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A B S T R A C T

In the era of IoT and hyperconnection, an efficient electrocardiogram (ECG) telemonitoring system in wireless
body area network (WBAN) demands an easy to use, self-configurable, secure, plug and play system with
minimum hardware and computational complexities. The compression and quantization parameters required for
an efficient representation of ECG signal will vary from patient to patient, from lead to lead, and from time to
time. To this end, we propose a compressed sensing based WBAN with self-configurable gateway node (CS-
SCGN) using deterministic binary block diagonal (DBBD) measurement matrix. The self-configurability is
brought in through a low complex method for adaptive tuning of parameters with a careful choice of mea-
surement matrix and data length. The redundant data transfer between sensor nodes and gateway node is
avoided by addressing the diverse requirements in ECG remote health monitoring through three modes of
configuration in the proposed system. A further reduction in communication and storage cost is achieved by
optimizing the number of bits transmitted by sensor nodes by automatically tuning the compression ratio and
quantization depth based on the dynamics of ECG signal. The self-configuration algorithm is designed to run at
the gateway node in such a way as to optimize the power efficiency of sensor nodes without causing an extra
power drain at the gateway node. Also, we investigate the feasibility of using smartphone as an IoT gateway
node for performing primary processing to provide local utility before sending the received data to the remote
server. The energy efficiency and real-time feasibility of the proposed algorithm are evaluated by implementing
the gateway node on Odroid-XU4 board which runs on the same processor as in the latest smartphones. The
experimental results indicate that our proposed self-configurable system at the gateway node makes the entire
ECG telemonitoring system flexible, plug and play, patient independent and power-efficient.

1. Introduction

Nowadays, telemonitoring of physiological signals like electro-
cardiogram (ECG), photoplethysmogram (PPG), electroencephalogram
(EEG), electromyogram (EMG), blood pressure level, etc. are becoming
very crucial in the diagnosis and treatment of several diseases. The
rapid advancement in Internet of Things (IoTs) paved the way for a
technological revolution in healthcare industry [1–3]. Wireless body
area network (WBAN) [4,5] systems play a significant role in the IoT
based healthcare applications. In many countries, one of the leading
causes of death is cardiovascular disease (CVD) [6]. Continuous mon-
itoring of heart activities is essential to tackle the danger of CVD as well
as to enhance the cardiovascular diagnosis [7–10]. This will result in
massive amount of ECG data to be transmitted and stored [11–13].
Handling the transmission of this bulk data poses a great challenge on
health care IoT with a tight constraint on energy consumption.

The morphology of ECG signal is governed by the action potentials
generated from multitude of cardiac cells and their sequence of

activation, resulting in a time-varying sparsity nature of the signal [14].
Other physiological factors such as differences in the heart position,
size, and physical conditions contribute to the heterogeneity of ECG
morphology among individuals. The cardiac dynamics [15] can be
viewed as a spatial-temporal impression that reflects the temporal
changes in the ECG signal. For such a signal, it is highly beneficial to
have the compression and quantization parameters to be in tune with
the signal dynamics.

WBAN sensor nodes are tiny battery powered devices with tight
resource constraints. Due to the limited power available, the expensive
wireless transmission of massive data from sensor nodes to the gateway
node must take into account the variation in compression and quanti-
zation parameters for the efficient representation of ECG signal from
time to time. The vendors either enforce the users to correctly configure
the sensor nodes with the gateway node or provide sensor nodes with a
commonly acceptable configuration setting. Need for intervention
burdens the user in the former case whereas, the optimum configura-
tion is less likely to be achieved in the latter case. Both the cases are not
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favorable as the users are concerned, which ultimately increases the
acceptance barrier. Hence the connectivity of ECG sensor nodes to the
IoT network should be backed up by the plug and play functionality
[16]. The design of an energy efficient plug and play sensor node re-
mains an open challenge to the research community. The energy con-
sumption of a sensor node is dominated by its transmission costs. So
there is a high requisition to reduce the transmission costs without
compromising the plug and play functionality.

