figure 8, presents the distance matrices
obtained with the proposed methodology between enrol-
ment and test templates. The element i, j of the matrix
represents the distance from the subject i to the subject j,
according to the selected set of features. In the presented
color scheme, blue is attributed to values close to zero,
representing subjects with very similar features, and red is
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Figure 8: Distance matrix between enrolment and test templates.
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Figure 9: Confusion matrix.

attributed to values close to one, representing subjects very
dissimilar.

In the matrix of Figure 8 we see that there are very
few entries with blue color, except in the diagonal, which
represents the distance from the subject to himself. This char-
acteristic is important in order to have a high true positive
rate (TPR). Following a minimum distance criterion between
the test patterns and the enrollment templates, we obtain as
decision the matrix found in Figure 9, corresponding to an
identification accuracy of 94,3%.

4.2. Authentication. In an authentication scenario, an indi-
vidual is accepted if the euclidean distance between the
enrolment template and the test template is inferior to a given
threshold (th). Figure 10 summarizes the performance of
the proposed system in an authentication scenario, showing
the False Acceptance Rate (FAR) versus False Rejection Rate
(FRR) and the ROC curves. The obtained equal error rate
(EER) is 13,0%.

To obtain further improvements on the authentication
performance, we evaluated a user-tuned threshold selection
method. Using this approach, in each test run, the FAR and
FRR are computed per subject, and, from these, the indi-
vidual EER and optimal decision threshold are determined.
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Figure 10: FAR-FRR and ROC curves.

Over all runs, the average EER over all users was improved to
10,1% using this approach.

4.3. Discussion. The obtained results outperform state-of-
the-art results on identifications based on ECG acquired
on fingers. In [11], a classification accuracy of 89% over
a population of 50 subjects during three data-recording
sessions on different days is reported. One of the limitations
of our study is the database size, composed by 16 subjects,
and also by the fact that only one data-recording session
was performed. The testing variability was accomplished
through the use of cross-validation, with random sampling
of enrollment and test heartbeats on each run.

Compared with state-of-the-art results on ECG signals
acquired on chest (lead V2), using the same type of measure-
ment apparatus, 1-lead pregelled electrodes, our results are
slightly worst, as reported classification results reach 100%
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accuracy on identification. Such a difference could be related
to the quality of the acquired signal, as the signal acquired
from the fingers has significantly lower signal-to-noise ratio.
This can be caused by factors as the lower conductance on
the electrode-skin interface, higher sensitivity to external
electromagnetic interference, and different signal processing
methodologies.

Future work will be focused on improving the signal-
to-noise ratio of our signals. Our next steps will target
on improving directly the acquisition apparatus, through
the development of a dedicated sensor with custom spec-
ifications. Moreover additional research will be performed
regarding signal processing of the acquired signal, seeking
further improvements in terms of noise and potential
outliers removal from the segmented heartbeats.

5. Conclusions

This paper describes a methodology and apparatus for
human biometric identification and authentication based on
1-lead ECG signals collected at the fingers. Our goal was to
provide the building blocks for a nonintrusive ECG-based
biometric system.

We have devised a measurement apparatus that only
requires slight contact with the subject hands without the
need of pregelled electrodes or conductive paste, providing
a signal acquisition setup similar to the ones already used by
other, largely accepted, biometric traits.

Experimental evaluation has been performed on a group
of 16 subjects, from which the signals were collected
at the fingers, and promising results were revealed. The
proposed approach allowed us to obtain a 94,3% recognition
rate in subject identification and a 13,0% EER in subject
authentication. By applying a user-tuned threshold selection
method, authentication results were further improved to a
10,1% EER.

Future work will focus on extending the subject base and
experimenting alternative feature analysis and classification
methods, targeting a continuous real-time biometric system.
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We propose a method for retinal image matching that can be used in image matching for person identification or patient
longitudinal study. Vascular invariant features are extracted from the retinal image, and a feature vector is constructed for each of
the vessel segments in the retinal blood vessels. The feature vectors are represented in a tree structure with maintaining the vessel
segments actual hierarchical positions. Using these feature vectors, corresponding images are matched. The method identifies the
same vessel in the corresponding images for comparing the desired feature(s). Initial results are encouraging and demonstrate that
the proposed method is suitable for image matching and patient longitudinal study.

1. Introduction

Recent advancement in retinal imaging enable us to use
images for earlier diagnosis of diseases, image matching in
biometric security application, and information retrieval
purposes. Studies show that changes in the retinal vascular
features such as vessel width, tortuosity, and branching angle
are very important indicators for predicting hypertension
and cardiovascular diseases [1, 2]. In addition, retinal vas-
cular pattern is unique to each individual. Hence, a suitable
approach that can accurately analyze retinal images for both
disease diagnosis and image matching would be a very sig-
nificant contribution in this image modality.

For disease prediction or clinical trial, the most widely
used approach is to take person’s retinal image (Figure 1(a))
within a time interval and compare these images to observe
the change(s) in the vascular features [3, 4]. In various stud-
ies [5, 6], authors have reported the effect of hypertension
treatment on retinal vessel diameter and tortuosity per-
formed on person’s retinal images taken before and after
medication. These studies considered mainly the manual or
semiautomatic methods for image analysis that are very time
consuming and expensive. Furthermore, these studies are
based on analyzing a single feature which is not enough to

observe multiple feature changes. None of these techniques
is able to match the vascular features from two images based
on vessel segments’ hierarchical position, which is very im-
portant for automated patient longitudinal study.

Retinal image matching methods for person identifica-
tion in the main register images after vessel segmentation, or
match bifurcation or branch point in the corresponding ima-
ges [7–9]. In the first approach, retinal blood vessels are used
as the biometric parameter, with a prior registration stage
needed to align the template image and the acquired image.
The second approach segments the blood vessel from the
image and computes the bifurcation/branch and crossover
points (Figure 1(b)).

Vascular bifurcation/branch and crossover points are
defined as follows. Vascular bifurcation split the vessel into
two vessels. A branch is a new vessel formation where a minor
(smaller width) vessel grows or comes out from a major
(wider) vessel. A crossover is a region where two vessels (ma-
jor or minor) cross each other.

Overall, bifurcation/branch and crossover points geom-
etry should provide higher degree in generating unique
pattern for an individual person. At present, retinal vas-
cular bifurcation and branch points are considered as the
same parameter for image matching applications. Classified
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Figure 1: A retinal image showing the blood vessels (a) and a cropped section showing vascular Bifurcation (circle), branch (square) and
crossover (star) points (b).

bifurcation and branch points can add higher degree in the
uniqueness of the retinal vascular pattern. Considering these
issues, we propose an automatic retinal image matching
method, which has high potential for patient longitudinal
study and biometric security application. The method uses
retinal vascular bifurcation, branch, and crossover points as
features to match the images. We utilize the retinal vessel
hierarchical property and construct a binary tree for each
vessel to match images.

A number of vessel tree construction methods are
available in the literature for retinal image [10–12]. However,
none of them represents multiple features for each of the
vessel segments hierarchically. Further, no method classifies
the bifurcation and branch points to match the images
which provides higher degree of uniqueness in the pattern.
Our proposed method is able to match retinal images for
authentication or analyzing multiple feature changes for
disease diagnosis purposes.

The rest of the paper is organized as follows. Section 2
describes the proposed method which includes the vascular
tree model construction, invariant feature extraction, and
tree matching based on the invariant features. Initial results
on the matching method which can be used for patient lon-
gitudinal study are shown in Section 3. Section 4 concludes
the paper with planned future work.

2. Proposed Method

Our proposed image-matching method is based on the tree
representation of the retinal vascular network which is a hier-
archical representation of features of the vessel segments of
blood vessels. In this paper, we mainly focus on the vascular
invariant feature extraction, the feature vector construction,
and the matching algorithm for patient longitudinal study.
We use retinal bifurcation, branch, and crossover points to
construct the feature vector. The vascular invariant features
along with the vessel segments hierarchical position provide

a unique pattern for each of the blood vessels in the retina for
each person.

2.1. The Tree Model. We have applied the method for
developing a tree structure (we call it tree model) of the
retinal vascular network which is based on vessel centerline
(L), width (W) and bifurcation (B2), and branch (B1)
or crossover (C1) point information in the retinal optical
fundus image as represented in Figure 2(a).

We have applied our previously reported methods for
vessel segmentation and centerline detection [13] and bifur-
cation, branch, and crossover points detection [14] in the
tree model. The construction of the tree model begins by
tracking the vessel centerline from the border of the optic
disc (OD) in the retinal image. This corresponds to the root
node in the tree model. Each vessel originating from the optic
disc is then represented by a binary tree and is linked to the
root node in the tree model.

The blood vessel centerlines are fragmented into different
vessel segments based on the bifurcation, branch, and
crossover points. Initially, these landmark points and their
corresponding vessels’ start or end points are computed and
stored [14]. Hence, a vessel segment starts from the optic
disc boundary or a bifurcation or a branch point and ends at
a bifurcation or branch point. We note that a vessel is split
into two in any branch/bifurcation point. We construct a bi-
nary tree for each vessel, where each parent vessel segment
has one or two children vessel segments. Thus, for each vessel
we construct a binary tree which can be a complete or in-
complete binary tree. We compute the position of the vessel
segment and insert them as left and right children node for
each parent.

For each vessel segment, the features, are computed and
inserted into its corresponding node in the tree model. This is
shown in Figure 2 for vessel V1. Vessel segment V1 ·S1 (starts
from S1 and ends at E1) is traced, and its features are inserted
into the corresponding node (node V1 · S1 in Figure 2(b)) in
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Figure 2: A schematic diagram of a retinal image showing two blood vessels (V1 and V2) and the optic disc (a) and the tree model
representing the binary tree for vessel V1 (b).

the tree model. Its daughter vessel segments V1·S2 and V1·S3

are then traced. These vessel segments’ features are inserted
into the tree model as children nodes of V1 ·S1 (Figure 2(b)).
Similarly, vessel segments V1 · S4 and V1 · S5 are inserted
as the children node of V1 · S3. Generally, a vessel segment
appears in two parts at a crossover point (C1 in Figure 2(a)).
Therefore, the crossover point is used to trace the other part
of a vessel segment. For example, as in Figure 2(a), when the
crossover point C1 is encountered, the end point of the vessel
segment V1 · S2 is measured as E2 instead of E′2. The tree
model construction method is shown in Figure 3.

2.2. Invariant Features for Image Matching. For image match-
ing we consider the vascular invariant features that is, the
features invariant to rotation, translation or scaling (where
the scaling is equal in all dimensions). The features are: vessel
segment’s length to width ratio (L/W), bifurcation or
branch point, information on crossover existence in a vessel
segment, crossover location in the vessel segment and acute
angle between the parent and smaller daughter vessel seg-
ments. These invariant features provide a unique pattern for
any individual’s retina. For each vessel segment, these feature
values are inserted into the corresponding node in the tree
model.

2.3. Vascular Feature Extraction. To extract vascular features
we consider vessel centerline image, edge image, and frag-
mented centerline image. The methods for obtaining these
images are described in [15].

Length to Width Ratio (L/W). We implement region growing
algorithm [16] to extract the length of a vessel segment.
Using the optic disc (OD) center and radius, we search a
circular region around the OD, and determine the starting

pixel of a vessel centerline, and traverse through the center
line until we reach its end point.

For each vessel segment, the starting pixel is considered
for initiating the traversal process in the fragmented vessel
centerline image. The traversal algorithm uses the 3×3 neigh-
borhood connectivity check to find the neighboring pixels in
the vessel segment. For this, a mask is applied by considering
the starting pixel of any vessel segment as its center. Once
a neighboring pixel is found, it replaces the previous center
pixel in the mask. Each time a pixel position is considered,
a flag value is assigned to this. Once the traversal process
reaches the vessel segment’s end point, it stops if it belongs
to a bifurcation or a branch. The traversal process also stops
if the vessel segment’s end point is not obtained after a
certain number of iterations. Once the end point is obtained,
the total length of this vessel segment is returned in pixel
number, and average width [15] is computed. These values
are inserted into the corresponding node in the tree model.

Bifurcation or Branch Point. We classify each landmark as
bifurcation or branch point (Bi/Br). The bifurcation, branch
and crossover point classification method is applied by using
the procedure described in [17]. We assign a unique value (1
for bifurcation and 0 for branch) in the feature value for each
of the vessel segment.

Existing Crossover. For each vessel segment, if any crossover
point exists we assign a unique value for the node. We insert
1 for presence and 0 for absence of the crossover point to the
node value.

Crossover Location. For the vessel segment, if there is any
existing crossover point, we assign the positional information
of that crossover. For example, if the actual length is 100
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Figure 3: The flow diagram of the proposed retinal vascular network model (i.e., the tree model).

Table 1: The invariant features for vessel segments in the nodes of
a tree model.

Nodes
Invariant features

L/W Bi/Br Crossover Cross pos. Acute angle

1 88.77 1 0 0 0.877

2 18.27 0 0 0 1.126

3 43.12 0 0 0 0

4 34.27 1 1 0.79 0.788

5 53.42 1 0 0 0.689

pixels and the crossover position is on the 70th pixels from
the starting of the vessel segment, we assign the ratio of its
position to the total segment length, which is 0.7. If there is
no crossover, we assign 0 for this feature value.

