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In the Spotlight: Biomedical Signal Processing

Sergio Cerutti, Fellow, IEEE

I. INTRODUCTION

I T is well known that biomedical signals carry important in-
formation about the behavior of the living systems under

study. A proper processing of these signals in principle enhances
their physiological and clinical information. This is the ultimate
goal in the widely diffused topic of “biomedical signal pro-
cessing” (BSP) [1], [2]. Basically, the great majority of research
centers in Biomedical Engineering (BME), Medical Physics,
Bioinformatics, Biotechnology, etc., do present an activity in
this area, more or less officially recognized in dedicated labs
or strongly affiliated to other more topic-oriented labs. Further,
in the most relevant programs of Biomedical Engineering cur-
ricula there are courses in Biomedical Signal Processing both
in undergraduate and in graduate tracks as well as in Ph.D. pro-
grams. In the most recent annual conferences of the IEEE En-
gineering in Medicine and Biology Society (EMBS) an average
of 350 papers per year were submitted to the BSP theme.

The applications of digital signal processing techniques
for quantitative interpretations of physiological systems, vital
signs management, or in general to biomedical data is central
to the Biomedical Engineering mission (besides dealing with
challenging and fascinating problems): in fact, significant in-
novation in this area might lead to the development of modern
and advanced equipment for a better diagnosis and treatment of
patients. Recently, many important and conspicuous research
efforts both in North America and in Europe were dedicated
to the development of new medical equipment and advanced
worldwide networking in health environment, considering the
single patient with his/her own vital signs as the terminal node
of the overall net [3], [4].
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II. TRADITIONAL APPROACHES IN BIOMEDICAL SIGNAL

PROCESSING

It is certainly true that basically all methods of signal
processing have been applied (more or less satisfactorily) to
biomedical signals (ECG-electrocardiogram, EEG-electroen-
cephalogram, EMG-electromyogram, EOG-electrooculogram,
EGG-electrogastrogram, etc.) in various and differentiated
experimental conditions. Many of these methods have been
conceived in different research areas such as information
processing, statistics, system and control theory, communi-
cation theory, medical informatics, lasers and electro-optics,
digital signal, image analysis, etc. [5]–[7]; more recent ap-
proaches, connected with DNA information treatment, have
been developed under the basis of observations of biological or
physiological problems (bio-inspired methods or algorithms)
[8].

The traditional approach of biomedical signal processing
considers mainly second-order statistical analysis for stationary
and linear systems based upon the Wiener–Khinchin theorem
(which establishes a relationship between autocorrelation
function in the time domain and the Fourier transform in the
frequency domain) and the numerous related algorithms which
may be implemented accordingly (digital filtering, convolu-
tion, power spectral density (PSD), auto/cross correlations,
cross-spectrum and coherence, principal component analysis
(PCA), time-invariant parametric modeling and others). Many
important results have been obtained in biomedical signals
which most often have the peculiarity of presenting strong
sources of endogenous and/or exogenous noises and low
signal/noise ratio [9], [10].

III. NONSTATIONARY AND NONLINEAR SYSTEMS

The traditional cultural background of signal processing,
as previously indicated, is certainly the first important step
to be fulfilled in training young biomedical engineers and
all this knowledge might be properly integrated with basic
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biological and physiological contents. The complex charac-
teristics of biomedical signals in terms of their (sometimes
multiple) generating systems, as well as the statistics of the
superimposed noises which most often are not known, make
the solutions of the more though problems in BSP extremely
difficult with the traditional approaches. The actual state-of-art
in the BSP research includes different methods which put into
evidence other characteristics of the physiological or biological
systems under study: i.e., nonstationary behaviors or transient
phenomena which are emphasized by time-frequency distri-
butions [11], time-scale decompositions or wavelet analysis
[12], empirical mode decompositions [13], adaptive filtering
and time-variant parametric modeling [14], [15], etc. Further,
statistical independence on non-Gaussian data may provide
interesting application of independent component analysis
(ICA) or blind source separation (BSS) techniques in which an
efficient signal decomposition might be achieved [16], [17].