Compressed sensing (CS) has been extensively used to facilitate the
measurement process in WBAN [11,12,17,18]. CS [19–21] involves a
simple linear encoding procedure which significantly reduces the
compression complexity at the transmitter side. Authors in Ref. [17]
have shown that CS increases the energy efficiency of the biosensing
node compared to Nyquist sampling. Rate adaptivity in CS framework is
attempted by various researchers in the recent literature. In Ref. [22], a
rate adaptive CS scheme using change point method (CPM) is con-
sidered, in which the optimum compression rate is estimated by de-
tecting the change in sparsity. The sensor node has to send additional
cross-validation measurements to the gateway based on a given error
bound. Their scheme involves CS recovery, CPM, and sparsity estima-
tion at the gateway node. But CS recovery is computationally intensive
and power hungry. In Ref. [23], the authors presented an end to end CS
system using padded binary permuted block diagonal (BPBD) matrix in
which the compression parameter is tuned by means of mirror padding
of samples. Some limitations of the method are (i) padding of sym-
metric elements may significantly distort or alter the original signal, (ii)
raw (uncompressed) sensor data is employed for tuning the parameter
which will increase the transmission cost, and (iii) additional buffer is
required. Both the above methods try to achieve adaptability through
tuning a single parameter, i.e., compression parameter.

There are papers in the literature that addresses the adaptation of
both compression and quantization parameters in CS framework. In
Ref. [18], a configurable quantized CS architecture for WBAN is pre-
sented; but that algorithm cannot be used for real-time plug and play
operation. It is running offline due to the time-consuming 1 -norm
solver in the reconstruction stage. A dynamic knob design to configure
the parameters in CS framework was provided in Ref. [24]. The design
is based on a supervised learning algorithm which is computationally
intensive and time-consuming. The parameter estimation is done using
a lookup table module based on predefined templates.

With the ability to self-configure the sampling and quantization of
sensor nodes, gateway nodes can help to save the battery power of
sensor nodes significantly. In addition, it is feasible to perform simple
feature extraction operation at gateway node facilitating data security
or early disease detection [25]. For example, inter-pulse interval (IPI)
can be extracted [26] to facilitate arrhythmia detection as well as to
generate binary sequences for entity authentication and key manage-
ment in WBAN [27–30]. But these operations need to be done at the
gateway node without causing a great increase in computational com-
plexity and power consumption. Hence, there is a need to reduce the
complexity of recovery operation at the gateway node. The idea of di-
rectly working on the compressed samples to find unknown parameters
was introduced in Ref. [31]. [32] presents an inference framework by
which the reconstruction can be avoided entirely and feature extraction
techniques can be applied directly to the compressed EEG signal.

The acceptance of smartphones as mobile IoT gateways has become
prominent among the research community mainly due to their (i)
widespread usage, (ii) small size and relatively high computing power
and (iii) seamless wireless connectivity options [33–35]. As more and
more applications are running on battery driven smartphones, energy
consumption becomes a critical issue. Hence, it is essential to study the
energy consumption profile of smartphone, while we incorporate new
IoT applications to it. Latest smartphones run on multiprocessor plat-
forms such as ARM big.LITTLE processor that provides a wide range of
energy and performance control. In Refs. [33,34], the authors discussed
the performance/energy tradeoffs when running CS recovery

algorithms on ARM big.LITTLE platform. In Ref. [35], the im-
plementation of different processing frameworks on Odroid XU4 [36]
evaluation board were analyzed. It has been shown that CS-based re-
covery can be efficiently performed on the gateway node in real time.
Also the battery life of gateway node can be extended by performing
basic signal processing at the gateway itself, thereby reducing trans-
mission cost. But there is no study reported so far which evaluate the
power saving at sensor nodes due to the self-configurability feature and
the corresponding energy consumption at gateway node facilitating the
plug and play paradigm in IoT scenario.

In this work, we present the design of a WBAN gateway node that
can self-configure the sensor nodes to match the dynamics of ECG
signal, while at the same time meeting the resource constraints for the
telemonitoring of ECG signal. ECG monitoring applications such as
healthcare (HC) and wellness (WN) applications [37] demand different
signal reconstruction quality for different levels of analysis. Therefore it
is highly desirable to provide different compression and quantization
parameter values suiting the analysis level in energy efficient WBAN
systems. Therefore, this work aims to:

1. Avoid redundant data transfer between sensor nodes and gateway
nodes by addressing the diversity of system requirement in ECG
telemonitoring through the design of three modes of configuration.

2. Develop a CS based self-configurable gateway node (CS-SCGN) for
the telemonitoring of ECG. Fine adaptive tuning of compression and
quantization parameters of the sensor node can be achieved by
running the algorithm at the gateway node.

3. Through simulation studies, quantify the merits of the proposed
system in terms of reduction in number of bits transmitted from the
sensor node to gateway node.

4. Implement the proposed algorithm on ARMs big.LITTLE hetero-
geneous multiprocessor platform and evaluate the improvement in
energy efficiency both at the sensor nodes and gateway node
through experimental analysis.