Acute Angle between the Parent and Smaller Daughter Vessel.
We find the acute angle between the parent and the smallest
vessel. The parent and smallest (daughter) vessel is classified
by using the width of each of the vessels for any bifurcation
or branch point. The vessel segments for each bifurcation or
branch point are sorted based on their width. Then, the angle
between the centerlines of highest and lowest width vessels’
are computed. Figure 4 shows the vessel segments width and
the corresponding angles.

Once we construct the binary trees for all the vessels, we
normalize the angle and length-to-width ratio.

2.4. Accessing Vascular Features from the Tree Model. We
access the vascular features from the tree model by using the
preorder tree traversal algorithm [18]. To traverse a non-
empty binary tree in preorder, we perform the following
operations recursively at each node. Starting at the root of

Table 2: The distance matrix between the vessels for an image.

Distance between the vessels in node number

Vessel 1 Vessel 2 Vessel 3 Vessel 4 Vessel 5

Vessel 1 0 7 7 7 7

Vessel 2 7 0 7 7 7

Vessel 3 7 7 0 7 7

Vessel 4 7 7 7 0 7

Vessel 5 7 7 7 7 0

a binary tree, we retrieve the values for the current node
(referred to as “visiting” the node) then traverse to the left
child node, and finally traverse to the right child node.

2.5. Feature Vector Construction and Matching. Each binary
tree is traversed, and the invariant feature values are obtained
from each node (Table 1). Following this, for each node (i.e.,
each vessel segment) we construct a feature vector from these
invariant feature values. We note that the invariant features
with their actual hierarchical position in the tree model
enhance the uniqueness of a feature vector. We then compare
the corresponding feature vectors on the tree traversal order
for finding the binary trees (which represent the same vessel)
from the tree models.

For image matching, our goal is to find the corresponding
binary trees in the tree model that represent the same vessel
in the two retinal images. We perform the bitwise compar-
ison of the feature vectors to find the distance between the
corresponding binary trees. For each corresponding feature
vector, if a match is found, we add zero to the final matching
distance and one if there is no match. We note that the
matching distance is the distance between the binary trees
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Table 3: The distance matrix with vessel 1 for different rotating
angles.

Rotation
Distance with vessel 1 in node number

Vessel 1 Vessel 2 Vessel 3 Vessel 4 Vessel 5

0◦ 0 7 7 7 7

5◦ 0 7 7 7 7

10◦ 0 7 7 7 7

15◦ 2 7 7 7 7

20◦ 2 7 7 7 7

25◦ 4 7 7 7 7

30◦ 4 7 7 7 7

(i.e., the vessels) in node number. We obtained the matching
matrix by comparing the corresponding binary trees in the
tree models.

For finding the corresponding binary trees, we consider
the upper two levels’ nodes from each of the binary trees.
This way we are able to obtain sufficient number of feature
vectors for matching to find the corresponding binary trees
from the tree models. This also makes the matching process
faster and reduces computation complexity which is higher
when considering more levels of nodes in the binary trees.
Once a match is obtained, another binary tree is considered
from the respective tree model to find the corresponding
binary tree to the other tree model. This matching process
continues until all the corresponding vessels are obtained.

3. Experimental Results

We match the tree models obtained from the retinal images
of an individual. We trace the corresponding blood vessels to
observe the changes in a particular period of time. We note
that each vessel has a unique pattern on its feature vectors.
Therefore, we are always able to find the corresponding vessel
or binary tree in the tree models. Table 2 shows the distance
of different blood vessels in node number for an image.

To evaluate the performance of our matching method on
the images taken at different conditions (e.g., second image
may be rotated or shifted while capturing), we rotated the
image from ±5◦ to ±30◦. Unfortunately, we do not have the
data on images taken at different times for the same person.
Hence, we rotated the same image and constructed the tree
model for each rotated image and obtained the distance

Table 4: The distance matrix after applying the thresholding with
vessel 1 for different rotating angles.

Rotation
Distance with vessel 1 in node number

Vessel 1 Vessel 2 Vessel 3 Vessel 4 Vessel 5

0◦ 0 7 7 7 7

5◦ 0 7 7 7 7

10◦ 0 7 7 7 7

15◦ 0 7 7 7 7

20◦ 0 7 7 7 7

25◦ 0 7 7 7 7

30◦ 0 7 7 7 7

matrix in node numbers for one vessel with the other vessels.
This is done by comparing the first tree model which is
obtained from the original image with the tree models con-
structed for the images at different rotating angles. Table 3
shows the distance matrix for vessel 1 with the original tree
model and the obtained tree model after rotating the image.

We observe that for smaller rotation angle, there is no
difference on the feature vectors’ attributes. With higher ro-
tation angle, some changes are introduced in feature values
such as vessel length, width, and crossover position. How-
ever, such errors are introduced due to the discretization of
the pixels’ actual position during rotation operation of the
image. To overcome this problem, we consider a threshold
value of ±5% for the length to width ratio and actual
crossover position and received the distance as 0 for the
same vessel, while the distances with other vessels remain
the same. Table 4 shows the distance matrix for vessel 1 after
applying the thresholding technique. Using the tree models,
we also compare the distances between the same vessels in
the images with this technique. Table 5 shows the distance
matrix between the same vessels in the image (from the two
tree models).

From these observations, we can conclude that the
proposed vascular network model may be suitable for com-
paring vascular feature(s) between two images for patient
longitudinal study. Our main focus has been to find the
corresponding vessel, that is, the binary tree from the tree
models. In worst case, if the minimum number of nodes are
not matched from the corresponding binary trees, we can
rely on the best match between the binary trees assuming
that we are matching the tree models for the same person’s
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Table 5: The distance between the same vessel represented by the two different tree models after applying the thresholding.

Distance between

Rotation Vessel 1 Vessel 2 Vessel 3 Vessel 4 Vessel 5

to to to to to

Vessel 1 Vessel 2 Vessel 3 Vessel 4 Vessel 5

0◦ 0 0 0 0 0

5◦ 0 0 0 0 0

10◦ 0 0 0 0 0

15◦ 0 0 0 0 0

20◦ 0 0 0 0 0

25◦ 0 0 0 0 0

30◦ 0 0 0 0 0

Table 6: The distance matrix between the images.

The distance between the images in node number

One Two Three Four Five Six Seven Eight Nine Ten

One 0 31 42 34 47 29 56 48 49 51

Two 31 0 43 35 48 30 57 49 50 52

Three 42 43 0 46 59 41 68 60 61 63

Four 34 35 46 0 51 33 60 52 53 55

Five 47 48 49 51 0 46 73 65 66 68

Six 29 30 41 33 46 0 55 47 48 50

Seven 56 57 68 60 73 55 0 74 75 77

Eight 48 49 60 52 65 47 74 0 67 69

Nine 49 50 61 53 66 48 75 67 0 70

Ten 51 52 63 55 68 50 77 69 70 0

images. We can, therefore, decide about the corresponding
binary trees. To evaluate the robustness of our method for
image matching, we considered 20 images in the STARE
database. For each image, the tree model is constructed, and
then, the nodes are compared to find the distance matrix.
Table 6 shows the distance in node number between the tree
models for ten (randomly selected) images.

4. Conclusions

In this paper, we described a novel approach for retinal image
matching which is highly suitable for patient longitudinal
study. Initial results suggest that the method is very accu-
rate in matching the retinal images and finding the corre-
sponding blood vessels. Based on this method, the medical
practitioners can observe changes on different vascular fea-
tures for each of the vessel segments. Simple modification of
the method can also be suitable for biometric security appli-
cation. At present, we are acquiring multiple images for the
same person to enable a large-scale study and further vali-
dation of the method. We aim to perform two case studies
in biometrics and patient longitudinal study using our pro-
posed retinal image-matching algorithm.
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The purpose of this study is to develop wearable sensor system for gait evaluation using gyroscopes and accelerometers for
application to rehabilitation, healthcare and so on. In this paper, simultaneous measurement of joint angles of lower limbs and
stride length was tested with a prototype of wearable sensor system. The system measured the joint angles using the Kalman filter.
Signals from the sensor attached on the foot were used in the stride length estimation detecting foot movement automatically.
Joint angles of the lower limbs were measured with stable and reasonable accuracy compared to those values measured with
optical motion measurement system with healthy subjects. It was expected that the stride length measurement with the wearable
sensor system would be practical by realizing more stable measurement accuracy. Sensor attachment position was suggested not
to affect significantly measurement of slow and normal speed movements in a test with the rigid body model. Joint angle patterns
measured in 10 m walking with a healthy subject were similar to common patterns. High correlation between joint angles at some
characteristic points and stride velocity were also found adequately. These results suggested that the wireless wearable inertial
sensor system could detect characteristics of gait.

1. Introduction

A motion measurement system has been expected to come
into widespread use for evaluation of motor function in
rehabilitation training. In rehabilitation of motor function,
therapists generally evaluate motor function based on visual
information of the movements, manually measured angles,
and so on. Measurement of time and counting steps during
10 m walking can be an evaluation method of gait function.
On the other hand, a 3D motion measurement system using
cameras, electric goniometers, force plates, and so on has
been commonly used in research work. Rehabilitation with
these measurement systems is expected to be effective im-
proving rehabilitation training, since appropriate instruction
can be realized based on objective and quantitative evalua-
tion. These systems can evaluate movement accurately but
have shortcomings for example, measurement condition is
limited, and the cost of the system is very high.

In recent years, inertial sensors such as accelerometers
and gyroscopes have been used in measurement and analysis
of human movements because of their shrinking in size,
low cost, and easiness for settings, which are suitable for
clinical application. Many studies using inertial sensors have
been performed independently in detecting gait phase [1–3],
measurement of joint angle or segment tilt angle [4–8], and
estimating stride length [9, 10].

This study aimed to realize a simplified wearable gait
analysis system using inertial sensors for rehabilitation of
motor function, daily exercise for healthcare, and so on. For
this purpose, we focused on measurement of lower limb joint
angles and stride length simultaneously during gait.

A significant problem on measurement of joint angles
with gyroscopes is error accumulation in its integral value
caused by offset drift. In order to reduce the offset drift
problem of gyroscope, several methods have been proposed:
automatic resetting and high-pass filtering [4], applying the
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Kalman filter to correct shank inclination [6], and applying
neural network [7]. In this study, considering practical use,
Kalman filter-based joint angle estimation of lower limbs
without calibration, and resetting during measurement were
proposed and tested [11]. Although acceleration signals can
be used for measurement of inclination angle, it is useful
for posture estimation or for slow movement because of
movement acceleration.

Stride length is usually estimated from forward accel-
eration of the foot [9, 10]. In the method, gait events
such as the heel-off and the foot-flat have to be detected
to determine integration period for calculating forward
movement velocity and forward displacement of the foot.
Foot switches or force-sensitive registers are sometimes used
with inertial sensors for more precise estimation. Other
methods of stride length estimation use mathematical model
with joint angle of lower limbs or acceleration of a different
part of the body [12, 13]. In this study, the forward
acceleration of the foot is used to estimate the stride length.
The feasibility of estimating the stride length at each step was
tested in our previous study [14], in which the integration
period was determined by detecting stationary state of the
foot using the accelerometer.

In order to realize practical gait evaluation system, we
developed a prototype of joint angle measurement system for
the lower limbs using wearable wireless inertial sensors [15].
However, a major problem of using the wireless sensors is in
transmission delay in the wireless communications. In this
paper, the developed wireless sensor system was examined
in a preliminary test of simultaneous measurement of joint
angles and stride length. First, measurements of joint angles
and stride length with the developed system were tested com-
paring to those with optical motion measurement system
with healthy subjects. Then, 10 m walking measurements
were performed under different walking speed conditions in
order to discuss validity of measured joint angles and stride
length from the relationship between them with a healthy
subject. Finally, knee joint angle measurement was tested
using a rigid body model, in which variations of joint angle
error between sensor attachment positions were discussed.

2. Outline of Gait Measurement System

2.1. Joint Angle Estimation. A joint angle is calculated as inte-
gral of difference between angular velocities measured from
two gyroscopes, in which the gyroscopes are attached on the
adjacent segments. An example of the calculation method is
shown in Figure 1(a) for knee joint angle measurement. That
is,

θknee =
∫ (

ωthigh − ωshank

)
dt + θ0, (1)

where measured angular velocities of the thigh and the shank
are shown by ωthigh and ωshank; respectively. θ0 shows the
initial joint angle that can be measured with accelerometers.
That is,

θ0 = θthigh0 − θshank0. (2)

ωthigh

ωshank

θknee

(a)

gz

gx

θ

g

(b)

Figure 1: Outline of angle measurement with gyroscopes (a) and
tilt angle measurement with an accelerometer (b).