Another area of modern research in signal processing is re-
lated to nonlinear approaches. Wiener–Khinchin theorem ex-
panded to higher order cumulants (more than second-order) may
express what is called “higher order statistical analysis,” which
gives rise to interesting BME application such as the bispec-
trum, bicoherence, and related parameters [18].

Other traditional techniques in this area employ dedicated
kernels like Wiener kernel for nonlinear biological system
studying or Lotka–Volterra equation data modeling in many
examples of biological signals, mainly in epidemiology and in
the study of populations, but there has been also much activity
in nonlinear adaptive or time-variant filtering (i.e., Kalman
filtering and particle filters) [19], [20], as well as in novel
concepts of neural network applications [21] and of neural
information processing [22].

Further, the paradigm of considering a biological signal as
the realization of a nonlinear system with either stochastic or
deterministic (and sometimes chaotic) behavior has found a
wide acceptance in speculative research, as well as in some
clinical problems. The challenge in this case is to be able to
discriminate stochastic behavior from nonlinear deterministic
chaotic dynamics in a signal which generally presents con-
currently noises of different origins (and different statistical
distributions, too); therefore, it could be argued that in many
biological signals both stochastic and deterministic components
might coexist: on the other hand, it is a very difficult problem
to disentangle the single different components and to correctly
interpret them. Surrogate data series (obtained from the signal
itself and/or from other realizations of the same system) are
useful approaches to determine whether the system is indeed
chaotic or not [23], [24].

It is worth mentioning the hypothesis that many physiolog-
ical systems may be modeled by a low-dimensional nonlinear
chaotic system. Dimensionality estimation is a possible way to
measure the complexity of the system itself. In many exam-
ples in cardiovascular system or in neurosciences, a wide con-
sensus has been reached on the following link: a decrease of the
complexity with respect to the normal case is in most instances
bounded to a pathological condition (the statements “chaos is
health” and “decreasing of chaos is pathological” has gained
a certain popularity among clinicians). Therefore, the measure

of chaotic system dimensionality (if this model fits to the data)
is a parameter of potential clinical interest. Various applica-
tions have considered correlation dimension, -coefficient
(slope of the long-term signal power-law spectral density esti-
mation), fractal dimension of the related chaotic attractor, Lya-
punov exponents, etc. Other complexity measures may be ap-
plied to the data, i.e., entropy (Kolmogorov’s, or approximated
entropy ApEn), symbolic dynamics measurements, detrended
fluctuation analysis (DFA) and the various measures of fractality
(self-similarity) of the signal [25]–[27].

IV. FUSION OF BIOMEDICAL SIGNAL PROCESSING AND

PHYSIOLOGICAL MODELING

An important innovative aspect is considering the integration
between biomedical signal processing and physiological mod-
eling of the biological system under examination [28], [29].
In this way, it is possible to directly attribute patho-physiolog-
ical meaning to the parameters obtained from the processing,
or vice versa, the physiological modeling fitting could certainly
be improved by taking into account the results from the signal
processing procedure. Generally, scientists who do signal pro-
cessing do not do modeling: biomedical engineering must inte-
grate these two aspects in order to proper train young scientists
in the area and to provide a cultural vision for the implementa-
tion of important tools for newer investigations.

Along this direction, a significant milestone which was
reached by a fruitful convergence between: 1) cardiovascular
pathophysiology; 2) clinical medicine; and 3) advanced algo-
rithms of cardiovascular signal processing, is the concept of
“dynamical disease,” i.e., a pathology which could be initially
observed at an organ level (i.e., heart, circulatory system, etc)
but it is a pathology of the correspondent controlling system
[30], [31]. Many major pathologies of cardiovascular system (or
involving cardiovascular system) are considered as dynamical
diseases, like hypertension, diabetes, even some consequences
of ischemic pathologies, etc. and may be accordingly described
by measuring the activity of autonomic nervous system: this
explains the strong interest in heart rate variability (HRV)
analysis [32], with more than 14 000 papers which refer to this
topic in recent years.

