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a b s t r a c t

Innovation in the fields of wireless data communications, mobile devices and biosensor

technology enables the development of new types of monitoring systems that provide peo-

ple with assistance anywhere and at any time. In this paper we present an architecture useful

to build those kind of systems that monitor data streams generated by biological sensors

attached to mobile users. We pay special attention to three aspects related to the system effi-

ciency: selection of the optimal granularity, that is, the selection of the size of the input data
eywords:

ata stream management

onitoring applications

rrhythmia monitoring

pnea monitoring

stream package that has to be acquired in order to start a new processing cycle; the possible

use of compression techniques to store and send the acquired input data stream and; finally,

the performance of a local analysis versus a remote one. Moreover, we introduce two partic-

ular real systems to illustrate the suitability and applicability of our proposal: an anywhere

and at any time monitoring system of heart arrhythmias and an apnea monitoring system.

© 2009 Elsevier Ireland Ltd. All rights reserved.
. Introduction

nnovation in the fields of wireless data communications,
obile devices and biosensor technology enables the develop-
ent of a new type of monitoring systems that provide people
ith assistance anywhere and at any time. Each one of the
revious technologies presents a wide spectrum of possibili-

ies that allows for different kind of monitoring systems to be
uilt.

There are several possibilities of sending data using wire-
ess communications: through cellular networks and through

� This work was mainly supported by the Basque Government (IT-427
ocial Fund), and Spanish Ministry of Education and Science under gra
∗ Corresponding author. Tel.: +34943 015066.

E-mail address: alfredo@ehu.es (A. Goñi).
1 http://siul02.si.ehu.es/.
169-2607/$ – see front matter © 2009 Elsevier Ireland Ltd. All rights res
oi:10.1016/j.cmpb.2009.04.010
wireless networks. Examples of cellular networks are General
Packet Radio Service (GPRS) [20] that provides moderate band-
width (theoretically up to 171.2 kbit/s) but very broad coverage
(theoretically world coverage), or Universal Mobile Telecom-
munications System (UMTS) [7] that offers better bandwidth
(a few Mbit/s) and also world coverage, at least in theory.
Those cellular networks provide the technology needed to
-07), Diputación Foral de Gipuzkoa (cosupported by the European
nt TIN2007-68091-C02-01.

build wireless wide area networks. Examples of wireless net-
works are WiFi [21], a technology that allows to build wireless
local area networks with a bandwidth of several Mbits/s but
only a few meters (around 50) of coverage, or WiMAX [41], a

erved.

mailto:alfredo@ehu.es
http://siul02.si.ehu.es/
dx.doi.org/10.1016/j.cmpb.2009.04.010
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technology that allows building metropolitan area networks
with much bigger bandwidth (70 Mbits/s) and several kilome-
ters of coverage. With regards to mobile devices, there are
Personal Digital Assistants (PDAs) with powerful computing
capabilities and with memory capacities sufficient to develop
complex applications. Those PDAs support also interfaces to
connect to wireless networks like GPRS, UMTS, WiFi and even
WiMAX. Moreover, there are some other type of mobile devices
like smartphones which are mobile phones that, at the same
time, integrate the functionality and computing power of
PDAs. Finally, with respect to biosensors, several non-invasive
biosensors have recently appeared. By non-invasive it is meant
that no incision into the body or removal of biological tissue
needs to be made in order to measure the vital signs, biosig-
nals, or measurements in general. Among them, we can find
pulseoximeters that measure pulse and the amount of oxygen
in blood, ECG sensors that measure the electrical voltage in the
heart, EEG sensors that measure electrical activity of the brain,
and others like temperature and blood pressure sensors. There is
also a great interest in developing non-invasive glucose sensors
that measure the level of sugar in blood.

In particular, by taking advantage of the previous tech-
nologies we have designed and implemented two anywhere
and at any time monitoring systems. One of them capable
of detecting in real-time heart arrhythmias which we call
MOLEC [35]. MOLEC has already been implemented and val-
idated with the MIT-BIH Arrhythmia Database.2 This system
is thought as an improvement of holters [15] that only record
ECG of patients for several hours but cannot react if high risk
arrhythmias occur. The second system is able of monitoring
in real-time apnea episodes based on SpO2 signal. The system
has also been implemented and validated with the Apnea-
ECG Database3[9]. Although the definitive diagnosis of apneas
has to be made by way of expensive polysomnographies (PSG)
carried out in hospitals, it is required to define reliable and
cheaper monitoring systems that diminish the number of
PSGs to be performed. Moreover, if a very long apneic episode
is detected, then a sound can be played so that user wakes up.
Both systems have been tested with about 20 patients in the
Policlinica of Gipuzkoa and Hospital Amara in San Sebastian.
For the apnea monitor, our system also exports the signal data
in such a format so that the pneumologists with which we are
collaborating can analyze the signals with the same software
they use daily at their hospital.4

The usefulness of these systems is beyond any doubt since
the number of people with cardiological problems is on the
rise and because SAHS is a high prevalence illness on general
population that is considered as a very important public health

problem.

However, not only features of anywhere and at any time mon-
itoring are necessary for valid systems: they have to be also

2 In particular, it provides a very good accuracy for classifying
rhythms (100% for arrhythmias that require medical assistance in
less than 3 min, 97.95% for arrhythmias that require medical assis-
tance in less than an hour and 95% for arrhythmias that usually
happen before a worse arrhythmia).

3 It also offers an accuracy of 96% and a ROC–AUC of 99%.
4 It is the DS-5 software developed by Konica Minolta Sensing

Inc.
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efficient and able of running in real-time. In this paper, we want
to present some of the key ideas we learnt during the design
and implementation of those systems so that they can be con-
sidered if another similar monitoring system needs to be built.

In this paper, after a section where related works are
discussed, we present an architecture for Mobile Biological
Sensor Data Streams (MBSDS) useful for several monitoring
systems; then, two particular monitoring systems: an ECG
monitoring system and an apnea monitoring system based
on our proposal of a MBSDS architecture; next, a general cost
model for MBSDS and the customization of that cost model
for the two monitoring system; and finally, the conclusions.

2. Related work

Concerning related work, we classify them in two main
groups. First of all, we review some other research works that
provide solutions to systems that work with data streams, sen-
sor networks and/or try to perform some data stream mining.
Then, we mention different existing commercial and innova-
tive systems that are being used in order to detect arrhythmias
and apneic episodes.

2.1. Related work: data stream

As mentioned in the introduction, many different works in
the data stream area concerned with monitoring systems. In
this section we present some of those works that their main
focus is one of the following aspects: management of data
streams generated by sensor networks or data stream mining,
respectively.

2.1.1. Related work: data stream and sensor networks
Classical Database Management Systems (DBMSs) are used
with success to develop lots of business applications. How-
ever, for applications that have to work with data streams, it
is widely accepted that they present some limitations. That is
why some Data Stream Management Systems (DSMS) have
been proposed. In general, DSMSs offer Query Languages
for streams whose basic operators recall on the relational
operators. So, in [5], they propose the CQL query language
with operators such as select, project, binary-join, mjoin, union,
except, intersect, antisemijoin, duplicate-eliminate and aggregate
and other operators to transform streams into relations and
vice versa. In [2] they present filter (some kind of selection),
map (some kind of projection), union, bsort, aggregate, join and
resample (similar to semi-join). In [12] they support selec-
tion, join, aggregation and stream merge. In [11], they also
provide relational operators such as join, selection, projection,
grouping, aggregation, duplicate elimination and the possibility
of performing a join-like operator over a temporary reposi-
tory. Nevertheless, for many monitoring applications, these
relational operators do not fit well.