θthigh0 and θshank0 shows tilt angles of the thigh and the
shank, respectively, which can be measured as inclination
of gravitational acceleration as shown in Figure 1(b). For
example,

θthigh0 = tan−1 gz
gx
. (3)

Figure 2 shows the block diagram of joint angle measure-
ment system using the Kalman filter. θ and θa are joint angles
measured with gyroscopes and accelerometers, respectively.
Initial joint angle in the integration of angular velocity
was determined by the accelerometer. θa is calculated from
difference of inclination angles of gravitational acceleration
of the segments as shown in (3). Outputs of accelerometers
were filtered with Butterworth low-pass filter with cut-
off frequency of 0.5 Hz in order to reduce acceleration
of movement. In the developed system, the Kalman filter

estimates error of the joint angle measured by gyroscopes Δθ̂
from difference between angles obtained by gyroscopes and
those by accelerometers Δy. Then, estimated value of joint

angle θ̂ is calculated.
The state of the system is represented as the error of the

joint angle measured with gyroscopes Δθ and increment of
bias offset for one sampling period Δb. That is, the state
equation is shown by:⎡⎣Δθk+1

Δbk+1

⎤⎦ =
⎡⎣1 Δt

0 1

⎤⎦⎡⎣Δθk
Δbk

⎤⎦ +

⎡⎣w
w

⎤⎦, (4)

where w is the error in measurement with gyroscopes.
Observation equation is given by:

Δyk =
[

1 0
]⎡⎣Δθk

Δbk

⎤⎦ + v, (5)

where v is the error in measurement with accelerometers.
Kalman filter repeats corrections (6) and predictions (7) as
follows: ⎡⎣Δθ̂k

Δb̂k

⎤⎦ =
⎡⎣Δθ̂−k
Δb̂−k

⎤⎦ +

⎡⎣K1

K2

⎤⎦(Δyk − Δθ̂−k
)

, (6)
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Figure 2: Block diagram of angle measurement system with the Kalman filter.

⎡⎣Δθ̂−k+1

Δb̂−k+1

⎤⎦ =
⎡⎣1 Δt

0 1

⎤⎦⎡⎣Δθ̂k
Δb̂k

⎤⎦, (7)

where K1 and K2 are the Kalman gain for Δθ and Δb, respec-
tively. The hat upon a character and the superscript minus
represent estimated value and predicted value, respectively.

For initial state, Δθ̂−0 was set at zero, and Δb̂−0 was set at the
value at the last measurement.

2.2. Stride Length Estimation. The stride length is estimated
for each step by the sensor attached on the foot (Figure 3(a)).
Tilt angle of the foot in the sagittal plane, θ(t), is calculated
from gyroscope output:

θ(t) =
∫ t

0
θ̇(τ)dτ + θinit. (8)

Here, initial tilt angle θinit is determined by average value
of 6 samples of the tilt angle obtained by the accelerometer:

θinit = 1
6

5∑
n=0

arcsin

(
ax(n)
g

)
. (9)

The horizontal velocity is calculated under the condition that
the x and z axes are in the sagittal plane:

vh(t) =
∫ t

0
(ax cos θ − az sin θ)dτ + vinit. (10)

Initial value, vinit, was set at zero because the integral of
sensor signal is calculated during foot movement excluding
the stationary state of the foot at the stance phase. In this
paper, the stationary state was detected by the accelerometer.
That is, the beginning of the step is when the sum of
absolute value of acceleration signals of the 3 axes is larger
than 0.15 G for 3 successive samples. The end of the step
is detected when the sum of absolute value of acceleration
signals of the 3 axes is smaller than 0.15 G at 3 samples in
10 successive samples. In addition, the gait phase such as the
heel off, the toe off, the heel contact, and the toe contact
were also checked automatically during the detection [16].
Then, the calculated velocities of the foot were corrected
so as to be 0 m/s at the end of the integral by using linear
approximation. The movement velocities were assumed to be
0 m/s at the beginning and at the end of calculation.
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Figure 3: Attachment of sensors on the foot and velocity in forward
direction. Side view (a) and top view (b).

In the previous calculation, the sensors should be
attached in exact direction of forward movement. For actual
use, misalignment of the sensor axis to the traveling direction
as shown in Figure 3(b) was corrected in calculating the
stride length L using acceleration signal of the y-axis:

L =
√√√√(∫ T

0
vh(τ)dτ

)2

+

(∫ T

0
vy(τ)dτ

)2

. (11)

2.3. Measurement System. The wearable sensor system con-
sists of seven wireless sensors (WAA-006, Wireless Tech-
nologies) and a portable PC (Figure 4). The wireless sensor
includes a 3-axis accelerometer, a 2-axis gyroscope, and a
1-axis gyroscope. The sensors are attached on the feet, the
shanks and the thighs of both legs, and the lumbar region.
Acceleration and angular velocity signals of each sensor are
measured with a sampling frequency of 100 Hz and are
transmitted to the PC via Bluetooth network. On the PC,
ankle, knee and hip joint angles of both legs are calculated
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Sensor

Wireless
communication

Figure 4: Outline of a prototype of wearable sensor system.

and displayed online. The measured data and calculated
angles can be saved on the PC on request. Measurement,
recording, and joint angle calculation were implemented
in LabVIEW (National Instruments). The stride length
measurement method has not been implemented in the
wearable sensor system. In this paper, in order to test the
stride length measurement method with the inertial sensor
system, the stride length was calculated offline using Visual
Basic.

3. Evaluation of Measured Parameters

3.1. Experimental Method. Measurements of hip, knee, and
ankle joint angles and stride length were examined in
short-distance walking with 3 healthy subjects (male, 22-
23 y.o.). The joint angles were also measured in treadmill
walking. The wireless sensors were attached on the shoes with
adhesive tape and on the shanks, thighs, and lumbar region
with stretchable bands. The optical motion measurement
system (OPTOTRAK, Northern Digital Inc.) was used to
measure reference data for evaluating calculated joint angles
and stride length. In order to measure angles between 2
segments, markers for reference data were attached on the
left side as shown in Figure 5. Reference data for joint
angles were calculated from vectors of segments determined
by markers in the sagittal plane. Reference data for the
stride length was calculated by using marker position of
the foot (M8). The sensor signals and maker positions
were measured simultaneously by personal computer with a
sampling frequency of 100 Hz.

First, the subjects walked on short-distance pathway
(about 5.5 m, in which the measurement area was about
3.5 m) at 3 speeds (slow, normal, and fast). The walking
speeds were regulated by the subjects themselves. Then, the
subjects walked on a treadmill for 90 s at speeds of 1 km/h
(slow), 3 km/h (normal), and 5 km/h (fast). Five trials were
performed for each walking speed of both walking condi-
tions. Walking was started with the left-side step in short-
distance walking on the floor. The parameter values of
Kalman filter were set at the values determined in our
previous study [11].

Root mean squared error (RMSE) and correlation coef-
ficient (CC) between measured joint angles and reference
values were shown in Figure 6. Values of RMSE were
decreased and CCs were increased with the Kalman filtering

Sensor

Marker

1

2

3

4

5

6

7

8

θknee

θankle

θhip

M

M

M

M

M

M

M

M

Figure 5: Marker set for measurement of reference data with the
motion measurement system. From the top, M1: the acromion, M2:
along the long axis of the trunk at the same height as the iliospinale
anterius, M3: the great trochanter, M4: the lateral femoral condyle,
M5: the caput fibulae, M6: the lateral malleolus, M7: the metatarsale
fibulare, and M8: on the foot at the same height as the metatarsale
fibulare along the line of shank markers.

method for both measurement conditions. The joint angles
were measured with average RMSE of about 4 deg and 5 deg
for the level floor and the treadmill walkings, respectively.
Average values of the CC were larger than 0.97 for the knee
and the hip joint angles and larger than 0.82 for the ankle
joint angle. The CC for the ankle joint was smaller than
for other joints and showed large variations in both walking
conditions.

3.2. Results. Figure 7 shows evaluation result of stride length
estimation. In each trial, 2∼4 strides were measured with
the optical motion measurement system. In some strides;
however, the end of stride was not detected automatically by
acceleration signals. Strides after the misdetection of a stride
were removed from the analysis. Errors for the 1st stride
of slow walking were larger than other walking conditions.
The errors were less than 10% in average although larger
error occurred in some cases, except for the 1st stride of slow
walking. Reference stride velocity, which was defined by the
reference stride length divided by the detected stride time,
was summarized in Table 1. Although the stride velocity for
the same walking speed condition was different between
subjects, all the subjects performed properly 3 different speed
walkings in the measurement.
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Figure 6: Evaluation results of the joint angle measurement with and without the Kalman Filter (KF) for short-distance and treadmill
walkings. Mean ± SD of RMSE and CC are shown.

4. Measurement in 10 m Walking

4.1. Experimental Method. The developed system was tested
in measurement during 10 m walking with a healthy subject
(male, 23 years old). The wireless sensors were attached on
both legs in the same way as shown in the previous section.
The subject walked 10 m at 3 different speeds (slow, normal,

fast) that were regulated by the subject. Three trials were
performed for each walking speed started with the left-side
step.

4.2. Results. The numbers of steps by both legs were 19,
16, and 12 steps for slow, normal, and fast speeds walking,
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Table 1: Measured reference stride velocity [m/s].

(a) 1st stride

Walking speed condition

Slow Normal Fast

subj. A 0.70± 0.02 0.72± 0.02 0.90± 0.06

subj. B 0.51± 0.11 0.76± 0.09 0.83± 0.05

subj. C 0.73± 0.04 1.02± 0.04 1.20± 0.09

(b) 2nd–4th strides

Walking speed condition

Slow Normal Fast

subj. A 0.86± 0.11 1.31± 0.12 1.55± 0.04

subj. B 0.75± 0.13 1.46± 0.15 1.68± 0.21

subj. C 1.53± 0.09 2.12± 0.35 2.28± 0.11
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Figure 7: Evaluation results of stride length estimation. Means ±
SDs of absolute error are shown for the 1st stride and from the 2nd
strides.

respectively. An example of measured joint angles is shown
in Figure 8. The joint angle patterns were similar to common
patterns. All the strides were detected automatically by
acceleration signals.

In application to rehabilitation or daily exercise, it is
required to show measured data simply to physical therapists,
patients, or users. In this paper, the following ten charac-
teristic points of the joint angles as seen in Figure 8 were
analyzed:

(1) maximum ankle plantar flexion at stance phase,

(2) maximum ankle dorsiflexion at stance phase,

(3) maximum ankle plantar flexion at swing phase,

−30

−20

−10

0

10

20

30

40

50

0 0.5 1 1.5 2 2.5 3

Jo
in

t
an

gl
e

(d
eg

)

time (s)

Ankle

Hip
Knee

(1)

(2)

(3)

(4)
(5)

(6) (7)

(8)

(9)

(10)

Figure 8: An Example of joint angles for two gait cycles. The
numbers on the plots indicate the characteristic points which were
analyzed in this paper.

(4) maximum ankle dorsiflexion at swing phase,

(5) maximum knee extension around heel strike,

(6) knee joint angle at double knee action,

(7) maximum knee extension around mid stance,

(8) maximum knee flexion at swing phase,

(9) maximum hip flexion,

(10) maximum hip extension.

The joint angles at the characteristic points were com-
pared with the estimated stride velocity that was calculated
from the estimated stride length and the time for the stride.
In this analysis, the first and the last strides of the left leg
and the last one of the right leg were removed since they
were different from those in steady-state gait. The joint angles
which showed high correlation with the stride velocity are
shown in Figure 9. Figure 9(f) shows relationship between
the stride velocity and the stride length. The result shows
high correlation between them. In Figure 10, relationships
between the joint angles and the stride length are shown.
As expected from Figure 9(f), there were high correlations
between them.

5. Joint Angle Measurement with
a Rigid Body Model

5.1. Method. The joint angles were measured with stable
and reasonable RMSE values as seen in Figure 6. However,
it is considered that sensor attachment position may affect
measurement error. Therefore, joint angle measurement was
tested with a rigid body model.

A rigid body model of a duplex pendulum was developed
as shown in Figure 11(a) with steel prop body and L-type alu-
minium materials corresponding to the thigh and the shank.
Two joints that mean the hip and the knee joints can be
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Figure 9: Joint angles at characteristic points that have high correlation with estimated stride velocity at each stride. Relationship between
the stride velocity and the stride length is also shown.

moved smoothly in a plane. Three sensors (WAA-006, Wire-
less Technologies) were attached on each L-type material
as shown in Figure 11(b), in which the positions of the
sensors no. 2 and no. 5 represent approximately attach-
ment positions in measurements with subjects. Markers for

the optical motion measurement system (OPTOTRAK,
Northern Digital Inc.) were also attached on the L-type
materials. The sensor signals and the marker positions
were measured simultaneously with a sampling frequency of
100 Hz.
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Figure 10: Joint angles at characteristic points that have high correlation with estimated stride length at each stride.

Considering the results of Figure 9, the knee joint
angle of the rigid body model was measured under the 3
measurement conditions: slow, normal, and fast movements.
As seen in Figures 9(d) and 9(e), the hip joint moved in
the angle range of 35 deg (about 25 deg flexion and 10 deg
extension) for the slowest stride velocity and of 80 deg
(about 50 deg flexion and 30 deg extension) for the fastest

velocity. Therefore, the thigh segment was moved for the
measurements in the angle range of 30 to 40 deg for the slow,
50 to 60 deg for the normal, and 70 to 80 deg for the fast
movement condition. The movement speed was regulated
to be 90 BPM (beat per minute) with the metronome for all
the movement conditions. Five trials were measured for each
movement, in which each trial was 60 s.
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Figure 11: A rigid-body model representing the thigh and the
shank. Attachment positions of the sensors and the markers for the
motion measurement system are also shown. S1–S6 show the sensor
number.