V. MULTIVARIATE, MULTIORGAN AND MULTISCALE (MMM)
PARADIGM

A modern and very promising approach of biomedical signal
processing, which is capable also to combine the outputs from
physiological modeling, is the so-called MMM-paradigm (i.e.,
multivariate, multiorgan, and multiscale). Such an approach
makes the system genesis explicit, where complexity is po-
tentially allocated and how it is possible to detect information
from it. No doubt that processing signals from multileads of the
same system (multivariate), from the interaction of different
physiological systems (multiorgan) and integrating all this
information across multiple scales (from genes, to proteins,
molecules, cells, up to the whole organ) could really provide a
more complete look at the overall phenomenon of physiological
system complexity, in respect to the one which is obtainable
from its single constituent parts [33], [34].
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A detailed analysis of the various implications of this par-
adigm is not possible in this short review. Very synthetically,
it is possible to say that a multivariate approach does improve
the information obtainable from the physiological system when
compared to the monovariate case: ECG mapping, high reso-
lution EEG recordings etc, but it is also true in statistical anal-
ysis where more parameters from the system under examination
might significantly improve classification studies (for patholog-
ical assessment and risk stratification).

The expression multiorgan means that many physiological
and pathological situations are the results of a combined rela-
tionship among different organs involved. A primary patholog-
ical disturbance and the resulting dysfunctions usually affect
several other organs within the entire organism and do not ap-
pear as isolated disorder. Therefore, it is fundamental to know
which are the systems involved and the new parameters obtain-
able from this interaction: they might be useful for a better diag-
nosis and treatment. Examples of this approach are sleep studies
(sleep is certainly a multiorgan physiological phenomenon, by
involving central and autonomic nervous systems, respiratory
and cardiovascular systems, etc), connections between central
and autonomic nervous systems in cardiovascular studies, other
dynamical diseases (pathological situations of the controlling
systems).

As far as the multiscale approach is involved, it is possibile
to say that traditionally BSP is carried out at the organ level
or system to be investigated (i.e., ECG or EEG signal, arterial
blood pressure, respiration and so on). It is very clear the ad-
vantage of correlating this information with that one obtained
about the same system, but at different scale level, i.e., at cel-
lular level or even at subcellular level (for example, analysing
possible genetic correlates or typical patterns of DNA/RNA or
protein sequences). Biomedical engineering as a discipline may
strongly contribute to this multiscale information processing.
Along this line, even the long-QT syndrome can be efficiently
studied at different scale level: a mutation in a portion of gene
SCN5A, which presents a phenotype compatible to long-QT3
type is known to produce an altered function of Na+ channels
[35]. Through a proper model describing the ventricular cell
function, it is possible to say that this alteration may induce a
prolongation of QT duration, as detected on ECG tracing. This
event is further correlated with an increased risk of ventricular
tachyarrhythmias. Hence, the path is completed: from the ge-
netic expression up to the disease manifestation [36], [37]. Many
different signal processing and modeling are involved in this
paradigmatic example: an integration among the various scales
of observation may undoubtedly contribute to a better under-
standing of the complex pathophysiological correlates.

A great effort is on course to create very large databases
and networking of models and technologies for integrating such
information (Physiome project [35], [38] is to be connected
with Genome and Proteome projects and Virtual Physiological
Human project – VPH – which are inserted into the activities
of the 7th Framework EU Programme). Another example is
the study of the profile of expressed proteins in 2-D gel sup-
ports, or after mass-spectrometry analysis, relative to a variety
of pathologies (i.e., epilepsy, peripheral neuropathies or Amy-
otrophic Lateral Sclerosis (ALS), or in oncological studies) thus

singling out the set of proteins which present a correlate with the
pathology in respect to the control group [39]. This overall ap-
proach seeks a holistic view of the patient rather than an atom-
istic one which considers the whole as a simple sum of the single
component parts.
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