2. Methods

2.1. Background

In this section, the concept of compressed sensing and the metrics
need to be considered for performance evaluation of a CS based system,
are presented.

2.1.1. Compressed sensing
CS maps the signal from a higher dimension to a lower dimension.

Let f N be an N-dimensional ECG signal with discrete cosine
transform (DCT) matrix as its sparsifying matrix and with x as its
sparse representation in . i.e. =f x . CS encoding process involves
the projection of input signal onto a ×M N (M<<N) measurement
matrix A [19].

= =y Af A x (1)

In most of the prevailing CS applications [38], random matrices like
Gaussian matrices, Bernoulli matrices or binary sparse matrices are
used as the measurement matrices. CS recovery process involves linear
programming techniques and the recovery problem can be formulated
as: provided with y and A, determine the signal f in such a way that

=y Af is satisfied.
The limitations of dense random measurement matrices include (i)

complex computation due to non-zero matrix entries, (ii) need for on-
chip random seed for their generation, and (iii) slow encoding process.
To overcome these limitations, sparse random measurement matrices
have been suggested in Refs. [39,40]. Deterministic binary block di-
agonal (DBBD) matrix has been suggested in Ref. [41] for the low
complex encoding of ECG signals.
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Eqn. (2) denotes a DBBD matrix A. If A is a ×M N matrix, then the
compression parameter . The comparison of various measurement
matrices in terms of number of additions and multiplications, and sto-
rage space is shown in Table 1 where, ×M N denotes the size of the
matrix and d is the number of 1's in each column of binary sparse
matrix.

2.1.2. Performance metrics
The performance measures used for evaluating the signal quality

are: Compression ratio (CR), Percentage root mean square difference
(PRD), IPI, and Entropy.

CR is the ratio of number of samples of input signal N to the number
of measurements M.

=CR N
M (3)

PRD quantifies the distortion between the original signal f and the
reconstructed signal f .

= ×f f
f

PRD(%) 100
(4)

Zigel et al. [42] examined the relationship between PRD and the
signal quality observed by a cardiologist. Below 2% is classified as “very
good” whereas above 9% is classified as “not good/bad.” The accep-
table limit of PRD is less than 9%.

IPI, defined as the time difference between consecutive R peaks of
an ECG signal, is an important feature of ECG signal. The randomness of
bitstream generated from IPI is quantified through entropy. Entropy is
a measure of average uncertainty in the random variable. For an n-bit
binary sequence = …B b b b{ , , , }n1 2 , entropy H B( ) is calculated as:

= +H B p p p p( ) [ (0)log (0) (1)log (1)]2 2 (5)

where, p (0) and p (1) denote the probability of occurrence of 0s and 1s
respectively in B.

2.2. WBAN design

The proposed design of WBAN considers the scenario of long term
ECG monitoring for health care IoT. The design is developed to provide
maximum energy efficiency by incorporating three modes of operation.
In a normal case, it will be only required to monitor the heart rate
through IPI extraction. If a variation in heart rate is detected, there will
be a need for detailed analysis of ECG signal facilitating disease de-
tection. These two modes of operation are named as ‘Monitoring mode’
and ‘Diagnostic mode’ respectively. Providing these two modes of op-
eration will help to prevent unnecessary high rate data transfer when it
is not essential. In order to facilitate secure data transfer to protect the
privacy of sensitive personal data when needed, an additional mode of

operation namely ‘Key generation mode’ is also incorporated in the
system. In each mode of operation, compression and quantization
parameters are adaptively tuned to suit the signal dynamics and re-
construction quality requirements, thus optimizing the energy effi-
ciency of the system.

2.2.1. System model
The proposed system (Fig. 1) consists of three entities: (i) Sensor

node, a biosignal sensing node that collects the biosignal (e.g., ECG),
and performs compression and quantization processes on the signal. (ii)
Gateway node, an intermediate node that forwards the sensor in-
formation to a remote user or a doctor and also provides real-time
feedback to the WBAN user. (iii) Receiver, the entity that reconstructs
the original signal for a remote user or a doctor. The sensor node can be
either an on-body node or in-body (implanted) node. It captures the
critical biosignals and performs the basic necessary signal processing
operations with minimum hardware and computational complexity.
Then the sensor node sends the quantized compressed measurements to
the gateway node. The compressed measurements are quantized by just
truncating the LSBs of digital values corresponding to the CS mea-
surements. Thus the quantization module consists of an analog to di-
gital converter followed by an LSB truncation unit. The gateway node
can be either on-body (smartwatch or smartphone) or off-body (laptop
or desktop computer), and it has lesser energy constraints compared to
the sensor node. The gateway node collects the data coming from
various sensor nodes and performs first level processing on them to
provide information to the WBAN user. The gateway node then sends
the data to a remote server for further processing and analysis of phy-
siological signals.