5.2. Results. An example of performed movements is shown
in Figure 12 as measured reference angles. While the thigh
angle range of the movement was about 60 deg (normal-
speed movement), the shank angle changed largely in the
range of about 110 deg because of free movement of the
shank produced by the thigh movement.

RMSE and CC between angles measured with the sensors
and the optical motion measurement system were shown
in Figure 13. The RMSE values varied between movements.
For slow movements, average RMSE values were less than
about 2 deg, and the difference in the RMSEs between the
attachment positions was less than 1 deg. For normal-speed
movements, the RMSEs were less than 3.5 deg, and the
difference was less than 1.5 deg. For these movement speed
conditions, the joint angle was measured with stable small
errors. However, for fast movements, the difference between
the attachment positions was about 3.5 deg because of larger
RMSE values in some attachment positions. In case of using
sensor no. 2 and 5, the RMSE was smaller than about
4 deg for all measurement conditions. Average values of the
CC were between 0.991 and 0.998 for all movement speed
conditions (Figure 13(b)). There was no large difference in
the CC between sensor attachment positions.

6. Discussions

Joint angles were measured with stable accuracy. There was
no large difference in average RMSEs value between joints.
Standard deviations of the RMSE were less than 2 deg. In our
previous study using wired sensors [11], average values of
RMSEs were 3.19± 1.11 deg for ankle joint angle and 2.99±
0.98 deg for knee joint angle in the short-distance walking,

and they were 3.04 ± 0.55 deg and 4.19 ± 0.77 deg in the
treadmill walking. Values of RMSE with the wireless sensor
system were about 1 deg larger than the wired system for
both of the short distance walking and the treadmill walking.
In the case of using wireless sensors, sampling interval was
regulated by the timer in each sensor, while the wired system
measured sensor signals as analogue signals with the motion
measurement system with the same sampling interval as that
of the reference signals. Small difference in the sampling
interval may increase the RMSE and decrease the CC.

A method of applying a neural network realized very
good accuracy on the lower limb joint angle measurement
(mean absolute deviation of 1.69–2.30 deg, CC of 0.93–
0.99) [7]. The method, however, needs the training of the
neural network for individual setting and may not assure the
accuracy in irregular gait. On the other hand, the methods
that did not require any special equipments for calibration
and time-consuming set-up process showed that RMSE was
between 6 and 9 deg, and CC was between 0.88 and 0.93
[4, 8]. The method of this study has aimed for simplified
gait evaluation such as the latter methods. The measurement
accuracy of the lower limb joint angles shown in this paper
is considered to be acceptable although higher accuracy is
preferable.

In the previous work using similar method of stride
length measurement with inertial sensors [9], “mean error”
was 10.1 ± 6.2%. The results in this paper were as follows:
“mean absolute error” was 7.8± 5.5% and “mean error” was
−5.2 ± 8.1%, which were smaller than those in the previous
similar method. In the stride length measurement, 70.5% of
all detected strides had the absolute error less than 10%, in
which the absolute errors for the 1st stride of slow walking
were large. The number of strides that had the absolute error
less than 10% increased to 75.7% of the detected strides
by excluding the 1st stride of slow walking. It is suggested
that the stride length measurement can be practical with the
method of this paper using the wearable wireless sensor by
realizing more stable measurement accuracy. In the stride
length estimation, the x- and z- axes were assumed to be
in the sagittal plane. The integral interval was automatically
detected using signals of acceleration. These are considered
to affect the estimation accuracy. In this paper, the stride
length was analyzed offline because the purpose of this study
was to make clear whether the stride measurement method
was feasible or not with the wireless system. It is necessary
to develop a unified system to measure joint angles, stride
length, stride velocity, and so on for realizing wearable gait
evaluation system.

From the results of measurement with the rigid body
model, attachment position of the sensor is suggested not
to significantly affect measurement accuracy for slow- and
normal-speed movements if the sensors are aligned without
rotation. In application of the developed system to rehabil-
itation, it is considered that the movement speed is not so
high. Therefore, the simple attachment method, in which
attachment positions are not exactly regulated, but they are
aligned roughly in the frontal plane, is expected to be useful.
This simple attachment of sensors is important for clinical
applications. However, there is difference between the rigid
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body model and the human body. Therefore, movement of
sensors caused by muscle or tendon movements, misalign-
ment of sensors, and so on have to be examined in the affect
on estimation accuracy of joint angles and stride length with
more subjects.

As seen in measurement with the rigid-body model,
RMSE value for fast movement was larger than slow- and

normal-speed movements. Figure 14 shows the RMSE for
each movement speed obtained from the measurement with
the healthy subjects. In both measurement conditions, the
RMSE values of joint angles were dependent on walking
speed conditions. However, in the short-distance walking (in
level floor walking), the difference in the RMSE between
walking speeds was less than 2 deg. Although the difference
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was large in the treadmill walking, it is considered that there
was difference in walking pattern between the level floor
walking and the treadmill walking. Variation of measure-
ment accuracy in various movements has to be studied in
more detail.

The measured data in 10 m walking showed that joint
angle patterns were similar to the common pattern and that
there were high correlations between joint angles at some
characteristic points and the stride velocity. The correlations
are seemed to be the same as relationships which are
generally seen in gait of normal subjects. Joint angle changes
as walking speed increased were reported in a previous study
[17]. In the previous report, for fast walking, plantar flexion
of the ankle joint before the toe-off, and hip flexion angle
were increased in order to increase stride length. Knees
flexion angles of both legs were increased for fast walking in
order to reduce impact at the foot contact. These changes
of joint angles were also found in Figures 9 and 10. As
described above, the difference in the RMSE between walking
speeds was less than 2 deg in the level floor walking. The
difference of 2 deg corresponds to the difference less than
10% of the joint angle change as seen in Figures 9 and 10.
Stride length measurement error was less than 10% for most
of strides. Therefore, the developed system is suggested to be
able to detect characteristics of gait. However, improvement
of the measurement accuracy is required, because other
characteristic points are also important for the use in
rehabilitation. For example, maximum ankle dorsiflexion
in the swing phase can be a practical index for evaluating
hemiplegic gait.

7. Conclusions

A prototype of wireless wearable sensor system was evaluated
in simultaneous measurement of joint angles and stride
length. The system could measure joint angles of the lower
limb of healthy subjects with stable and reasonable accuracy.
It was expected that the stride length measurement with the
wearable sensor system would be practical by realizing more
stable measurement accuracy. The measured gait patterns
were similar to the common pattern, and high correlation
between joint angles at characteristic points and stride
velocity were also found adequately with a healthy subject.
Using the rigid-body model, sensor attachment position was
suggested not to affect significantly for slow- and normal-
speed movements. The developed system is suggested to be
able to detect characteristics of gait. A unified system to
measure joint angles, stride length, stride velocity and so
on will be developed, and quantitative evaluation will be
performed with more subjects. Measurement of gait with
motor-disabled patients will also be made in the next step.
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Accelerometers are a popular choice as body-motion sensors: the reason is partly in their capability of extracting information that
is useful for automatically inferring the physical activity in which the human subject is involved, beside their role in feeding
biomechanical parameters estimators. Automatic classification of human physical activities is highly attractive for pervasive
computing systems, whereas contextual awareness may ease the human-machine interaction, and in biomedicine, whereas
wearable sensor systems are proposed for long-term monitoring. This paper is concerned with the machine learning algorithms
needed to perform the classification task. Hidden Markov Model (HMM) classifiers are studied by contrasting them with Gaussian
Mixture Model (GMM) classifiers. HMMs incorporate the statistical information available on movement dynamics into the
classification process, without discarding the time history of previous outcomes as GMMs do. An example of the benefits of
the obtained statistical leverage is illustrated and discussed by analyzing two datasets of accelerometer time series.

1. Introduction

Many technical applications could greatly benefit from the
availability of systems that are capable of automatically
classifying specific physical activities of human beings. In
this paper, either static posture, for example, standing, or
dynamic motion, for example, walking, is included in the
term physical activity. The sort of contextual awareness
coming from this knowledge [1] may help improving the
performance of healthcare monitoring devices or promoting
the development of advanced human-machine interfaces.
In fact, the precise activity performed by the subject helps
defining the context in which further estimation can be
conducted. Consider, for instance, the problem of estimating
the metabolic energy expenditure of a human subject by
indirect methods [2]: these methods are reported to incur
severe estimation errors in the absence of any information
about the particular functional task in which the subject
is actually involved [2, 3]. In robotics, several applications,
notably in rehabilitation engineering, demand some capabil-
ity by the robot controller of recognizing the user’s intent.
In particular, smart walking support systems have been

developed to assist motor-impaired persons and elderly in
their efforts to stand and to walk [4, 5] or to detect gait
instabilities of the user [6, 7] and minimize the risk of fall
[7].

In principle, the wearable sensors needed to elicit the
contextual information would be characterized by low power
consumption, small size and weight, and adequate metrolog-
ical specifications. Microelectromechanical systems (MEMS)
motion sensors appear well matched to these require-
ments [8]. The methods investigated in this paper revolve
around the processing of acceleration signals acquired from
small networks of MEMS accelerometers positioned at few
anatomical points of the human body. The machine learning
algorithms considered in this paper are a useful complement
to the computational methods that are used for pose
estimation and navigation using inertial sensors [9].

A major part of this paper consists of illustrating and
discussing an approach for classification of human physical
activities, which is based on using Hidden Markov Models
(HMMs). In principle, this approach aims at exploiting
the information available on the movement dynamics,
namely, the capability of recognizing activities performed
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at the current time is related to the classification outcomes
provided in the past by the classifier. Accordingly, we
talk about sequential classifiers, which differ from the so-
called single-frame classifiers in the sense that the latter
are interested in single activity primitives, in other words,
elementary activities are studied in isolation from the history
of previously detected activities [9–16].

Nowadays, HMMs find applications in a large number of
recognition problems, including, but not limited to, speech
recognition [17], hand gesture and sign language recognition
[18], and controlling robotic tools by hand gesture [19].
Concerning the human activity recognition, most studies
on the application of HMMs [20, 21] are based on camera
recordings, as shown by Yamato et al. in [22], although few
research reports are now aiming at applications of HMMs
to collect data from wearable sensor systems [23, 24]. These
studies focus on the validation of statistical models of each
considered activity. In a different way, our approach is based
on using lightweight wearable sensors and is oriented to
exploit HMMs at a higher level. In particular, their use can be
oriented towards modeling time relations between elements
of a sequence of activities. Few applications of HMMs are
reported in the literature as for the problem of classifying
human physical activities from inertial sensors, probably
because HMMs are known to be potentially plagued by
severe difficulties of parameter estimation. In this paper we
propose a way of alleviating this difficulty by adopting a
supervised approach to classifier training. This approach
is feasible when the data available in the training set are
annotated.

2. Materials and Methods

2.1. Datasets for Physical Activity Classification. The present
work is partly based on analyzing the dataset of acceleration
waveforms published by Bao and Intille [10]; the dataset,
henceforth referred to as the B&I dataset, was released to
us by the authors. Acceleration data, sampled at 76.25 Hz,
are acquired from five biaxial accelerometers, located at the
hip, wrist, arm, ankle, and thigh. The original protocol is
based on testing 20 subjects, who are requested to perform 20
activities of daily living. These include activities that primar-
ily involve the use of the upper limbs (e.g., brushing teeth,
scrubbing, folding laundry, eating or drinking, and working
on computer), whole-body activities (e.g., stretching, and
vacuuming), and activities that primarily involve the use
of the lower limbs (e.g., walking, climbing stairs, running,
and cycling). In addition, static postures are considered
(e.g., standing still, sitting and relaxing, lying down and
relaxing) together with quasi-static postures (e.g., reading,
watching TV). The B&I dataset include, for each subject,
acceleration time series that are known to correspond to
a specific activity performed by her/him. We refer to any
activity as an activity primitive, to distinguish it from higher-
level activities, namely, motor behaviors that result from
chaining several activity primitives in some temporal order.
Acceleration signals related to higher-level activities are not

available in the B&I dataset, since the research goal in [10] is
exclusively to test single-frame classifiers.

In this paper, we select the seven activities shown in
Figure 1, giving rise to a reduced dataset, henceforth called
seven-activity dataset. We assume that a sequence of activity
primitives, say, an activity at the motor sentence level can be
modeled using a first-order Markov chain, composed of a
finite number Q of states Si (Q = 7). Each state accounts
for an activity primitive, say, an elementary activity at the
motor word level: S1, lying down and relaxing; S2, cycling;
S3, climbing stairs; S4, walking; S5, running; S6, sitting and
relaxing; S7, standing still. The time evolution of a first-
order Markov chain is governed by the vector π of prior
probabilities and the transition probability matrix (TPM) A,
which helps describing human actions at the behavioral level.
The prior probability vector π, with size (1×Q), is composed
of the probabilities πi of each state Si of being the state X at
the initial time t0

πi = Pr(X(t0) = Si), i = 1, . . . ,Q. (1)

The elements ai j of the matrix A, with size (Q × Q), are the
probabilities of transitions from the state Si at time tn to the
state S j occupied at time tn+1

ai j = Pr
(
X(tn) = Sj | X(tn−1) = Si

)
, i, j = 1, . . . ,Q.