There are other works [8,30] that deal with Sensor Networks
(SN), also called sensor databases, that try to support moni-

toring applications that involve data acquired by sensor and
data about the sensor (location and/or related attributes). In
[30], they present a query language which is a subset of SQL
(only one table allowed in FROM clause, no subqueries and
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everal restrictions in WHERE and HAVING clauses) and that
lso allows to specify restrictions about the duration of the
amples obtained from the sensors. In [8], an SQL-like query
anguage is also used in order to formulate the queries where
ppear expressions that retrieve data from the sensors and re-
xecution frequency. Sensors are modelled as Abstract Data
ypes (ADT) whose interfaces consist on the sensor’s signal-
rocessing functions. Nevertheless, SQL-like languages do not
lso fit very well with monitoring applications like the one
upported by our ECG monitoring system.

There is another work [3] whose aim is to integrate both
ypes of query processing systems (the query processing of the
SMS and the query processing of the SN). In fact, the context
f that work is the development of a second-generation dis-
ributed stream processing engine called BOREALIS [1], that
ddresses new requirements like dynamic revision of query
esults, dynamic query modification and distributed optimiza-
ion. Its query model is inherited from AURORA [2], with the
ossibility of changing dynamically the box (query operator)
emantics.

Unfortunately, we cannot formulate a sensor continuous
uery like “Return repeatedly the abnormal high-risk arrhyth-
ias measured by the ECG sensor” in terms of relational-like

perators. Moreover, as far as we know, existing DSMS or SN
ystems cannot be run, or at least, they are not specifically
esigned for running into mobile devices like PDAs. Therefore,
e have not been able to make use of some of the existing
SMSs or SNs in order to build our monitoring applications.

However, some of the issues dealt in these works make
lso sense in our scenario. In the case of continuous queries,
rate-based optimization has been proposed in order to work
ith infinite input streams [40]. In that case, it is possible to
ptimize the queries depending on the highest output rate or
he least time to produce the output. In our case, we do not
ork with relational operators and therefore their proposals
re not directly applicable. However, we think that the concept
f finding the optimal granularity depending on the maximum
llowed latency (the least time to output the current rhythm)
ecalls their rate-based optimization.

In the case of sensor networks, an in-network query pro-
essing has also been proposed, where some of the query
perators are executed in the lower nodes of the hierarchy
ith the goal of minimizing the computation goal, the data

ransmission and managing energy in an efficient way [39,37].
ur proposal to perform local analysis in the mobile device
ttached to the sensor goes also in that direction of in-network
rocessing (with only one sensor).

.1.2. Related work: data stream mining
here can be found some works in the data mining literature
bout mining data streams [19,14,25]. Data stream mining con-
ists on extracting knowledge (patterns, clusters, forecasts,
tc.) in streams of information by applying different tech-
iques such as clustering, classification, frequency counting
nd time series analysis. All those techniques require some
ore basic techniques to measure if data streams are similar,

hich also require some even more basic techniques: (a) to cal-

ulate distance between data streams (for example Euclidean
istance and Dynamic Time Warping (DTW)), (b) to index data
treams (for example, R-trees) and (c) to extract features by
i o m e d i c i n e 9 6 ( 2 0 0 9 ) 141–157 143

highlighting periodicities in the data streams (for example
Discrete Fourier Transform (DFT) and Discrete Wavelet Trans-
form (DWT), commonly used in the digital signal processing
area). There is also an interest in finding cost-efficient mining
techniques. In [17] they propose a date rate adaptation tech-
nique (algorithm output granularity) to mine data streams in
an efficient way.

Moreover, there are other closer works to ours in the area
of ubiquitous data mining, that are concerned with the pro-
cess of performing analysis of data on mobile, embedded and
ubiquitous devices [18]. In [24] they present a client/server
system that monitors time-critical financial data from a PDA.
Although in that system, the data mining is performed in the
server part, more recent works [16] propose an architecture
where it is possible to perform a light-weight data mining in
the client part, and if the data stream rate goes faster than the
data mining task, then requests can be made to a data mining
server.

In [19], a list of research issues is addressed, among which,
we can find some that we have considered in our work: han-
dling the continuous flow of data streams, minimizing energy
consumption of the mobile device, transferring data mining
results over a wireless network with a limited bandwidth,
data stream pre-processing, the needs of real world applica-
tions.

To sum up, we consider that our work is complementary to
the previous ones and represents a step further in this exciting
research area. It proposes a cost model that allows to calculate
an optimal configuration as the result of achieving a trade-off
among different factors: volume, autonomy and latency.

2.2. Related work: monitoring systems

If we consider all kind of systems that deal with ECG Monitor-
ing, that is, those commercially available as well as research
proposals, we can classify them into three groups: (A) Sys-
tems that record signals and perform ECG classification off-line;
for example, the holters [15]. Although these kind of systems
have the advantage that patients can continue living a nor-
mal life, they present a serious drawback: if the patient suffers
from a serious rhythm irregularity, only recording is performed
and not real-time classification of ECGs: the classification is
performed off-line. (B) Systems that perform remote real-time
ECG classification, for example, Vitaphone [13], MeditSense [29],
QRS Diagnostic [34], Cardio Control [10], Active ECG [4] and
MobiHealth [26]. Most of them make use of mobile telephones
and/or PDAs to capture the ECG signal and send it to a control
center where the real-time classification is performed. They
continuously send ECGs through a wireless communication
network. In spite of the advantages these kinds of systems
provide in relation to recording devices, they still present cer-
tain limitations related to the fact that the classification is
not performed in the place where the signal is acquired. In
fact, there is a loss of efficiency in the use of a wireless net-
work because normal ECGs are also sent (which implies a
high cost); and, in case the wireless network is not avail-

able at some moment, there might be a loss of ECG signal
with the corresponding risk of not detecting some anoma-
lies (unless the signal is recorded in the mobile device and
sent when the wireless network is available again). (C) Sys-
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tems that perform local real-time ECG classification, for example
@Home [36], PhMon [27] and Bai et al. [6] These systems
make use of a classical indirect architecture in the mobile
computing area: an architecture that includes an interme-
diary local computer between the sensors and the control
center. Those intermediary computers perform some local
real-time monitoring in order to detect some anomalies and
send alarms to a control center or a hospital. However, they
are not mobile.

With respect to apnea detection, there are some commer-
cial systems [31,33] that help to diagnose apnea at home.
However those systems only record the signals (heart rate,
blood oxygen saturation or airflow) but do not perform any
analysis in real-time. The recorded data is downloaded in com-
puters where the analysis is performed off-line. Therefore,
they are systems that perform apnea classification off-line.

Our monitoring systems are capable of performing remote
real-time as well as local real-time classification. In this paper,
we present a cost model that permits to decide, among other
things, if it is worthy performing local or remote classification.

3. An architecture for mobile biological
sensor data stream (MBSDS) systems

In this section we present our proposal for an architecture that
can serve as the basic infrastructure for systems that monitor
Mobile Biological Sensor Data Streams (MBSDS), that is, data
streams generated by biological sensors (for example ECG,
EEG, pulseoximetry, temperature, blood pressure, etc.) which
are attached to mobile users. The main feature of these kind of
systems is that they provide an anywhere and at any time mon-
itoring. That is, the monitored users wearing the biological
sensors do not have to be hospitalized, nor in a health cen-
ter, nor at their homes so that they can be monitored. They
may be living a normal life while feeling safe at the same
time, because they know that if some dangerous situation
were detected, then physicians would be notified and could
make a decision in time, just as if they were in a hospital or in
a health center.

The main tasks performed by these monitoring systems
are: (1) data acquisition from the biological sensors, (2) data anal-
ysis in order to detect some anomalous situations, and in case
they are detected, then (3) alarm generation and notification to
the physicians so they can make the correct decision.