As shown in Fig. 1, the proposed gateway node consists of three
functional units: N/M knob, Q knob and performance evaluator. N/M
and Q knobs tune the compression and quantization parameters of each
sensor node, while the performance evaluator (Fig. 2) coordinates the
entire procedure and takes the decision based on the required perfor-
mance.

2.2.2. Design considerations
The two important design considerations for the CS framework in

our proposed system are self-configurability and computationally

Table 1
Comparison of different measurement matrices.

Matrix Multiplication Addition Storage space

Gaussian ×M N ×M N( 1) ×M N
Bernoulli 0 ×M N( 1) ×M N
Binary sparse 0 dMN ×M N
Structurally random

matrix
N NlogN +N NlogN2

BPBD 0 ×M m( 1)= N M ×M N
DBBD 0 ×M m( 1)= N M 0

Fig. 1. Block diagram of the proposed system.

Fig. 2. Performance evaluator.
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efficient design. CS framework at the sensor node should be designed in
such a way that the self-configurability is achieved easily at the
gateway node. The resource-constrained nature of WBAN sensor nodes
demand computationally efficient design for the self-configurability
feature to minimize the energy usage at the sensor node as well as at the
gateway node. The factors that determine the efficiency of CS frame-
work in our proposed system are the choice of measurement matrix and
the sample length N.

2.2.2.1. Choice of measurement matrix. As WBAN sensor nodes are
highly resource constrained, the most important consideration is to
make the CS encoding process as simple as possible. Therefore, we have
to choose a measurement matrix in CS based encoding for ECG
telemonitoring such that:

a) The encoder design is low complex and energy efficient.
b) The overall WBAN system is reconfigurable in response to applica-
tion requirements or biosignal dynamics with minimum computa-
tional complexity.

c) The reconstruction algorithm is simple and its running time is less.

Since DBBD matrix in CS framework offers low computational
complexity and memory requirement compared to other measurement
matrices (see Table 1), it is highly recommended for the design of re-
source constrained systems. In the design of energy efficient sensor
nodes, where the compression ratio can be tuned by gateway node,
DBBD is the best choice due to the following additional property.

Proposition 1. Measurements corresponding to higher compression ratio
can be generated through simple addition of DBBD based encoder output.

Proof. Consider a DBBD based CS encoder with input
= …f f f f[ , , , ]N

N
1 2 and output = …y y y y y[ , , , , ]M

M
1 2 3 . To have

the measurements y corresponding to CR = 2, m must be equal to 2 in
Eqn. (2). Thus, = + + … +y f f f f f f[ , , , ]N N

N
1 2 3 4 1

/2. For CR = 4,
= + + + … + + +y f f f f f f f f[ , , ]N N N N

N
1 2 3 4 3 2 1

/4. No other
matrices have the feature of generating higher order CS measurements
from its lower order measurements, this way. □

From Table 1, it is evident that DBBD matrix has lower complexity
and higher energy efficiency (design criterion a). Reconfigurability can
be easily realized by employing DBBD matrix in CS encoding as de-
monstrated in Prop. 1 (design criterion b). The CS recovery algorithm
presented in Ref. [41] is simple and fast, which exploits the properties
of DBBD matrix through thresholding in the DCT domain (design cri-
terion c). Hence, we choose DBBD matrix as the measurement matrix in
our proposed system.

2.2.2.2. Choice of N value. Usually, the data length N is taken as power
of 2 such as 256, 512, etc. to match the block length requirements for
various signal processing operations including FFT. In Ref. [43], the
author pointed out that there are good FFT algorithms with any block
length. Most of the common algorithms in Ref. [44] support a wider
class of block lengths, and those algorithms have lesser computational
complexity compared to those having power of two as block lengths. If
we take N=512 in a DBBD based CS encoding, then m can take only
values 2, 4, 8, 16, etc. This discontinuity in the range of values that the
compression parameter can take, is a drawback for the practical design
of a system with self-configurability feature. Choosing N as a highly
composite number (HCN) solves this issue.

Proposition 2. If the signal length N for a DBBD based CS scheme is a
highly composite number (i.e., 840), then the compression parameter m can
take maximum number of integer values as operating points.

Proof. HCN is a positive integer that has more divisors than any other
smaller integer [45]. HCNs are listed in the sequence A002182 of OEIS
(online encyclopedia of integer sequence). In engineering designs, these

numbers tend to simplify the calculations involving fractions.