(2)

The prior and transition probabilities needed to create
the Observable Markov Model (OMM) (π, A) associated
with the Markov chain can be empirically determined based
on observations of the activity behavior of a subject.

In order to overcome the limitations of the B&I dataset
when applied to model sequential data, we propose the
concept of the virtual experiment. The virtual experiment
is a sort of generative model, which allows to concatenate
activities together and to simulate complex behaviors mainly
for algorithm validation and testing. Simulating a complex
behavior by a single subject in our study (virtual experiment)
requires that each model state may emit data frames that are
randomly sampled (with replacement) from the N frames
available for the given subject and the activity primitive
associated to the emitting state (18 ≤ N ≤ 58). Henceforth,
data frames are referred to as sliding windows with finite
and constant width, whose samples are used to compute the
feature vectors needed by the classification algorithm, see
Section 2.2. for the seven-activity dataset, the data frames
last about 6.7 s (50% overlapping). For each subject, we
perform twenty virtual experiments (S = 20), each of which is
composed of T = 300 data frames. The OMM associated with
each virtual experiment is built using the TPM specification
shown in Table 1.

The procedure of synthesizing virtual experiments in
the manner described above implies the existence of clear-
cut borders between data frames associated to different
primitives, without transients between consecutive data
frames that may be unknown to the classifier. This problem
is usually managed by manual data cropping in creating the
dataset [10]. Of course, real-life data would be more complex
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Table 1: TPM for the virtual experiments simulated in this paper (seven-activity dataset).

S1 S2 S3 S4 S5 S6 S7

S1 0.95 0.20 0.00 0.00 0.00 0.01 0.04

S2 0.00 0.90 0.00 0.04 0.00 0.01 0.05

S3 0.00 0.00 0.62 0.25 0.01 0.02 0.10

S4 0.00 0.01 0.03 0.80 0.02 0.07 0.07

S5 0.00 0.01 0.01 0.35 0.40 0.01 0.22

S6 0.02 0.00 0.00 0.04 0.00 0.85 0.09

S7 0.01 0.03 0.01 0.18 0.03 0.12 0.62

Standing
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climbing

Walking

Running

Sitting

f1
f2

f1
f2

f1f2

f1
f2

f1
f2

f1f2
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Figure 1: Scheme of a sequential classification based on HMMs.

and fuzzy, especially for the postural transitions between
different activities. In the attempt to get a more realistic
picture of the performance achieved by sequential classifier,
data frames from the original dataset not included in the
reduced dataset are randomly interspersed in the tested data
sequences generated by the OMM in proportion 1 : 3. The
resulting garbage is managed by the method of rejection of
spurious data described in Section 2.5.

The virtual experiment approach we propose is to
be considered a useful method for preliminary algorithm
validation and testing. At the time being, the wearable system
ActiNav is making its first steps in our lab for applications
in the field of pedestrian navigation and smart estimation
of biomechanical parameters; therefore, it is a welcome
addition to the tools we have for investigating the Markov
modeling approach to human activity classification.

ActiNav revolves around an ARMadeus Board (APF27).
It is equipped with an ARM9-based Freescale processor,
having 128 MB of RAM, 256 MB of flash memory, and a
200 K-gates Xilinx FPGA. A custom printed circuit board
allows arming the APF27 with a 12-bit Successive Approxi-
mation Register ADC (AD7490, Analog Devices, Inc.). This
converter operates up to 1 MSPS; moreover, since it is
endowed with 16 analog channels, up to five triaxis analog
accelerometers or gyros can be integrated in ActiNav. The
system with the main board (100×84×16 mm) and different
sensors connected is shown in Figure 2.

Figure 2: The ActiNav board is shown with several sensors
connected to its input ports.

For the work described in this paper, a single triaxis
accelerometer (ADXL325, Analog Devices, Inc.) with full-
scale ±5 g (1 g = 9.81 m/s2) is fastened on the right thigh
of seven healthy subjects. Each subject performed twenty
repetitions of the following task: initially, he sat on a chair,
then he stood up, and, after a pause of few seconds, he
began to walk. Each trial lasted about 15 s. Sensor data
are acquired at a sampling frequency of 250 Hz; moreover,
they are manually annotated during acquisition (supervised
approach). Specifically, the experimenter attempts to also
define the time intervals where the transitions between
different activities take place. The data frames are selected to
last 250 ms (50% overlapping). This low-complexity dataset,
henceforth called the sit-stand-walk dataset, allows us to
test the proposed methods on a real sequential dataset that
includes a postural transition and the incipient locomotion
situation.

2.2. Data Processing: Feature Vectors. The automatic classi-
fication of acceleration data requires a preprocessing phase
in which feature variables with high information content are
extracted from the data frames that the measurement chan-
nels of the system make available we have ten measurement
channels in the seven-activity dataset and three measurement
channels in the sit-stand-walk dataset.

Following the indications reported in previous works
[10, 15], the feature variables considered in this paper are:

(i) DC component. This feature—helpful in discrimi-
nating static postures—is evaluated by averaging the
raw samples in each data frame. One feature per
measurement channel is obtained.
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(ii) Energy. This feature—helpful in assessing the activity
strength—is evaluated as the sum of squared spectro-
gram coefficients within each data frame. The first
coefficient that includes information about the DC
component is excluded from the sum. One feature
per measurement channel is obtained.

(iii) Entropy of spectrogram coefficients. This feature is
helpful in discriminating activity primitives that
differ in frequency domain complexity [10]. A
kernel density estimator is applied to spectrogram
coefficients for its determination. One feature per
measurement channel is obtained.

(iv) Correlation coefficients. These features are the ele-
ments of the data covariance matrix; they are com-
puted by applying the dot product to data frames
from pairs of measurement channels, provided that
the data frames are detrended and normalized to the
window size; the correlation coefficients are helpful
in discriminating activities that involve motions of
various body parts. A total of 55 and 6 correlation
coefficients are computed, respectively, for the seven-
activity and the sit-stand-walk datasets.

Before applying the classification algorithm, the feature
vectors are selected in order to reduce the dimensionality of
the problem, which can be critical especially for the seven-
activity dataset, where 85 feature variables are computed (15
for the sit-stand-walk dataset). Feature selection is required
to limit the risk of incurring in severe overfitting [25]. We
use the Pudil’s algorithm—a sequential forward-backward
floating search (SFFS-SFBS) [26]; this algorithm uses the
Euclidean distances between each pair of feature vectors of
the same class in the training set as a criterion for selecting
the most informative feature variables. The criterion for
optimizing the feature set derives from a cross-validation
study based on a k-nearest neighbor classifier (k-NN).
Iteratively, the Pudil’s algorithm modifies the number of
features and repeats the validation process. After that, all
features have been included once at least in the feature set
the feature set of minimal size that maximizes the criterion is
selected. A widely used feature extraction method, that is, the
principal component analysis (PCA), is also applied to feature
vectors [25].

2.3. Single-Frame Classification. Although several single-
frame classifiers can be proposed, we consider here a par-
ticular technique for single-frame classification, namely, the
Gaussian Mixture Model (GMM) classifier. This approach is
reported by Allen et al. [9] to achieve very promising results.
In particular, the authors discuss the high adaptability of the
classifier, a good feature to analyze data from subjects that are
not included in the training set.

Of course, other methods for single-frame classification
of human physical activity can be chosen, and they may also
outperform GMMs [27]. Here, the GMM classifier is selected
as the single-frame classifier of reference, in particular for its
resemblance to the structure of an HMM. As a matter of fact,

the probability density of emissions of each state in an HMM
can be modeled as a Gaussian mixture.

The GMM classifier first performs a parametric estima-
tion of class-conditional probability density functions p(x |
wi), which assign the probabilities of the feature vector x
given its membership to the class wi. In the training phase,
class-conditional probabilities are estimated as Gaussian
mixtures. Each feature vector x is then classified in the class
yielding the highest value of p(x | wi).

2.4. HMM-Based Classification. In modeling sequences of
human activities as first-order Markov chains, we propose
that the prior and transition probabilities that are associated
to the model are empirically determined by observing
the subject behavior. If the TPM and the state at the
current time are known, then the most likely state that
will follow is probabilistically determined. However, each
activity primitive can only be observed through a set of
raw sensor signals (the measured time series from on-body
accelerometers, in the present case). In other terms, the
states are hidden and only a second-level process is actually
observable (emissions). The statistical model including the
pair (π,A) and the emission process is an HMM. We opt
for a continuous emissions approach (continuous emissions
densities HMM, aka cHMM, [17]). The most common
approach to the problem of modeling continuous emissions
is parametric. In particular we consider for the i-th state
Si, namely the class wi, mixtures of M multivariate normal
distributions N(μim, Σim) that are specified by assigning the
mean value vectors μim, the covariance matrices Σim, and the
matrix C of the mixing parameters cim:

p(x | Si) =
M∑

m=1

cimN
(

x | μim,Σim

)
, i = 1, . . . ,Q, (3)

where

M∑
m=1

cim = 1, i = 1, . . . ,Q. (4)

The mixture is used to model the emissions from each state
in the chain. An excellent reference source for HMMs and
algorithms for their learning and testing in a recognition
problem is in [17].

We consider a Q-state cHMM as represented in Figure 1
for the seven-activity dataset, where Q = 7 (sit-stand-
walk dataset: Q = 3). A Gaussian cHMM trained in a d-
dimensional feature space, with Q states and M components
for each mixture, requires the specification of the following
parameters:

(i) π, prior probability vector, 1×Q;

(ii) A, transition probability matrix Q ×Q;

(iii) μ, set of mean value matrices, Q ×M × d;

(iv) Σ, set of covariance matrices, Q ×M × d × d;

(v) C, set of mixing parameters, Q ×M.

One of the main problems with this approach may be
in the high number of parameters to be identified. The
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Figure 3: Block diagram of the developed cHMM-based sequential classifier.

approach to deal with the parameter identification problem
we pursue is to split the training phase into two different
steps: a first-level supervised training phase is followed
by a second-level training phase, which is performed by
running the Baum-Welch algorithm [17]. An inaccurate
initialization of parameters could easily lead to suboptimal
results when using the Baum-Welch algorithm, due to the
presence of many local maxima in the optimization surface
[17]. However, the training sets turn out to be labeled in the
application described in this paper. Therefore, the first level
supervised training becomes the proposed way for achieving
a good initialization of parameters entering the second level
of training.

In order to simplify the estimation process, the parameter
set is divided into two main groups, namely, transition
parameters (π, A) and emission parameters (μ, Σ, C).
This separation allows us to train separately two parameter
sets with reduced size, yielding a relevant reduction of the
overall size of the training set. Since activity labels from
training set examples are assumed to be known, simple
methods of counting event occurrences allow us to estimate
transition parameters [17]. For instance, the probability ai j

of a transition from the i-the state to the j-th state is estimated
as follows:

âi j =
Ni→ j

N
, (5)

where Ni→ j is the number of transitions from the i-th state
to the j-state counted in a training set with size N. Emission
parameters can be estimated by fitting Gaussian mixture
distributions with M components to the feature vectors
emitted by each state, in a similar fashion to the procedure
used to learn GMM classifiers. The training process at the
second level exploits the values of the parameters estimated
during the training process at the first level, as initial values
for running the Baum-Welch algorithm; in our current
implementation, this step helps refining the estimates of the
transition parameters, Figure 3. In the module for spurious
frame rejection, the likelihood L is compared with a suitably
chosen threshold Th. The optimal state sequence traced by
the cHMM is estimated using a standard Viterbi decoder
[17].

A leave-one-out validation study is performed in this
paper for both GMM and cHMM-based classifiers. This
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means that a classifier is trained using data from all subjects
but one, and then it is tested on data from the excluded
subject only. The cross-validation process is repeated a
number of times, each time excluding one different subject
from training. Results are then aggregated from the different
models. This validation approach allows testing the ability
of each classifier to classify correctly new examples that
differ from those used for training (generalization); good
performances in terms of generalization are essential to
prevent the need for individual model calibrations.

2.5. Spurious Data Rejection. The strategy of classification we
adopt allows us to define a criterion for automatic rejection
of spurious feature vectors. If a threshold-based detector is
applied to estimated class-conditional probabilities p(x |
wi), it is possible to reject those feature vectors in the
classification of which is believed to be too uncertain; we
are not forced to introduce additional states, or mixture
components, specifically for unknown data. Remind that, in
a GMM or a cHMM, p(x | wi) refers to the probability of
the feature vector x as the emission of the model state wi.
If, for any feature vector, the probabilities relative to each
state are below a given threshold, the feature vector itself can
be marked as spurious and removed, without affecting the
classifier operation. Low values of p(x | wi) are typical when
unknown activities are hidden in the data presented to the
classifier or when too much uncertainty affects them.