The main components of the three-tier architecture (see

Fig. 1) are: (1) the biological sensors that measure some vital
signs from persons; (2) the mobile device (cellular phone,
smartphone, PDA, etc.) which is a small computer that
presents several features: (a) it is small enough to be carried

Fig. 1 – Architecture for MBSDS.
b i o m e d i c i n e 9 6 ( 2 0 0 9 ) 141–157

by any person; (b) it has its own battery; (c) it can be connected
to the biological sensors that generate the data stream via a
wired connection or a wireless one such as Bluetooth; (d) it
can send data to another computer via a wireless link (GPRS or
UMTS connection, for example). It is the mobile device which
provides an anywhere and at any time monitoring, because it
can be working while it is being carried by users; it is a mobile
computer. And (3) the control center which is a computer where
the alarms are shown to the physicians, and that is connected
via a wireless connection to the mobile device.

Regarding to which component performs which task we
can state that: (1) the data acquisition of the data generated
by the biological sensors is made in the mobile device; (2) there
are two possibilities of where to perform the data analysis and
the alarm generation: in the control center, or, in the mobile
device when it is a PDA (or a powerful smartphone) because
it is capable of performing some kind of complex processing.
(3) the notification of the alarms to the physician is obviously
made in the control center; those alarms should be sent from
the mobile device in case they were generated there.

In the next two sections, we present the applicability of the
proposed architecture to a system that monitors ECG signals,
and to a system that monitors apnea episodes.

4. Case study 1: an Arrhythmia Monitoring
System

The goal of our ECG monitoring system (see Fig. 2) is to pro-
vide an anywhere and at any time assistance to persons that
suffer from heart arrhythmias. An arrhythmia happens when
the heart rhythm – the sequence of muscle contractions or
beats – is irregular, faster or slower than normal. Using MOLEC,
the users wear ECG sensors that capture their ECG signals
and are connected to a PDA. Notice that ECG sensors are a
good representative of biological sensors because they gen-
erate much more data than other biological sensors such as
pulseoximeters, temperature, etc. In the control centers there
are cardiologists that have to be advised in real-time when
high-risk arrhythmias are detected, so that they can verify
them and act in accordance.

In the following we present the main tasks that are per-
formed by MOLEC with the goal of showing details about the
biological data stream considered and type of analysis made
with them. Those main tasks are: ECG Data Acquisition, ECG
Signal Preprocessing, Beat Classification, Rhythm Classifica-
tion and Alarms Management. The goal of this section is not to
show all the details of the ECG monitoring system (which can
be found in [35]); the goal is to show that it is feasible to build
such an ECG monitoring system, and to present the high-risk
arrhythmia detection process as a data stream transformation
problem.

4.1. ECG data acquisition
The first step to monitor high-risk arrhythmias is to acquire
the electrical signals generated by the user’s heart. For that
purpose, ECG sensors need to be used. ECG sensors consist
of a set of electrodes located at the person’s chests that are
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(based on thresholds) that decides if something is a QRS com-
plex. After the QRS complex is detected, then the T and P
waves are found by looking for the wave boundaries (the
Fig. 2 – The ECG

onnected through derivation cables to a device.5 Those
ensors acquire the sequence of samples that form the ECG
ignal S with a particular frequency F (usually between 100 Hz
nd 400 Hz). From the data management point of view, ECG
ensors generate a continuous data stream {s1, s2, . . . , si, . . .}
here each si is a sample of the ECG signal S, i.e. a number

between 0 and 1024) that represents the voltage of the ECG
ignal at a particular moment. That data stream and the
uccessive transformations over it, explained in the next
ubsections, can be seen in Fig. 4.

.2. ECG signal preprocessing

n order to classify heart rhythms, the pure ECG signal, that
s, the input data stream {s1, s2, . . . , si, . . .} is not very useful.
t has to be processed to identify a series of waves along with
heir morphology and timing information. A typical normal
eat (see Fig. 3) is formed by the P wave, the QRS complex and
he T wave (in fact the beginning, end and peak point of each
ave to which we call wave events). Moreover, other timing

nformation like P and QRS durations, PR, QT and RR intervals,
evel of the ST segment, etc. can be useful. Fig. 4

From the data management point of view, the input data
tream is preprocessed and transformed into another stream

ontaining those wave events and intervals:

reprocess({s1, . . . , si . . .}) = {beat1, . . . , beatj . . .}

5 In the current version of MOLEC we use a wired sensor called
ctiveECG [4]. Nowadays, the same company also commercializes
ireless ECG sensors that could have been used. However, what

s wireless is the link between that device and the mobile device,
ot the link between the electrodes and the device.
itoring system.

where beatj = 〈pb
j
, p

p
j
, pe

j
, qrsb

j
, qrs

p
j
, qrse

j
, tb

j
, t

p
j
, te

j
, prj, qtj, rrj〉 and

pb
j
, p

p
j

and pe
j

are the begin, peak and end of the P wave corre-

sponding to the jth beat in the ECG signal, respectively; qrsb
j
,

qrs
p
j
, qrse

j
, tb

j
, t

p
j

and te
j

are the wave events corresponding to the

QRS and T waves; prj, qtj and rrj are the duration of the PR, QT
and RR intervals, respectively.

For this preprocessing task, typical techniques in the sig-
nal processing area are used [38,23]. First of all, in the original
signal (or data stream), the baseline wander and the pow-
erline interference are removed (by applying appropriated
filters). Then the QRS complex is detected in three steps, by
applying: (1) a linear filter that enhances the spectral con-
tent of the QRS and suppresses the corresponding to P and
T waves; (2) a nonlinear transformation that converts the
QRS complex into a single positive peak; (3) a decision rule
Fig. 3 – Wave events and intervals in a normal beat.
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and
Fig. 4 – ECG monitoring tasks

time instants in which some amplitude changes occur) which
is made with tests based on thresholds. Finally, once the
sequence of wave events is obtained, an automata identi-
fies the beats (by knowing the normal structure of a beat
that appears in Fig. 3, but also by taking into account that
there can be other abnormal beats that do not have P or T
waves).

In fact, those signal processing techniques involve several
scans of the whole set of samples in the analyzed ECG signal
part. With the goal of realizing what applying a filter involves
in terms of processing, we briefly explain what this is. To apply
a filter to a signal s is to obtain another signal sf where each
sample s

f
n is calculated as a combination of the original sam-

ple sn, the previous j samples of the original signal si and
of the filtered signal s

f

i
. All those samples are multiplied by

some coefficients ai and bj that depend on the type of filter as
described in the next formula:

s
f
n = bn × sn +

n−1∑
i=n−j

(ai × s
f

i
+ bi × si)

However, this processing is not very time-consuming as we
will see in Section 7.4.1, Table 5.

Two important points have to be made here: (1) the size of
the input data stream is considerably greater than the size of

the preprocessed data stream (18,000 numbers per minute ver-
sus 960 numbers per minute when heart frequency is 80 beats
per minute and F = 300 Hz); (2) although the input data stream
is not furthermore used to detect high-risk arrhythmias, it
data stream transformation.

cannot be deleted because it may be queried by cardiologist
if they want to see the original ECG signal.

4.3. Beat classification

For each beat, a classification process is performed that
assigns a byte type to every beat Bclassify(beat) = bt, taking into
account the beat features extracted during the preprocessing
step. All the 14 different types of beats described in PhysioNet
[32] are considered by MOLEC.

From the data management point of view, after this clas-
sification process the beat type is added to the data stream:

{beat+1 , . . . , beat+
j

. . .},

where

beat+
j

= 〈pb
j , p

p
j
, pe

j , qrsb
j , qrs

p
j
, qrse

j , tb
j , t

p
j
, te

j , prj, qtj, rrj, btj〉

The size of the data stream is slightly greater now, 1040 num-
bers per minute when heart frequency is 80 beats per minute
and F = 300 Hz.