The threshold value is optimized by studying the
specificity-sensitivity curve (ROC curve); averaged across
subjects, it is reported in Figure 4 (seven-activity dataset).
The threshold is chosen when the specificity is slightly greater
than the sensitivity.

3. Results

We empirically determine whether or not rotation and
dimensionality reduction would be jointly pursued when the
PCA is applied to the feature variables surviving the Pudil’s
method. Guided by the results of preliminary testing, we use
the PCA cascaded to the Pudil’s method for pure rotation
in the feature space (seven-activity dataset) and for rotation
and dimensionality reduction (sit-stand-walk dataset). In the
former case, thirteen features—all of them being correlation
coefficients—are retained for further processing. In the case
of the sit-stand-walk dataset, three principal components are
considered (97.8% of variance is retained), after that the
Pudil’s method selected seven out of fifteen feature variables.

The k-NN classification accuracies achieved by the
Pudil’s method are 99.5% and 99.2% (seven-activity and sit-
stand-walk dataset, resp.). It is important to outline that these
values have nothing to do with the classification accuracies
reported in the following for the GMM and the cHMM-
based classifiers. Indeed, the feature selection process is based
on a cross-validation study extended to the whole dataset,
while classifier testing is based on a leave-one-out approach.

The number of Gaussian components of the mixture
is taken M = 1, both in the GMM and the cHMM-
based classifiers. The experimental evidence does not clearly
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Figure 4: ROC curve obtained using different threshold values.

support the assumption that the data distributions are uni-
modal for both datasets; nonetheless, testing up to M = 5
does not provide convincing arguments that the simpler
choice M = 1 would be dismissed. As for the seven-activity
dataset, Tables 2 and 3 clearly show that M = 1 is the
winning choice in most cases. This is probably due to the
higher number of parameters that need to be estimated when
M increases. As for the sit-stand-walk dataset, the results in
Table 4 seem to indicate a preference for values of M greater
than one. However, this is only when the mechanism for
rejecting spurious data is disabled; otherwise, M = 1 is the
winning choice. In the following we only present results in
the case that M = 1.

3.1. The Seven-Activity Dataset. In Table 3, the classification
accuracy, averaged across all tested classifiers, is reported.
The estimated TPM turned out to be practically identical to
the TPM specified in Table 1 to define virtual experiments.
As far as the algorithm for rejection of spurious data is
concerned, the threshold is fixed so as to achieve sensitivity
(Se = 86.1%) and specificity (Sp = 86.7%.) The classification
accuracy in the presence of spurious data and after their
automatic rejection is presented for either the GMM or the
cHMM. The confusion matrix obtained by HMM (1st + 2nd
level) classification after spurious data rejection is reported
in Table 5 results from all subjects are aggregated.

For some unknown reasons, we observe that three
subjects are characterized by unusually low values of classifi-
cation accuracy. Table 6 shows the results when these subjects
are not considered.

3.2. The Sit-Stand-Walk Dataset. The classification accuracy
results are reported in Table 4 whereas the confusion matrix
for the HMM classifier after rejection of spurious data is
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Table 2: Classification accuracy averaged over the twenty subjects available in the seven-activity dataset. Spurious data are not inserted. The
values are reported as mean ± standard deviation.

Seven-activity dataset (in the absence of spurious data)

M = 1 M = 2 M = 3 M = 4 M = 5

GMM 88.6 ± 13.7 88.1 ± 13.4 85.9 ± 13.6 82.5 ± 16.4 82.0 ± 16.6

cHMM (1st level) 90.2 ± 13.0 88.0 ± 12.9 85.6 ± 13.0 80.8 ± 17.1 79.3 ± 17.7

cHMM (1st + 2nd level) 90.2 ± 13.0 88.8 ± 13.4 85.2 ± 14.5 83.5 ± 16.3 82.8 ± 18.1

Table 3: Classification accuracy averaged over the twenty subjects available in the seven-activity dataset in the presence of spurious data. The
values are reported as mean ± standard deviation.

Seven-activity dataset (spurious data present in proportion 1 : 3)

M = 1 M = 2 M = 3 M = 4 M = 5

Without rejection of spurious data

GMM 63.3 ± 9.9 62.4 ± 11.4 60.2 ± 11.2 60.5 ± 13.0 56.0 ± 11.2

cHMM (1st level) 63.8 ± 9.3 61.4 ± 10.6 57.8 ± 10.9 55.0 ± 14.0 42.6 ± 13.9

cHMM (1st + 2nd level) 63.8 ± 9.3 61.8 ± 9.7 57.0 ± 12.5 50.1 ± 15.5 43.4 ± 14.6

With rejection of spurious data

GMM 85.4 ± 13.4 86.7 ± 14.9 83.4 ± 15.3 80.5 ± 16.2 81.7 ± 17.6

cHMM (1st level) 86.2 ± 12.9 87.1 ± 13.7 83.0 ± 14.6 80.2 ± 15.7 81.9 ± 17.6

cHMM (1st + 2nd level) 86.2 ± 12.8 86.1 ± 13.3 83.2 ± 14.0 76.1 ± 16.7 75.9 ± 20.6

Table 4: Classification accuracy averaged over the seven subjects available in the sit-stand-walk dataset. The values are reported as mean ±
standard deviation.

Sit-stand-walk dataset

M = 1 M = 2 M = 3 M = 4 M = 5

Without rejection of spurious data

GMM 94.1 ± 1.8 93.7 ± 4.1 94.8 ± 2.4 95.5 ± 1.9 95.8 ± 2.1

HMM (1st level) 95.2 ± 7.0 96.8 ± 3.0 98.5 ± 1.0 98.3 ± 1.1 98.1 ± 1.1

HMM (1st + 2nd level) 95.2 ± 7.0 97.4 ± 2.9 97.9 ± 2.4 97.0 ± 2.9 98.5 ± 1.0

With rejection of spurious data

GMM 94.0 ± 1.8 95.6 ± 1.5 95.8 ± 2.3 95.6 ± 1.7 95.6 ± 1.5

HMM (1st level) 99.0 ± 1.0 98.6 ± 1.0 98.8 ± 1.0 98.8 ± 1.1 98.6 ± 1.1

HMM (1st + 2nd level) 99.0 ± 1.0 98.8 ± 1.0 98.8 ± 1.0 98.7 ± 1.1 98.7 ± 1.0

Table 5: Confusion matrix obtained comparing HMM (1st + 2nd level) classifier output (columns) and the actual activity class labels after
spurious data rejection (rows). All subjects’ results are aggregated.

cHMM S1 S2 S3 S4 S5 S6 S7

S1 9686 10 3 29 1 53 22

S2 0 6064 15 15 0 0 682

S3 0 29 1825 2543 25 0 921

S4 0 420 347 19189 35 0 613

S5 0 2 4 1 580 6 23

S6 2 0 0 0 0 18823 0

S7 0 293 47 376 3 0 9939
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Table 6: Classification accuracy averaged over the seventeen
subjects available in the seven-activity dataset, after removal of three
anomalous subjects (see text). Spurious data are not inserted and
M = 1.

Classifier Accuracy

GMM 93.5 ± 6.0

cHMM (1st level) 95.1 ± 4.8

cHMM (1st + 2nd level) 95.1 ± 4.8

Table 7: Confusion matrix obtained comparing HMM (1st +
2nd level) classifier output (columns) and the actual activity class
labels after spurious data rejection (rows). All subjects’ results are
aggregated.

cHMM Sit Stand Walk

Sit 4973 10 0

Stand 0 3989 28

Walk 0 64 2270

reported in Table 7. The spurious rejection algorithm is now
applied to tag data with low reliability for classification.
A higher number of tagged data is close to where activity
transitions take place, Figure 6. Finally, Figure 5 describes
the action of the spurious data rejection mechanism more
in detail. The upper plot shows a typical example of a
bad behavior of the Viterbi decoder close to a sit-to-stand
transition when the rejection mechanism is turned off. A
sit-to-stand transition is immediately followed by a stand-to-
walk transition, which is wrong. Now, given that the cHMM
emerges from training with a left-right structure, flying back
to stand once the system enters walk is forbidden. As the
lower plot shows, when the system decides not to decide in
the presence of data frames of uncertain origin, the action
of the Viterbi decoder may be more correct. This time,
indeed, the sit-to-stand transition is correctly observed, and
the system is ready to recognize the stand-to-walk quite close
to when it actually occurs.

4. Discussions and Conclusions

Our decision to concentrate on a basic vocabulary of activi-
ties is motivated by our ongoing work aimed at developing a
wearable sensor system for pedestrian navigation and human
locomotion rehabilitation. Referring to the seven-activity
dataset, the Pudil’s feature selection scheme individuates a
subset of features that simply consist of movement coordi-
nation information (correlation coefficients). Nonetheless, it
is argued that DC component, energy, and entropy time-
domain features would be highly valuable, provided that we
decide to investigate other activities, for example, those from
the set studied in [10] that are not considered in this paper.
Although being limited to three activities chained in a fixed
order, and lasting few seconds only, the tests on the sit-stand-
walk dataset show that the proposed algorithm can also be
applied to data in which activity transitions are naturalistic.
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Figure 5: The method of spurious data rejection is shown in action
(see text).

The generalization abilities of the tested classifiers can
be considered good, since, for both datasets, a leave-one-
out-subject validation strategy is adopted. Nonetheless, the
classification accuracies are high, although the variability
in terms of standard deviation is particularly high in the
virtual experiments on the seven-activity dataset. This may
be due to different factors: as compared with the sit-stand-
walk dataset, a higher number of activities and subjects are
considered in the seven-activity dataset, and, finally, the data
contamination policy in the virtual experiments is quite
aggressive. The main fact is, we believe, that some subjects
may perform the same activities differently with respect to
other subjects: as our data in Tables 2 and 4 clearly show, this
is at odds with the generalization ability of tested classifiers.

The supervised training is pursued in this paper with the
idea to split the process of estimating the parameters of the
cHMM-based classifier into two distinct levels. The second-
level training process is based on parameter reestimation
using the Baum-Welch algorithm. In the results reported
in this paper, the effects of the Baum-Welch algorithm
are uncertain and of limited utility. However, the Baum-
Welch algorithm is the classic approach for HMM parameter
reestimation, even when a good initialization for supervised
training is available [23, 28–31]. The rationale for parameter
reestimation in a supervised framework is the possible
improvement of generalization capabilities by the classifier
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Figure 6: Classification and spurious data rejection on a sequence
of the sit-stand-walk dataset.

at the expense of some reduction of its specificity. Some
recent studies discuss an interesting approach where the
Baum-Welch algorithm is modified in the attempt to make
an HMM-based classifier adaptive [32]. We are currently
investigating a modification of our proposed classifiers in this
direction.

An interesting point in our approach is related to the
proposed method for managing spurious feature vectors.
Most published studies, including [10], handle the problem
of the fuzzy borders by manual data cropping. Clearly
this is neither useful nor applicable if we look for a real-
time system for activity classification. In our approach,
the whole spurious rejection process is made automatic.
When one-third of the whole feature vectors in the data are
spurious, such as in the virtual experiments described in the
paper, the classification accuracies of the tested sequential
classifiers are limited to about 64% in the absence of the
proposed threshold-based detector. If the threshold-based
detector is actually implemented, the performances ramp
up to about 86%. When the spurious data cannot be
tagged with certainty in advance, such as in the sit-stand-
walk experiments, the performance boost provided by the
threshold-based detector is not as impressive as in the virtual
experiments however, we see that the cHMM benefits from a
quite remarkable increment from 95% to 99%.

The cHMM-based classifier outperforms the GMM clas-
sifier by exploiting the statistical information of the activity
dynamics. However, the statistical leverage of the HMM
comes with its own problems. This is evident in analyzing the
results obtained by working with the sit-stand-walk dataset.
First, we observe that, in the sit-stand-walk experiments, on
average, the performances of either the GMM or the cHMM

are quite similar. However, in the absence of the threshold-
based detector of spurious data, the cHMM tends to exhibit
a more erratic behavior as compared with the GMM, see
results in Table 5. Why is this so? The cHMM relies on
data that it has to be considered emitted from its internal
states, in other words, the Markov model must account
for all possible observations in order to draw meaningful
inferences. When something goes wrong, the cHMM tends
to be stubborn in relying on its statistical memory, which
is however wrong, as vividly shown in Figure 5. When a
GMM classifier is considered, the emission models are the
same as in the cHMM, but the GMM classifier does not pay
regard to connections between states which are not modeled.
Fortunately, when spurious data are prevented from affecting
its behavior, the cHMM tends to perform better than the
GMM classifier.

In conclusion, the applicability of Markovian model-
ing to the classification of human physical activities has
been demonstrated. In particular, we have highlighted the
importance of exploiting the statistical knowledge about the
human motion dynamics that can be “trapped” within the
Markov chain. The algorithm includes an effective device for
rejecting spurious feature vectors, which turns out to show
high sensitivity and specificity of detection.
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Exploration of chronobiological systems emerges as a growing research field within bioinformatics focusing on various applications
in medicine, agriculture, and material sciences. From a systems biological perspective, the question arises whether biological
control systems for regulation of oscillatory signals and their technical counterparts utilise similar mechanisms. If so, modelling
approaches and parameterisation adopted from building blocks can help to identify general components for frequency control in
circadian clocks along with gaining insight into mechanisms of clock synchronisation to external stimuli like the daily rhythm of
sunlight and darkness. Phase-locked loops could be an interesting candidate in this context. Both, biology and engineering, can
benefit from a unified view resulting from systems modularisation. In a first experimental study, we analyse a model of coupled
repressilators. We demonstrate its ability to synchronise clock signals in a monofrequential manner. Several oscillators initially
deviate in phase difference and frequency with respect to explicit reaction and diffusion rates. Accordingly, the duration of the
synchronisation process depends on dedicated reaction and diffusion parameters whose settings still lack to be sufficiently captured
analytically.

1. Introduction

In both spheres, biological and technical systems, oscillatory
signals play a major role in order to trigger and control
time-dependent processes. Core oscillators are the simplest
devices for generation of continuously running clock signals.
To this end, signal processing units consisting of at least one
feedback loop can suffice [1]. So, it is no surprise that proba-
bly numerous evolutionary origins led to oscillative reaction
networks while independently technical attempts succeeded
in construction of single clocks or clock generators.

The situation becomes more complicated if several of
those core oscillators start to interact. Resulting biological
systems are commonly driven to achieve a synchronous
behaviour towards an evolutionary advantage. Correspond-
ingly, clock synchronisation in technical systems is frequently
inspired by the need to follow a global time. Interestingly,
the formalisation of clock synchronisation processes is quite

distant from each other. While, in distributed computer
systems, stepwise algorithmic approaches (like Berkeley or
Christian’s method, [2]) predominate, biological systems
adjust their clock signals more gradually, which might
include sequences (cascades) of dedicated modifications in
spatial molecular structures or even consideration of com-
partmental dynamics. Typically, its process formalisation is
either based on reaction-diffusion kinetics or employs more
abstract analytic techniques adopted from general systems
theory whose range of application preferably covers sinu-
soidal signal shapes. For this purpose, the Kuramoto method
[3], an analytic signal coherence measure to counteract phase
shift between each pair of core oscillators, became established
among others. These state-of-the-art approaches have in
common to exploit systems of differential equations derived
from kinetic laws of the underlying set of involved reactions
as well as transportation or diffusion processes. Coping with
the complexity of those monolithic models that can easily
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contain more than one hundred single equations and several
hundred parameters to be reasonably fitted is a challenging
and error-prone task. Additionally, the modelling often coin-
cides with some incomplete, imprecise, or partially wrong
information about the desired reaction network topology
and its kinetic parameters. To overcome these insufficiencies
in modelling, we suggest a specific concept of reaction system
modularisation inspired by engineering.

Our concept is based on the assumption that “structure
follows function.” Although there is a plethora of different
strategies and implementations to achieve a certain complex
network function, the pool of sufficient network candidates
can be divided into compositions of a low number of
elementary functional units called modules. This term is
not new in systems biology when considering recurrent
motifs conserved in metabolic, cell signalling, and gene
regulatory networks. We extend the notion of modules in
terms of information processing. In this context, a module
is able to fulfill an elementary computational task. Here,
the spatiotemporal course of substrate concentrations along
with molecular and compartmental structures acts as data
carrier. Beyond logic and arithmetic functions carried out by
the module’s steady-state behaviour, simple buffer and delay
elements contribute to a collection of biochemical modules,
each of which comprising few molecular species and a
maximum number of reactions within the same magnitude.
When combining those modules towards reaction networks
capable of a more complex functionality, we permit so-called
shared molecular species among distinct modules. This way
of module coupling enables compact network topologies in
accordance with evident observations from in-vivo studies.
Moreover, there is no need for further separate interface
specifications. In most cases, the behaviour of a module can
be captured by chemical counterparts of transfer functions
in conjunction with characteristic curves which exhibit an
established practice in engineering. Utilisation of transfer
functions for modules significantly reduces the number of
distinct parameters to be considered by keeping the relevant
characteristics of the entire network.

Within a case study, we exemplify oscillatory signal syn-
chronisation by a biological system composed of bidirection-
ally coupled repressilators. To this end, we model the entire
gene regulatory networks using reaction-diffusion kinetics.
Afterwards, we conduct two comprehensive simulation stud-
ies. The first one discloses the time to synchronisation subject
to initial phase shift between the elementary repressilators.
Its balanced diffusion rate acts as coupling strength. It
appears that synchronisation of initially antiphasic signals
is most time consuming for weak coupling while it has a
negligible effect for strong coupling. A second simulation
study investigates the synchronisation behaviour with respect
to different initial frequencies of the single repressilators.

Coupled repressilators represent a prototypic example of
core oscillators embedded into a complex reaction-diffusion
network constituting a circadian clock as an entire system
able to be adjusted by external stimuli. From a systems point
of view, circadian clocks form biochemical frequency control
circuits whose functionality resembles technical counterparts

utilising so-called phase-locked loops. Corresponding circuits
comprise three essential modules:

(i) a core oscillator whose frequency has been controlled
to adapt to an external stimulus,

(ii) a signal comparator (phase detector) responsible
for determining the deviation between the signal
produced by the core oscillator on the one hand and
the external stimulus on the other one,

(iii) a biochemical low-pass filter.

Finally, we illustrate a corresponding scheme by the
identification of feasible network candidates (modules)
composing a pure biochemical frequency control by a phase-
locked loop.

Beyond frequency control circuits, there are some exam-
ples on how biological and technical systems utilise equal
or similar mechanisms to achieve a certain function. In the
context of fascinating approaches within biomimicry [4],
those relationships become more and more obvious. Even at
a nanoscopic scale, we can detect homologies between elec-
tronic circuits and molecular reaction systems. For instance,
biobricks [5] can act as logic gates while cell signaling motifs
comprise the function of signal amplifiers, buffers, or filters
like low-pass filters [6]. All these components contribute
to astonishing capabilities of biological information pro-
cessing. Biochemical clockworks by controllable oscillatory
signals and their technical counterparts, frequency control
by phase-locked loops, can support the idea of similar
information processing techniques employed in nature and
in engineering. Nevertheless, the pool of potential problem
solutions in nature seems to be currently much larger than
in recent engineering, which motivates the progression of
interdisciplinary research in systems biology.

2. Prerequisites

We define different temporally oscillating signals to be
synchronous to each other if and only if they meet three
conditions.

(1) The oscillatory signal must run undamped to avoid
signal weakening.

(2) Asymptotical or total harmonisation of the oscillatory
signals meaning that after a finite amount of time
called tsync (time to synchronisation), both temporal
signal courses converge within an arbitrarily small ε-
neighbourhood.

(3) The resulting oscillatory signal after tsync has to
be monofrequential to ensure chronoscopy (constant
progression of time measure).

Note that synchronicity is stricter than obtaining entrain-
ment. While an adaptation of oscillatory signal frequency
and phase suffices for entrainment, synchronicity addi-
tionally requires harmonisation of the entire signal shape
(waveform) over time.

The central prerequisite of a core oscillator to be capable
of synchronisation to others is its ability to vary its oscillation
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frequency within a specified range [7]. This variation can
be achieved by forcing, by resetting, or by specific selective
perturbations affecting the oscillating signal. Without any
external influences, core oscillators resume their individual
free-running oscillatory behaviour, mostly by loosing their
synchronicity.

Topologically, clock synchronisation can be accom-
plished by two different strategies called external and internal
[8]. External strategies comprise a central leading clock that
propagates its time signal throughout the whole network of
downstream core oscillators which adjust their individual
signals by accelerating or slowing down their frequency for
a certain amount of time. Here, we observe a unidirectional
coupling from the leading central clock to all others. In
contrast, internal strategies aim at a mutual clock exchange
between the network members. The coupling topology is
mostly bidirectional, and each involved core oscillator is
going to adjust its signal based on a weighted sum of the
signals released by its adjacent clocks.

3. The Repressilator: A Goodwin-Type Control-
lable Oscillator

There are numerous biochemical core oscillators found in
living organism’s clocks [9]. From today’s perspective, its
majority reveals the Goodwin type [10]. A Goodwin-type
oscillator comprises an abstract metamodel of a cyclic gene
regulatory network, which is able to exhibit a sustained oscil-
latory behaviour in its substrate concentrations. Goodwin-
type oscillators have in common three dedicated focal
substrates typically called X , Y , and Z in which X represents
a mRNA translated into a protein Y within the cytoplasm.
Y is transported into the nucleus where it functions as a
repressor Z, which in turn inhibits the transcription of X .
All focal components (X , Y , and Z) degrade in the presence
of specific proteases acting as catalysts. It turns out that the
velocity of degradation is the most effective way to control
the oscillation frequency [11].

The original Goodwin oscillator, a prototypic core model
for generation of endogenous circadian rhythms, comes with
an attribute worth to be revised towards a more biochemical
model. The inhibition of X utilises a Hill term (derived from
saturation kinetics, [12]) whose Hill coefficient demands an
unrealistically high value of 9 or higher to ensure sustained
oscillations. Since the Hill coefficient typically coincides with
the number of reactive binding sites assigned to the repressor
protein Z, one would normally expect values below or equal
to 4.

Nevertheless, the Goodwin model became established in
terms of a general formalism (building block module) to
capture the dynamical behaviour of circadian clock systems
based on ordinary differential equations. Particularly in the
beginning of chronobiological research, the Goodwin model
was useful to act as a placeholder for partially unknown reac-
tion network topologies. Later, it turned out that circadian
clocks residing in manifold life forms resemble the Goodwin
approach in principle, but not exactly [9]. For instance, the
circadian core oscillator found in Arabidopsis thaliana (a
flowering plant within the family of mustards, Brassicaceae)

[13] as well as its counterparts in some mammalians [14]
can be described by slightly modified forms of the Goodwin
model. Even the core components of the human circadian
clock located in the suprachiasmatic nucleus are mainly in
accordance with the oscillatory mechanism of the Goodwin
model [15].

In each organism, the biochemical core oscillator or a
corresponding system of coupled core oscillators is embed-
ded into an entire clockwork that ensures additional features
beyond a simple oscillatory behaviour like its ability to
entrainment or its capability of temperature compensation
within a physiological range. Moreover, substrates involved
in clock mechanisms often act as trigger species. They
frequently undergo various perturbations, which affect the
according species concentrations over time. In total, it
appears that a core oscillator’s reaction network in general
is strongly interwoven with further reaction systems respon-
sible for cell signalling or for metabolic activities. Unravelling
all facets of those complex control loops encourages a strict
modularization in order to separately identify the effect
and the intensity of all individual stimuli involved in the
entire clockwork. For a first study following this line, we are
going to have a core oscillator at hand whose formal model
could be successfully verified using an in-vivo study and
whose interconnection with other reaction systems within an
organism is low.

The repressilator [16] seems to be an appropriate can-
didate for our purposes. A repressilator is a gene regulatory
network of the Goodwin type consisting of three focal
proteins (LacI, TetR, and cI) that mutually inhibit their
expression from genes (lacI, tetR, cI). Using two synthetic
plasmids, a repressilator had been successfully embedded
into a strain of Escherichia coli [16]. LacI in concert with
TetR, two of the repressilator’s focal proteins, is potentially
able to interact with AHL (N-acyl homoserine lactone)
in terms of quorum sensing [17, 18]. This implies the
possibility of a mutual exchange of molecules between
individual repressilators forming a bidirectional repressilator
coupling. In the resulting system, it is of interest to explore its
behaviour towards synchronisation of individual oscillations.
Getting insight into the underlying mechanisms from a
modelling perspective could elucidate the robustness of
biological clockworks against perturbations. Even the human
circadian clock utilises a number of bi- and unidirectionally
coupled core oscillators [19]. Moreover, it is generally
believed that there are several oscillators interconnected with
each other sensing different time cues [20–22]. By choosing
a system composed of two coupled repressilators, we can
explore its inherent properties by keeping the entire system
simple.

4. Internal Synchronisation:
Coupled Repressilators

4.1. Reaction Network and Kinetics. We identified a network
of bidirectionally coupled repressilators to be an appropriate
candidate to explore internal synchronisation within a
biological system. We employ a system composed of two
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coupled repressilators located in two adjacent cells inspired
by Garcia-Ojalvo et al. [17], see Figure 1.

Let TetR be a protein assumed to be able to migrate
between the cells, it acts as coupling element. Its diffusion
rate diff specifies the variable bidirectional coupling strength.
The dynamical behaviour of the network can be specified by
reaction-diffusion kinetics based on corresponding ordinary
differential equations (ODEs). For species names in the
ODEs, we abbreviate (LacI, TetR, cI) = (lp, tp, cp) for the
proteins and (lacI, tetR, cI) = (lr, tr, cr) for the mRNA. The
set of equations for each single repressilator reads:

dlp
dt
= klr · lr − klp · lp,

dtp
dt
= ktr · tr − ktp · tp − diff · tp + diff · tpexternal,

dcp
dt
= kcr · cr − kcp · cp,

dlr
dt
= α0 +

α · knm
knm + cp

− klr · lr − klr2 · lr,

dtr
dt
= α0 +

α · knm
knm + lp

− ktr · tr − ktr2 · tr,

dcr
dt
= α0 +

α · knm
knm + tp

− kcr · cr − kcr2 · cr.