For this classification task, data mining techniques have
been used. In particular, techniques based on decision rules.
Although the process of building those decision rules is expen-
sive, the beat classifier is generated off-line, and the task of

classifying a beat consists of applying a set of if-then rules
which check conditions (thresholds and so on) over the wave
events and intervals. Applying those rules is not very time-
consuming (as we will see in Section 7.4.1, Table 5).
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{s1, s2, . . . , si, . . .} where each si is a sample of SpO2 signal S, i.e.
a number (between 0 and 100) that represents the percentage
saturation of oxygen in blood.
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.4. Rhythm classification

very sequence of four beats is grouped, classified and a
hythm type assigned to it, taking into account the beat fea-
ures extracted during the preprocessing step and the beat
ypes assigned during beat classification. All the 13 different
ypes of rhythms described in PhysioNet [32] are considered
y MOLEC.

classify(beat+
j−3, beat+

j−2, beat+
j−1, beat+

j
) = rtj,

rom the data management point of view, after this classifi-
ation process the rhythm type is added to the data stream:

beat++
1 , . . . , beat++

j
. . .},

here

eat++
j

= 〈pb
j , p

p
j
, pe

j , qrsb
j , qrs

p
j
, qrse

j , tb
j , t

p
j
, te

j , prj, qtj, rrj, btj, rtj〉

he size of the data stream is again slightly greater, 1120 num-
ers per minute when heart frequency is 80 beats per minute.

For this classification task, data mining techniques (based
n decision trees) have been used, and also some cardio-

ogical rules have been codified. The classifier, that consists
f a set of if-then rules, is generated off-line. Once obtained,
pplying those if-then rules in order to classify actual rhythms
s not very time-consuming (as we will see in Section 7.4.1,
able 5).

Notice that there is a delay in identifying a rhythm: the
urrent rhythm type corresponding to a beat rtj cannot be
stablished until the following 3 beats are detected and clas-
ified.

.5. Alarms management

rom the 13 different types of rhythms described in PhysioNet,
nly 5 are considered as high-risk arrhythmias [35]. These are
he alarms that have to be notified immediately to the cardiol-
gists. The reason is that some of them (VFL and IVR) require
edical assistance in less than 3 min; other type (VT) requires
edical assistance in less than an hour and others (T and
OD) show that the user is at high-risk of suffering a heart
ttack. From the data management point of view, an alarm is
ttached to a beat++

j
when:

larm = yes ⇔ rtj ∈ {VFL, IVR, VT, T, NOD}

oreover, a special feature related in general to ECG monitor-
ng systems is that cardiologists do not have great confidence
n those automatic classifiers (in fact, none of them gets a
00% fiability). Therefore, it is required that the classifier soft-
are provides cardiologists with the supposedly abnormal

ignal parts so that they can verify if they have been correctly
lassified. That means that every alarm will be accompanied
y the signal detected as anomalous.

. Case study 2: an apnea monitoring

ystem

he goal of this apnea monitoring system is a bit different
han the previous one, because it does not make much sense
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to detect apneas anywhere and at any time. As it is well known
apneas are pauses in breathing during sleep. Those pauses
imply getting less oxygen from air and, therefore, a reduc-
tion of the oxygen in blood. An apneic event usually happens
when there is an at least 10-s interval between breaths and, an
arousal takes place or when there exists an important blood
oxygen desaturation.

In order to diagnose apneas, polysomnographies have to be
made to sleeping people. Different signals such as airflow at
the nose and mouth, breast movement, ECG, EEG, pulse and
oxygen saturation in blood are recorded and then analyzed
by physicians. Those polysomnographies have to be made
in hospitals and are very uncomfortable for the people (who
have to spend a night in a sleep lab) and also very expen-
sive. Moreover, many of those polysomnographies are made
to people that do not have apnea problems but only snoring
problems.

The goal of our apnea monitoring system is to reduce
the number of polysomnographies that have to be made in
a hospital, by performing some light polysomnography that
monitors only oxygen saturation in blood and that can be
made at home (see Fig. 5). If apneas are detected in that case,
then a complete polysomnography should be made in a hos-
pital to be sure about that and with the goal of identifying the
type of apnea: central, obstructive or mixed.

5.1. SpO2 data acquisition

In our apnea monitoring system, the first step is to obtain the
SpO2 signal. That signal is a sequence of values that represent
the oxygen saturation in blood, that is a relative measure of
the amount of oxygen that is carried in the blood. That signal
is obtained from a pulseoxymeter sensor with the following
features: it is non-invasive and it uses Bluetooth communica-
tions in order to send the SpO2 (and also pulse) values to the
PDA.

In this case, the frequency does not need to be very high:
1 Hz frequency is enough. From the data management point
of view, SpO sensors generate a continuous data stream
Fig. 5 – Apnea monitoring system.
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necessary to reduce the quantity of data to be transmitted
through the wireless link.
Fig. 6 – ODI events: falls in

5.2. SpO2 signal preprocessing

The isolated SpO2 values do not say too much about if an
apneic event is occurring (although values under 95 are not
considered normal). It is necessary to process the SpO2 signal
in order to see if there exist important blood oxygen desatu-
rations.

In fact, there are some processing tasks to be performed: (1)
applying some filters in order to eliminate artifacts: SpO2 val-
ues under 50 are usually considered as noise; and samples that
have a variation greater than 10% with regard to the previous
one are also considered as noise; (2) calculation of a moving
baseline, that is, the reference level of oxygen saturation at
each moment that is set to the greatest sample in every resat-
uration interval; (3) calculation of some measures: ODI4, ODI3,
ODI2, TSA95, TSA90, TSA85, TSA80 and TSA70.

ODIx is the number of desaturation events in a considered
fragment signal, that is, the number of falls in the SpO2 signal
with respect to the baseline. ODI4, ODI3 and ODI2 indicate the
number of falls of 4%, 3% and 2% respectively with respect to
the baseline (see Fig. 6).

TSA95, TSA90, TSA85, TSA80 and TSA70 indicate the time
spent under a saturation of 95%, 90%, 85%, 80% and 70%
respectively (see Fig. 7).

From the data management point of view, the input data
stream is preprocessed and transformed into another stream
containing the ODIs and TSAs values corresponding to a
sequence of signal fragments:

preprocess({s1, . . . , si . . .}) = {OT1, . . . , OTj . . .}

where

OTj=〈ODI4j, ODI3j, ODI2j, TSA95j, TSA90j, TSA85j, TSA80j, TSA70

that represent the ODI and TSA values corresponding to the
jth fragment of the SpO2 signal.

5.3. Apnea classification and alarms management

For each SpO signal fragment, a classification process is per-
2

formed that tells if that fragment is an apneic event or not. The
classifier is in fact a Metaclassifier of type Bagging that uses an
ADTree decision tree as base classifier. It has been built after a
training process using the data annotated and available in the
ne relative to the baseline.

Apnea-ECG Database. A fragment of that annotated database
can be seen in Fig. 8) where apneic events are annotated with
the label A and normal ones with N. The accuracy of our clas-
sifier is greater than 97%. Although an alarm could be sent
every time an apneic event were detected, it does not make
much sense in this case because those events are not dan-
gerous for the user’s life; they do not require urgent medical
assistance.

6. A general cost model for MBSDS

In Section 3 we have shown an architecture that supports
anywhere and at any time monitoring systems. In that archi-
tecture, the mobile device, apart from being the key element,
is also the most critical element, because, as it is well known,
it has some limited resources like the battery, memory, screen
size, etc.; it also uses some expensive and not always available
resources (like the wireless network). Therefore, attention has
to be paid to efficiency aspects of the monitoring system, so
that the system can be considered useful.

The objective of this section is to present a model that can
guide in the process of achieving an efficient monitoring sys-
tem. With that purpose, we present the optimization goals
in the system, the set of parameters that need to be tuned
and then the cost model that will allow us to find the optimal
configuration of the previous parameters, respectively.

6.1. Optimization goals

Three main features must be considered when looking for the
system efficiency:

1. Minimizing the use of the wireless link. Taking into
account that the cost of wireless communications of type
GPRS/UMTS is high,6 that these kind of networks are not
very reliable, and that sometimes are not available, it is
2. Diminishing latency in the alarms reception. The alarms
generated after an analysis process over the input data

6 In some countries in Europe, 1 Mb may cost 1 euro.
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Fig. 7 – TSA measures: time

stream must be communicated as fast as possible to the
physicians located in the control center so that they can
make the appropriate decision. Sometimes that may imply
in saving the user’s life.

. Rationalizing the use of the battery in the mobile device.
Considering that the battery life is short, it is very impor-
tant to optimize its use. Alternatively, if the battery is flat,
then the monitoring system will be off and no anomalous
situations will be detected, stored or sent.

Although there are other well-known restrictions related
o mobile devices such as small memory capacities, low pro-
essing capabilities or small screen sizes, we do not take
hem explicitly into account. In fact, current memory sizes
re enough to store several hours of the input data stream
apart from the monitoring software), even in the case of the
CG that is one of the biological sensors that generate more

ata. Moreover, the techniques applied to “minimize the use
f the wireless link” also achieve the goal of minimizing the
se of the mobile device memory. With respect to the pro-
essing capabilities, of course they have an influence in the

Fig. 8 – Fragment of the annotated SpO
nt under a saturation level.

cost model, but the only way we see to improve the processing
capabilities is to upgrade the mobile device processor. The last
restriction, having small screen sizes is not a problem in these
kind of monitoring systems because the interaction with the
user is not required or it is very simple and those screens are
enough to do it. Finally, the biological sensors may also need
some batteries. It has been checked that those batteries have
a much longer life than the batteries of the mobile device, and
therefore, those batteries could be recharged whenever the
mobile device battery needs to be recharged.

6.2. Parameters to be tuned

Three are the parameters that need to be tuned so that the
previous optimization goals can be reached.

1. Granularity. The granularity of the system represents the

frequency in which the input data stream is processed, or,
in other words, the size of one package of the input data
stream that has to be acquired in order to start a new pro-
cessing cycle. Notice that this is different than the data

2signal in Apnea–ECG database.
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ments get in conflict: the configuration that obtains the lowest
latency will not probably be the one with the highest auton-
omy or the smallest volume. Moreover, some configuration
may be very good for improving some of the requirements but
completely unacceptable for others, and should be rejected.
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rate, the frequency with which the data are generated by
the sensors. Those data are acquired by the mobile device
according to the data rate; in the meantime, a new data
package is formed, and once completed then another anal-
ysis process starts with it. It seems that the smaller the
granularity is, the smaller the latency in detecting anoma-
lies will be. But, on the contrary, the treatment of smaller
packages will probably consume more battery. This is why
this parameter needs to be adjusted. We will express the
granularity in time units (i.e. seconds).

2. Local or remote analysis. In an MBSDS architecture, there
are at least two possibilities of deploying the modules that
perform the analysis: (1) The mobile device acquires the
data from the biological sensors and sends them to the
control center where the analysis is performed, and alarms
are shown to the physicians. (2) The mobile device not only
acquires the input data stream but it also performs the
analysis. If alarms are detected then they are sent to the
control center and shown to the physicians. We will call the
first possibility remote analysis and local analysis the second.

3. Compression. Another important choice is to decide if it
is worth compressing the input data stream or not. Com-
pressing the input data will be a good option for the first
goal (minimize the use of the wireless link), but proba-
bly bad for the other two goals (diminishing latency and
optimizing battery), because extra processing needs to be
performed that slows the monitoring process and con-
sumes battery.

6.3. Cost formulas

In the following we show, on the one side, the formulas that
describe the different factors that need to be optimized, and
that depend on the parameters previously defined, and, on the
other side, the cost function to minimize.

6.3.1. Volume
V(g, c, a) is the function that calculates the volume of informa-
tion to be transmitted by unit time from the mobile device to
the Control Center when using a granularity g, depending on
if compression is applied (c ∈ {yes, no})and the type of analysis
performed (a ∈ {loc, remote}):

V(g, c, a) =

⎧⎪⎨
⎪⎩

Palarm × s if (1)
s if (2)
Palarm × s × C(g) if (3)
s × C(g) if (4)

(1) ≡ c = no ∧ a = local, (2) ≡ c = no ∧ a = remote

(3) ≡ c = yes ∧ a = local, (4) ≡ c = yes ∧ a = remote

where Palarm is the probability of finding an anomalous situ-
ation in the input data stream, s is the size of the input data
stream generated in a unit time, C(g) is a rate that tells which is
the size that remains after compressing an input data stream
acquired during time g (in fact, it is (1 − CR(g)), 1 minus the

compression rate)

6.3.2. Latency
L(g, c, a) is the function that calculates the latency in receiv-
ing an alarm since the time in which is acquired by the
b i o m e d i c i n e 9 6 ( 2 0 0 9 ) 141–157

biological sensors until it is shown in the Control Center to
the physicians, when using a granularity g, depending on if
compression is applied (c ∈ {yes, no})and the type of analysis
performed (a ∈ {local, remote}).

L(g, c, a) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

d + tlocal
a (g) + ts(g) if (1)

d + tremote
a (g) + ts(g) if (2)

d + tlocal
a (g) + tc(g)+

+ts(g × C(g)) + td(g) if (3)

d + tc(g) + ts(g × C(g)) + tremote
a (g) + td(g) if (4)

where d is the input delay time, that is, it is the time required
to acquire the minimum input data stream over which a com-
plete analysis can be performed,7tlocal

a (g) is the time to analyze
in the mobile device an input data stream acquired during
time g, tremote

a (g) is the same but in the Control Center, ts(g) is
the time to send from the mobile device to the Control Center
an input data stream acquired during time g, tc(x) is the time
to compress an input data stream of duration x, and td(x) is
the same but to decompress.

6.3.3. Autonomy
A(g, c, a) is the function that calculates the autonomy of the
PDA (that is, the life time of the battery) when using a granular-
ity g, depending on if compression is applied (c ∈ {yes, no})and
the type of analysis performed (a ∈ {local, remote}). It can be
defined as A(g, c, a) = b/B(g, c, a), where b is the total power of
the battery and B(g, c, a) the battery consumption by unit time.

B(g, c, a) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

clocal
a (g) + Palarm × cs(g)

g
if (1)

cs(g)
g

if (2)

cc(g) + clocal
a (g) + Palarm × cs(g × C(g))

g
if (3)

(cc(g) + cs(g × C(g)))
g

if (4)

where clocal
a (g) is the battery consumption required to analyze

in the mobile device an input data stream acquired during
time g, cs(x) is the battery consumption required to send an
input data stream of duration x from the mobile device to the
Control Center and cc(g) is the battery consumption required
to compress it.

6.3.4. Cost function
We are interested in obtaining the configuration that mini-
mizes the volume of data to be transmitted, with the lowest
latency and highest autonomy. Unfortunately, these require-
Therefore, the cost function must help in finding a config-

7 In the ECG Monitoring case, 4 beats are required in order to
classify the rhythm.
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plug and will have the opportunity to charge the battery.
Moreover, if the latency is small enough and the autonomy

is high enough, then, it may be good to reduce the volume
(because to save money is also important!). In our case we have
c o m p u t e r m e t h o d s a n d p r o g r a m s

ration that represents a good trade-off among the three
equirements.