(1)

We utilise the parameter setting α0 = 0.03, α = 29.97,
km = 40, n = 3, k{lp,tp,cp} = 0.069, k{lr,tr,cr} = 6.93, and
k{lr2,tr2,cr2} = 0.347 resulted from a parameter fitting based
on the available experimental data [17]. Additionally, the
initial species concentrations in case of no phase shift are
chosen at the limit cycle, for example, lr = 0.819, tr = 2.388,
cr = 0.068, lp = 36.263, tp = 166.685, and cp = 64.26.

The repressilator’s oscillation frequency mainly depends
on the degradation reaction rates. Diffusion of TetR proteins
from one repressilator to its adjacent counterpart causes
the same effect. This allows to control the frequency just
by forcing using a sustained dissipation of diffusing TetR
proteins. Figure 2 illustrates a typical synchronisation run.

4.2. Synchronising Initial Phase Shifts. For the synchroni-
sation study, we set up both repressilator’s initial concen-
trations at the individual limit cycle in order to avoid
effects occurring within the transient phase (stabilisation
phase). Afterwards, a two-dimensional parameter scan was
conducted varying the initial phase shift of both repressi-
lators between 0◦ and 360◦ and simultaneously varying the
coupling strength within the relevant range diff = 0.01 to
0.13 (weak to strong coupling). The time to synchronisation
was obtained assuming a signal convergence of one minute
per day (ε-neighbourhood’s interval length = 1/1440 of
oscillation period), see Figure 3.

The simulation study exhibits a correlation between
coupling strength (diff) and time to synchronisation. Since
a strong coupling (diff = 0.13) has a more significant effect
on the adjacent repressilator’s behaviour, synchronisation is
achieved fast. In this case, even the influence of different

initial phase shifts can be widely neglected. The situation
becomes different when considering a weak coupling. Here,
the initial phase shift predominantly determines the time to
synchronisation. Initial antiphase rhythmicity (phase shift
180◦) between both repressilators causes the highest effort
to synchronise both oscillatory signals by mutual forcing.
In this context, it is interesting to mention that the ability
of the repressilator coupling to synchronise initial antiphase
rhythmicity is a direct consequence of the (slight) asym-
metric oscillatory signal shape. While symmetric oscillation
curves (like sinusoidal signals) persist in antiphase when
coupled, hence, unable to synchronise, asymmetric curves
(like spiking signals) entail a kind of unbalanced response
to forcing. There is no equilibrium between forcing effects
shortening and those advancing the oscillatory period. The
remaining effect is sufficient to initiate synchronisation. The
slight asymmetry of the diagram in Figure 3 also results
from the asymmetric shape of the repressilator’s oscillatory
signal. Interestingly, a medium coupling strength (diff =
0.07) generates a behaviour in which time to synchronisation
for increasing initial phase shift can be compensated within
a range of approximately 50◦–100◦ and 260◦–310◦, respec-
tively.

4.3. Synchronisation of Different Initial Frequencies. We
demonstrate the ability of the repressilator coupling to
synchronise different initial frequencies in the elementary
repressilators. To this end, individual protein degradation
rates klp, ktp, kcp had been modified in conjunction with
setting up all initial concentrations at the individual limit
cycle. From this, we conducted a parameter scan taking into
account the ratios of initial frequencies.

The purpose of this case study is to answer four ques-
tions. (1) Is there any synchronisation window, a continuous
range of parameter settings, that runs the entire system into
synchronisation? In other words, can we detect a variant of
a so-called Arnold tongue? (2) If a synchronisation window
could be identified, which of the three conditions necessary
for synchronised oscillations become violated by leaving
the delimiting parameter settings? (3) How is the time
to synchronisation distributed within the synchronisation
window? (4) Which synchronous frequency does result from
the initially different frequencies after synchronisation?

While question (1) seems suitable to be answered in
part using the Kuramoto method [3], an analytical ODE-
based technique, a sufficient clarification of questions (2),
(3), and (4) requires an explorative simulation study. An
essential part of this study is the calculation of the frequencies
governed by an oscillatory signal. To this end, we utilise the
discrete fast Fourier transformation (FFT) for long-term data
accompanied by sampling and counting of local oscillatory
signals maxima or minima for short-time data series. Time to
synchronisation is again measured by the number of elapsed
time steps up to convergence of one minute per day (cf.
Section 4.2).

If synchronisation is obtained, we can distinguish two
qualitative scenarios characterised by the resulting syn-
chronous frequency in relation to either initial frequencies.
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Figure 1: Network topology of the TetR-coupled repressilator model with diffusion between both core oscillators.

Figure 4 depicts a typical temporal course towards syn-
chronisation of two marginally different initial frequencies
(solid lines). During the synchronisation process, both
frequencies converge to a common value (dashed curves).
This value deviates from both initial frequencies but arises
in between. The synchronisation itself runs rather fast.

In contrast, a stronger—however slight—deviance of
initial frequencies turns the synchronisation into a final
frequency asymptotically converging to the maximum initial
frequency, see Figure 5 for an example. Here, the synchroni-
sation process takes more time.

The latter case coincides with arrival at the limits of
the synchronisation window marking the maximal deviance
of initial frequencies leading to synchronisation. Inside
the synchronisation window, the synchronous frequency
becomes adjusted in between of both initial frequencies,
and the more we approach towards the boundaries of
the synchronisation window, the synchronous frequency
converges to the maximum of both initial frequencies.

We obtain a synchronisation window delimited by
polyfrequential oscillations with respect to the ratios of
initial frequencies and loss of undamped oscillation with
respect to the coupling strength, see Figure 6. We checked
whether an oscillatory signal is undamped or not by
evaluating the eigenvalues of the Jacobian matrix derived
from the ODEs specifying the reaction-diffusion kinetics.

Moreover, the simulation results indicate that a medium
coupling strength (diff = 0.07) enables synchronisation
within the largest ratio of initial frequencies ranging from
0.697 to 1.294. This means in terms of systems application for
clock synchronisation that a clock signal can be temporarily
slowen down (postpone the clock) and speeded up (put the
clock forward) with up to approximately 30% of its velocity.
The knowledge about parameterisation, capabilities, and
limits of an oscillatory system envisioned to act as a biological
clock is essential for subsequent integrative modelling, syn-
thesis, and implementation of a corresponding frequency
control system.
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Figure 2: Typical synchronisation run of two coupled repres-
silators, coupling strength diff = 0.04, initial phase shift 182◦

(arbitrarily chosen). Simulation carried out with Copasi using
ODEs and parameter settings given in Section 4.1.

Bidirectionally coupled repressilators exhibit the ability
to synchronise their oscillatory signals by forcing. It has
been observed that arbitrary initial phase shifts become
compensated while an adaption of the entire system to
different initial frequencies of the single oscillators spans a
synchronisation window.

5. External Synchronisation:
Repressilator as a Core Oscillator

The repressilator can be seen as an advantageous tool to
conduct external synchronisation when embedded as core
oscillator into a frequency control system based on the con-
cept of phase-locked loop [23], PLL for short. These systems
adapt their oscillatory output signal to an external stimulus
acting as reference. In contrast to internal synchronisation,
the external stimulus is not affected. A biological example
is given by circadian clocks that harmonise their oscillatory
behaviour with the daily light-dark rhythmicity [9]. Here, the
light acts as external stimulus. Figure 7 illustrates the general
scheme of PLL. One or several coupled core oscillators con-
stitute its central part. The signal comparator as downstream
module determines the difference between core oscillator
output and external stimulus. The phase shift between either
signals is an ideal candidate to form an error signal able to
adjust the core oscillator. The error signal passes a global
feedback path along with damping and delay by dedicated
low-pass filters. Finally, the resulting smoothened signal
influences the core oscillator(s) by increasing or decreasing
its frequency.

We expect to demonstrate that all functional modules
required for a PLL control system can be implemented
as interacting reaction networks. Both modules, signal
comparator and global feedback path, efficiently employ
low-pass filters. Signal transduction cascades found in cell
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Figure 3: Time to synchronisation subject to various initial phase
shifts. Parameter diff = 0.01, . . . , 0.13 denotes coupling strength
from weak to strong coupling. Initial antiphase rhythmicity (phase
shift 180◦) between both repressilators causes the highest effort to
synchronise both oscillatory signals by mutual forcing.

signalling networks are a common biological motif to cover
the functionality of low-pass filters [24]. Here, a focal protein
alters its chemical state according to a trigger signal. A
chemical state is specified by the addition or removal of
phosphate groups to/from the focal protein. In case of
low-frequency triggers, the subsequent modification of the
chemical state can follow. Along with increasing frequency
of the trigger, a threshold exists denoting that the reaction
system is now too slow to follow the trigger and ends up in
a steady state by means of a chemical equilibrium. Acting
as a moving average element, the low-pass filter converts
the output of the signal comparator into a delayed and
damped error signal which is subsequently treated by the
core oscillator in order to adjust its frequency. A linear
pathway, typically between three and eight stages, gives the
simplest example for a pure chemical low-pass filter. Its
behaviour can be specified by a so-called Bode diagram
which depicts the intensity of signal weakening subject to
different frequencies. While low-frequency signals pass the
filter, higher frequency oscillations become more and more
diminished and hence eliminated. In addition, a low-pass
filter can be configured in a way to provide almost sinusoidal
signals by means of the fundamental oscillation term (first
harmonic of Fourier series).

Having a chemical low-pass filter at hand, the function-
ality of the global feedback path is completely covered. The
signal comparator benefits from low-pass filters to obtain
the fundamental frequency of both signals, core oscillator
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a common value (dashed curves). Coupling strength: diff = 0.01,
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Figure 5: Typical temporal course towards synchronisation at
the boundary of the synchronisation window. Synchronous fre-
quency asymptotically reaches the maximum of either initial
frequencies (dashed curves). Initial frequencies marked by solid
lines. Coupling strength: diff = 0.01, ratio of initial frequencies:
0.001691/0.001578 ≈ 1.072. Synchronous frequency: 0.001690.

output, and external stimulus. Then, the phase shift between
both signals or the signal difference, respectively, can be
extracted by performing arithmetic operations. Reaction
networks for this task are effectively feasible assuming
that substrate species concentrations encode operands while
product species concentrations (in steady state) constitute
the operational output [25]. For example, the set of two
reactions X1 + X2 → Y and degradation Y → Ø in con-
junction with mass-action kinetics conducts a multiplication
of the form Y=X1(0)X2(0) with initial concentrations X1(0)
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Figure 6: Synchronisation window: ratios of initial frequencies
subject to synchronous frequency considering a variety of relevant
coupling strengths diff = 0.01, . . . , 0.13 (variant of an Arnold
tongue, a circle map disclosing dependencies of system parameters
within a range of stable oscillation). Due to the bidirectionally
balanced coupling strength, an almost symmetric synchronisation
window can be obtained which is delimited by polyfrequential
oscillations with respect to the ratios of initial frequencies and loss
of undamped oscillation with respect to coupling strength.

and X2(0) as multipliers. Addition, nonnegative subtraction
and division can be expressed in a similar way. Interestingly,
a single complex formation (dimerisation) conducting a
multiplication in a mathematical manner succeeds for
estimation of the phase shift between sinusoidal signals
due to elementary trigonometric laws whereas also more
sophisticated mechanisms could be involved.

The core oscillator must be able to vary its frequency
according to the error signal produced by the low-pass
filter. There are numerous types of core oscillators found in
living organisms’ circadian clocks. From today’s perspective,
the majority of core oscillators reveals the Goodwin type
[10], a cyclic gene regulatory network composed of mutual
activating and inhibiting gene expressions. Repressilators as
well as coupled repressilators fall into this category. The
commonly most effective way to influence the frequency
of those oscillators is the modification of the velocity of
protein degradation reactions, for instance, accomplished by
specific proteases released by the low-pass filter. Further-
more, core oscillators can be of posttranslational type [26]
exploiting a cyclic scheme of protein phosphorylation and
dephosphorylation in conjunction with complex formation
and decomposition. Here, the involved catalysts affect the
frequency. The third and most complicated type of core
oscillators includes compartmental dynamics advantageously
modelled using membrane systems combining representation
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of dynamical structures with tracing their spatiotemporal
behaviour [27].

6. Conclusions

Bidirectionally coupled repressilators synchronise their oscil-
latory signals by forcing. Arbitrary initial phase shifts become
compensated while adaptation to different initial frequencies
spans a synchronisation window. Coupled repressilators can
be seen as a part of a biological control system based on
the concept of phase-locked loops. Further research has been
directed to finalise the entire frequency control system by
integration of additional components for signal comparison
and damping, demonstrated by low-pass filters biologically
implemented as specific signal transduction cascades. The
simulations described in this paper were carried out using
Copasi [28], statistical evaluation using [R].
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