This trade-off can be achieved through two mechanisms:
eights and thresholds. On the one hand, in the definition of

he general cost function, a weight is assigned to each of
he factors (latency, autonomy and volume) that amplifies or
ttenuates their corresponding cost. With those weights it is
ossible to establish the relative importance of each of the cost
actors in the total cost. On the other hand, some unacceptable
onfigurations may be rejected by defining some thresholds
or each of the factors, that is, some values (maximum latency,

inimum autonomy and maximum volume by unit time) to
hich their corresponding cost value is considered as infinity.

In the following, we show the general cost function that
ermits finding the optimal configuration: the one that obtains
he minimal value for that cost function.

(p̄) =

⎧⎨
⎩

∞, if V(p̄) > MV ∨ L(p̄) > ML ∨ A(p̄) < mA

wvol × V(p̄) + wlat × L(p̄) + waut

A(p̄)
, else

here p̄ =< g, c, a >, MV is the maximum volume by unit time
llowed, ML is the maximum latency, mA is the minimum
utonomy and wvol, wlat and waut are the weights correspond-
ng to the volume, latency and autonomy, respectively.

. Customization of the cost model for each
onitoring system

n the previous section, we have presented a cost model that
uides in the process of selecting an optimal configuration for
monitoring system, focusing on three aspects: best granu-

arity, applying or not compression techniques and the kind
f analysis (local or remote).

The proposed cost model is general enough to be valid for
any kind of “real-time biological sensor data-stream mon-

toring system”. However, it has to be customized for each
articular monitoring system that must be developed. This
ustomization consists of providing concrete values to the
onstants and functions that appear in the general cost model.
hese constants and functions depend strongly on the type of
onitoring performed, the type of signal or data-stream gen-

rated by the biological sensors, the user health, and some
ther machine factors like mobile device computing power,
attery lifetime, or wireless communications used. Therefore,
he semantics of the particular application must be taken into
ccount in order to do the customization.

We propose to do the customization process in two steps:
1) studying and analyzing the monitoring process in order to
ssign values to the constants; (2) designing and performing a
et of experiments and obtaining values with which to inter-
olate the functions. Those experiments are of three types:
xperiments that measure compression rates, experiments
hat measure the battery consumption (in compressing, ana-
yzing and sending tasks) and experiments that measure the
atency factors (also in compressing, analyzing and sending

asks).

In the rest of this section we give more details about how
he assignment of constants has been made and also about
he experiments performed with our monitoring systems:
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arrhythmia and apnea. The mobile device used for the experi-
ments has been the next one: An iPaq 3970 PDA with a 400-MHz
XScale processor, 64-MB SDRAM, and 48-MB Flash memory.
The PC configuration for the Control Center was a Pentium IV
(512 MB RAM, 2.4 GHz). The communication between the PDA
and the Control Center is made via WiFi.8 With the goal of
working with ECG signals that may generate alarms, we have
used one of the ECG records available in the MIT-BIH Arrhyth-
mia database. It is the 207 record that corresponds to a 89-year
old woman with 14 anomalous episodes that last 7 min (over a
30 min recording). Therefore, for these experiments, we have
substituted the ECG sensors by another computer connected
to the PDA that sends that ECG with the same frequency used
by the sensors. Finally, we have to say that some of these
elections (WiFi for communications and a record containing
many arrhythmias) are not a priori good for local analysis9

because communications between the PDA and the Control
Center will be faster with WiFi than with GPRS/UMTS, and
the more high-risk arrhythmias there are in the ECG Signal
the more communications between the PDA and the Control
Center will be needed.

7.1. Assignment of weights and thresholds

In order to do this task, it has to be established, on the one
hand, the relative importance (or weight) of the three main
factors involved in the cost model (volume, latency and auton-
omy) for the particular type of monitoring; and, on the other
hand, if there are some values prohibited for those factors.
After that, the values corresponding to the next constants in
the cost model formulas: wvol, wlat and waut, and MV, ML and
mA, respectively, must be provided.

7.1.1. Customization of arrhythmia monitoring system
In the arrhythmia monitoring case, we know that to reduce
the latency is better than to reduce the volume because in the
first case, some life could be saved, and in the second one, only
money would be saved. For the same reason, to increase the
battery life is also better than to reduce the volume. However,
it is not clear if it is better to reduce the latency than to increase
the autonomy because in that case, if the autonomy is too little
then the monitoring system could be out of order just when a
high-risk arrhythmia happened. Therefore, the same weight
could be assigned to both factors; let us say that waut = wlat =
1. The maximum latency should assure that it is still possible
to react in time in case a high-risk arrhythmia happens. After
consulting with cardiologists we assigned the value ML = 13 s.
A minimum value for autonomy could be the corresponding
to 5 h (mA = 18,000) s. It may be reasonable to consider that
within that time the user will be at home, or near an electrical
8 We have used WiFi because it was free of cost.
9 In fact, local analysis is one of the original features of our ECG

monitoring system, and we did not want to be unfair with the
remote analysis approach.
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assigned the weight wvol = 0.3 and, with the goal of not inval-
idating all the configurations that use remote analysis and
non-compression, we have assigned a maximum volume of
360 (MV = 360), supposing that it is affordable to pay for send-
ing 30 Mb, the size of a 24-h ECG signal when using a 360 Hz
acquisition frequency.

7.1.2. Customization of apnea monitoring system
In the apnea monitoring case, the autonomy is not really a
problem because while the user is sleeping, the PDA can be
connected to an electrical plug. With respect to alarms, nobody
dies due to suffering an apnea, so the latency of detecting
apneas is not very critical. Moreover, it is not really required
to send the apnea information in real-time, and therefore the
volume of data is not a problem either taking into account
that the size of a 10-h SpO2 signal is of 36 Kb using a 1 Hz
acquisition frequency. Notice that we do not say that it is not
important to detect apnea episodes in real-time. In case a very
prolonged apnea would be detected, then it would be a good
idea to wake up the user by using a sound alarm from the
PDA. Nothing should be sent to the physician in order to do
that. In summary, we can consider that the three factors are
equally important: waut = wlat = wvol = 1. With the goal of not
invalidating all the configurations that use remote analysis
and non-compression, we can assign a maximum volume of 1
(MV = 1), a minimum autonomy of 1 h (mA = 3600) in case of
an electrical power blackout would happen and a maximum
latency of ML = 62 s, a couple of seconds after the last 1-min
signal.

7.2. Assignment of monitoring- and user-dependent
constants

Some of the monitoring-dependent constants are d (the input
delay time) and s (the size of the input data stream acquired
by unit time) and must also be provided. The input delay time,
d, represents the time required to acquire the minimum input
data stream over which a complete analysis can be performed,
and depends on the type of monitoring.

Another user-dependent constant is Palarm, the probabil-
ity of an alarm going off. That constant is user-dependent
because not all the people have the same probability of suffer-
ing an anomalous episode.

7.2.1. Customization of arrhythmia monitoring system
In our ECG arrhythmia monitoring case, a sequence of 4 beats
is required in order to classify its rhythm and then d is10:
d = g × �240/g × hr� where hr is the heart rate (the number
of beats per minute). Notice that hr is the average heart rate

corresponding to the user.

s (the size of the input data stream acquired by unit time)
is 360 bytes, by working with a frequency of 360 Hz and a unit
time of 1 s.

10 4 × 60/hr is the number of seconds required to occur 4 beats;
�4 × 60/g × hr� is the number of entire packages of granularity g (in
seconds) that contain 4 beats; and g × �4 × 60/g × hr� is therefore
the number of seconds that need to be waited until the packages
that contain 4 beats are acquired.
b i o m e d i c i n e 9 6 ( 2 0 0 9 ) 141–157

The probability of an alarm going of, a high-risk arrhyth-
mia, the Palarm is extremely high (0.23) because the signal
corresponds to the 207 patient where 7 min of a 30 min record-
ing correspond to anomalous signal.

7.2.2. Customization of apnea monitoring system
In the apnea monitoring case, d is considered to be 60 s and s is
1 byte. A frequency of 1 Hz is enough. The probability of occur-
ring an apneic episode, the Palarm, is 0.05, taking into account
that the 20% of the signals appearing in the Apnea–ECG
Database contain apneic episodes.

7.3. Experiments related with compression rate

The goal of these experiments is to approximate the function
C(g) = 1 − CR(g), which defines the compression rate obtained
when compressing an input data stream acquired during time
g. Notice that it depends on several features related to the
input data stream: acquisition frequency, size of each sample
or datum in the data stream, the range and concrete values of
those samples, and even the type of analysis required by it.

In order to choose good compression algorithms, we started
studying some compression algorithms commonly used in
the signal processing area [22]. In that area, some of the pro-
posed algorithms are based on lossy compression, meaning
that after decompression the original signal is not exactly
obtained. However, that is not a great problem if the loss of
information is not very significant. There are some measures,
like the Percentage Root mean-square Difference (PRD), that
can be used in order to quantify that loss of information. The
closer to zero PRD is, the more similar are the original and
compressed signals. Moreover, both signals do not have to be
exactly equal, only the results of the analysis over the origi-
nal and compressed signals should be equal. In that case, the
lossy compression could be a reasonable option.

Moreover, we also tried to apply other well known lossless
compression algorithms typically used in order to compress
any kind of files in many computer science areas. Typical algo-
rithms without loss of information are the following ones: ARJ,
LHA, RAR, ZIP, GZIP and GIF.

Finally, we also tried to apply both types of algorithms:
lossless and lossy compression algorithms.

Two are the experiments designed and performed: one to
find the best compression algorithm, and, the other one, to
obtain the compression rates for different input data stream
sizes.

7.3.1. To find the best compression algorithm in the
arrhythmia monitor
In this case, we saw that lossy compression methods with
a PRD smaller than 0.5 compress the ECG signal and do not
produce morphological changes that affect to the rhythm
ECG classifier. In Table 1 we show the compression rates and
PRD values obtained with two lossy compression algorithms:
Differential Pulse Code Modulation (DPCM) and Fast Fourier
Transform (FFT) applied over signals of several minutes.
Another interesting point is that the obtained results work-
ing with lossless compression algorithms were in general
better than the compression algorithms used in the signal pro-
cessing area. In Table 1 we show the compression rates for the
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Table 1 – To find the best compression algorithm in the arrhythmia monitor.

10 min 30 min 60 min 120 min

DPCM (PRD) 43.8% (0.0002) 43.6% (0.0001) 43.6% (0.0101) 43.6% (0.0124)
FFT (PRD) 42.9% (0.38) 24.% (0.31) 24.5% (0.31) 24.4% (0.31)
GZ 74.5% 75.6% 75.6% 75.6%
DPCM + GZ 82.6% 83.0% 83.0% 83.0%
DPCM + GZ2 83.2% 83.7% 83.0% 83.0%
DPCM + BZ2 87.7% 88.2%
FFT + BZ2 76.7% 69.4%

Table 2 – To find the best compression algorithm in the
apnea monitor.

10 min 30 min 60 min 120 min 480 h

GZ 90.3% 88.6% 88.7% 88.4% 88.9%
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BZ2 93.2% 92.2% 92.7% 92.9% 93.7%
DPCM 16.6%
DPCM + BZ2 92.6%

ossless compression algorithm GZ (around 75% compression
ate, much better than the 45% compression rate for DPCM).

Finally, we learnt the following property: (in fact it
onstitutes an original result) the combination of lossless
ompression and lossy compression algorithms outperforms
oth types of algorithms. The best option is to compress the

nput data stream with a lossy compression algorithm, and
hen to compress the previous result with a lossless compres-
ion algorithm. In Table 1 we can see that the compression rate
or the combination of a lossless compression algorithm (BZ2)
nd a lossy compression algorithm (DPCM) obtains a really
ood compression rate (around 88%).

.3.2. To find the best compression algorithm in the apnea
onitor

n this case, we saw that a lossy compression methods like
ifferential Pulse Code Modulation (DPCM) does not produce
good compression rate (16.66% for an 8-h recording). Notice

hat with those low compression rates it is normal that the
ombination of a lossy compression algorithm (DPCM) and
ossless compression algorithms (BZ2) is worse than BZ2 algo-
ithm, that is the best compression algorithm in this case (see
ig. 2), with a 93.7% compression rate.

.3.3. To obtain the compression rates
nce the best compression algorithm has been identified, it

s required to obtain the compression rates depending on

he input data-stream size. In the previous experiment, the
ompression rates were obtained when compressing relatively
arge data streams (in the matter of minutes). However, when

onitoring data-streams in real-time, the granularity is much

Table 3 – Compression rates for different granularities (in s).

g (s) 1 2 5

CR(g) using DPCM + BZ2 with ECG signals 80.41 83.36 8
CR(g) using BZ2 with SPO2 signals −1233 −18
88.2% 88.2%
69.1% 68.8%

thinner and, therefore, the compression rate may be lower. In
Table 3 we show which are the compression rates obtained by
compressing ECG signals with combination of the DPCM lossy
compression algorithm and BZ2 lossless compression algo-
rithm, in the arrhythmia monitor case, and SpO2 signals with
the BZ2 algorithm. It can be seen that the bigger the granular-
ity, the bigger the compression rate. Moreover, a compression
rate very close to the optimal (88%) can be obtained with a
granularity of around 30 s, and with granularities of only few
seconds, the compression rate may be considered as very high
(around 85%). In the apnea monitor case, compression rate for
60 s-signals (around 67%) are a bit far from the optimal rate
(around 93%), for which 10-min signals are required.

Finally, the corresponding C(g) functions can be obtained
by interpolating the values appearing in Table 3.

7.4. Experiments related with latency

The goal of these experiments is to approximate several
functions that appear in the cost model formulas: those cor-
responding to analyzing an input data stream acquired during
time g in the PDA and in the Control Center (tlocal

a (g) and
tremote
a (g)), and, the functions that define the time to compress,

send and decompress it (tc(g), ts(g) and td(g)). Particular atten-
tion must be paid to assure that the real-time processing is
possible.

7.4.1. To obtain the minimum granularity for real-time
processing in the arrhythmia monitor
The real-time monitoring of mobile sensor data-streams can-
not be guaranteed if it is not possible to process an input
package before the next input package is acquired. This
depends strongly on the size of that input package, that is, the
granularity. As, in many cases, the processing times change
from execution to execution, then it is better to repeat the

experiments several times and to work with the mean (�) and
standard deviation (�). In general, granularities g such that
�(ta(g)) ≥ g must be rejected. Moreover, it is even safer to reject
granularities such that (�(ta(g)) + �(ta(g))) ≥ g. In Table 5, we

30 60 120 300 600

5.58 88.18 88.33 88.35 88.13 87.73
0 44.44 67.22 81.67 90.8 93.06
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Table 4 – Analysis time (mean and standard deviation)
for the arrhythmia monitor.

g �(tlocal
a ) �(tlocal

a ) �(tremote
a ) �(tremote

a )

1 0.75 0.77 0.066 0.056
2 1.33 0.93 0.134 0.068
3 1.88 1.23 0.182 0.078

Table 6 – Compression, sending and decompression
times in the arrhythmia monitor.

g tc(g) ts(g) td(g)

1 0.18 0.11 0.007
2 0.3 0.13 0.008
3 0.4 0.14 0.009
4 0.5 0.15 0.010
5 0.6 0.17 0.011
6 0.8 0.18 0.011

12 1.6 0.3 0.018

Table 7 – Compression, sending and decompression
times in the apnea monitor.
4 2.44 1.57 0.22 0.091
5 2.94 1.76 0.238 0.114
9 4.98 2.29 0.317 0.123

show the times required to analyze an ECG signal of size g
in the PDA of our ECG monitoring system. We can see that
the minimum granularity should be of 4 s (if we relax a little
bit the previous restriction because (�(tlocal

a (4)) + �(tlocal
a (4))) =

4.01). The minimum granularity if the analysis is remote could
be of only 1 s because (�(tremote

a (1)) + �(tremote
a (1))) = 0.122. No

smaller granularities are taken into account because the heart
frequency is usually greater than 60 beats per minute, what
means that the probability of finding a beat if the granularity
is smaller than 1 is really low.

Tables 4 and 5

7.4.2. To obtain the minimum granularity for real-time
processing in the apnea monitor
In fact, in this case, the real-time processing does not consti-
tute a problem, because it can be achieved even if the analysis
process is performed every second, that is, every time a new
sample is sent from the sensor (the input data frequency is of
1 Hz). Although that is the frequency of analysis, the analysis
is performed with the last 60-s signal. Moreover, the obtained
results show that the analysis process in the PDA is slower
when the frequency is 1 Hz, because the CPU workload is big-
ger in that case. However, that does not happen when the
analysis process is performed in the Control Center. In that
last case, the more workload there is in the CPU, the faster the
analysis is performed what might mean that the CPU clock
frequency is automatically reduced if the workload is low.

7.4.3. To obtain the compression, decompression and
sending times
Once the minimum granularity is obtained, then some exper-
iments need to be performed in order to approximate the
functions that define the time to compress, send and decom-

press it (tc(g), ts(g) and td(g)). In Table 6 we show the obtained
results for granularities greater than 1 (that was the minimum
granularity for remote analysis) in the arrhythmia monitor.
For the apnea monitor case, we only show the compression,

Table 5 – Analysis time (mean and standard deviation)
for the apnea monitor.

g �(tlocal
a ) �(tlocal

a ) �(tremote
a ) �(tremote

a )

1 0.014 0.002 0.0004 0.003
2 0.013 0.002 0.0007 0.004
5 0.013 0.002 0.002 0.011

15 0.012 0.002 0.005 0.015
30 0.010 0.002 0.008 0.011
60 0.008 0.001 0.016 0.01
g tc(g) ts(g) td(g)

30 0.62 0.10 0.005
60 0.63 0.11 0.006

sending and decompression times for frames of 30 and 60 s.
Independently of the analysis frequency, the frame size to be
analyzed is of 60 s.

Table 7

7.5. Experiments related to autonomy

The goal of these experiments is to approximate the functions
that appear in the cost model formulas corresponding to bat-
tery consumption required to analyze, compress and send in
the PDA an input data-stream acquired during time g (clocal

a (g),
cs(g) and cc(g)). Before performing those experiments, simple
techniques to reduce battery consumption need to be applied.

7.5.1. To reduce the battery consumption
There are two simple but effective things that can be done in
order to reduce the battery consumption: to disable brightness
and sound in the PDA, and to adjust the frequency of the PDA
processor.

It is a very good option to disable brightness and sound of
the PDA because the power savings are really important (up to
100% better in many cases).

Another technique that can be applied is to adjust the fre-
quency of the PDA processor in order to minimize the battery
consumption. The idea is to reduce the CPU frequency (what
means a power saving in the battery) without increasing the

latency, that is, without increasing the times to compress, ana-
lyze and send the input data-stream. In our case, we tried with
several frequencies, and also with a utility call LAMP (Linux
and Managed Power) [28], a simple user-level tool to adapt CPU

Table 8 – Battery consumption in the arrhythmia
monitor.

g clocal
a (g) (in mA) cs(g) cc(g)

2 0.06 0.04 0.10
3 0.09 0.06 0.22
4 0.12 0.06 0.23
5 0.16 0.10 0.24
9 0.19 0.16 0.41

120 0.29 1.50 2.00
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from heart arrhythmias, and an apnea monitoring system
Fig. 9 – Different configurati

requency to CPU load and we realized that with this last tool
ome power savings (of about 10% more) were gained.

.5.2. To obtain the battery consumption to analyze,
ompress and send
inally, some experiments were performed in order to approx-
mate the functions clocal

a (g), cs(g) and cc(g), that calculate the
attery consumption required to analyze, compress and send

n the PDA an input data-stream acquired during time g. Notice
hat these experiments were performed by applying the basic
echniques explained in previous subsection: brightness and
ound disabled and the LAMP utility enabled. In Table 8 we
how the battery consumptions obtained for some of the gran-
larities.

In the apnea monitor, we also performed these experi-
ents in order to know the battery consumption. However, as

he input data size is always of 60 s we only show the average
onsumption in mA required for signal input packages of 60
: clocal

a (60) = 0.11, cs(60) = 0.15 and cc(60) = 0.09. Moreover, this
ime is not so critical due to fact that the PDA can be connected
o the electrical plug while the user is sleeping.

.6. Global experiments: the optimal configuration

nce all the constants and functions in the cost model have
een set, then an optimal configuration can be calculated. We
ave written a module that calculates the cost for all the pos-
ible configurations (a set of different granularities, with or
ithout compression, with local or remote analysis) and iden-

ifies the optimal configuration. For the arrhythmia monitor,
he optimal configuration is the one that uses granularity of
s, and applies compression and local analysis (with a cost

f 1,080,578,377). However, for the apnea monitor, the optimal
onfiguration is the one that uses a granularity of 2 s (every
s, it analyses the last 1-min signal), and does not apply com-
ression but uses local analysis (with a cost of 6,015,441,132).
or the monitoring systems.

In Fig. 9 we can see which are those best configurations, and
also other interesting data. For example, we can see, for the
arrhythmia case (graph on the left), that applying compres-
sion techniques is in general better than not applying them.
And also, for the apnea monitoring case graph on the right),
that it is not worthy applying compression techniques when
performing local analysis.

Finally, we can say that the optimal configuration can
be calculated dynamically in runtime. Depending on the
actual conditions: battery power that is left, availability of a
non-expensive and more reliable network like WIFI, WiMAX,
or even a wired one instead of GPRS/UMTS, mobile device
plugged to a power supply, etc. then the weights of the dif-
ferent factors waut, wvol and wlat could be changed and an
optimal configuration could automatically be calculated by the
optimization module and set up. Of course, some of the user-
dependent values such as Palarm, average heart rate hr, could
be continuously updated depending on the actual number of
high-risk arrhythmias and apnea episodes detected and the
heart rate.

8. Conclusions

The goal of this paper is twofold. First, to present our proposal:
an architecture for Mobile Biological Sensor Data Streams
(MBSDS) that supports monitoring systems that manage data
streams generated by biological mobile sensors. Moreover,
we have proved its suitability with two real systems: an
ECG monitoring system whose goal is to provide an any-
where and at any time assistance to persons that suffer
whose goal is to detect apneas in real-time. Those systems
have already been implemented, validated with the MIT-
BIH arrhythmia and Apnea–ECG databases and offer accurate
results.
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Second, knowing that, in order to be useful, these kind
of systems need to be efficient, we have also proposed
a cost model that takes into account the different fac-
tors that can be optimized (volume, latency and autonomy)
and that guides in finding an optimal configuration for the
monitoring system. Moreover, several parameters and tech-
niques are taken into account by the cost model such as
the optimal granularity, measuring if local analysis is worth
being applied, compressing the data streams by working
with different compression algorithms, adapting frequency
of processor, or disabling brightness and sound in the PDA.
This cost model can be applied to any monitoring sys-
tem that follows an MBSDS architecture. We have also
explained how that model can be customized for each
particular monitoring system, and we have illustrated the cus-
tomization process for the arrhythmia and apnea monitoring
systems.
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