840 is a highly composite number and is the least common multiple of 2,
3, 4, 5, 6, 7 and 8. Therefore, in an ×M N DBBD matrix, if we take
N=840, we can avail different m values such as 2, 3, 4, 5, 6, 7, 8, 10, 12,
14, 15, 20, 21, 24, 28, 30 etc. Also except 1260, all the other succeeding
HCNs after 840 are multiples of 840. Therefore N=840 is a good choice
for DBBD based CS scheme. □

Using the signal length N as HCN, the proposed tuning method for
compression parameter has many advantages such as lack of need for
buffer and better power efficiency compared to the padded BPBD
method explained in Ref. [23].

2.2.3. Functional blocks in CS-SCGN
2.2.3.1. N/M knob. The N/M knob is adjusted to generate CS
measurements corresponding to different compression ratios from the
initial measurements reaching the gateway node. Let the initial
measurements reaching the gateway node with CR=2 from the
sensor node be m1, m2, m3, …, m420. Now in order to generate the
measurements corresponding to CR=4 at the gateway node, it is
sufficient to add two consecutive measurements (i.e., m1+m2, …,
m419+m420). To procure measurements with CR=6, three
consecutive initial measurements (i.e., m1+m2+m3, …,m418+
m419+m420) are added and so on. If the measurements m1, m2, m3, …,
m280 arriving the gateway corresponds to CR=3, then the two
consecutive measurements are added (i.e., m1+m2, …, m279+m280) to
get the measurements corresponding to CR=6. For the measurements
with CR=9, the three consecutive measurements are added (i.e.,
m1+m2+m3, …,m278+ m279+m280) and so on. After adjusting the N/M
knob in steps, the resulting measurements are fed to the performance
evaluator for signal quality assessment.

2.2.3.2. Quantization knob. The input fed to the Q knob is the CS
measurements corresponding to the optimum CR value fixed by the
action of N/M knob. Then the Q knob will perform bit-level truncation
by removing LSBs one by one from the input CS measurements. After
each truncation, the Q knob outputs the resulting measurements to the
performance evaluator which will decide whether to continue
truncation or not, based on a quality metric. Thus N/M and Q knobs
are operated in succession at the gateway node so as to find the
optimum compression and quantization parameters achievable at the
sensor node.

2.2.3.3. Performance evaluator. The PRD, IPI, and entropy blocks in the
performance evaluator (Fig. 2) measures the corresponding quality
metric and the decision block will provide feedback to N/M and Q
knobs for adjusting the compression and quantization parameters
respectively. The binary sequence block generates a bit sequence
from the extracted IPIs. The final parameter values are then conveyed
to the sensor node. The performance evaluator compares the received
initial CS measurements from the sensor node with the measurements
corresponding to the successive knob outputs.

2.2.4. Modes of configuration
The three modes of configuration (Fig. 3) which facilitate plug and

play operation of the proposed system are (i) diagnostic mode, (ii)
monitoring mode, and (iii) key generation mode. Each mode consists of
three events E1, E2, and E3 as shown in Fig. 3a. In event E1, the sensor
node performs basic initial compression with CR=2, and then for-
wards the compressed measurements to the gateway node. In event E2,
the self-configurable gateway node will find the optimum knob values
and send those values to the concerned sensor node for updating. The
parameters are updated at the sensor node based on the feedback from
gateway in event E3, and then the required mode of operation is acti-
vated. Events E1 and E3 remain the same for all the modes. Depending
on the mode selected, E2 will vary to accommodate the associated
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performance metric. It can be clearly seen from Fig. 3 that the diag-
nostic mode operation is based on PRD value, monitoring mode is based
on IPI value, and the key generation mode is based on entropy value.
After the configuration settings are updated and saved, the settings can
be checked and updated on a periodic basis or on demand by the remote
healthcare provider.

2.2.4.1. Diagnostic mode. This mode provides a detailed interpretation
and measurement of ECG signal. Various CVDs such as sinus
arrhythmia, sinus tachycardia, myocardial infarction, etc. require a
high level of signal quality for diagnosis and treatment. The
performance metric employed in this mode is PRD level. CS recovery
is performed by using a simple and fast recovery method presented in
Ref. [41]. Upon receiving the compressed measurements with CR = C
(initially, C=2) from the on-body node, the gateway node performs
the compression using N/M knob on the received measurements to find
the largest CR value (CR1) that keeps the corresponding PRDg below the
acceptable limit PRDg

thr as shown in Fig. 3b. Then the gateway node will
inform the final possible CR value (CR1) to the on-body node, and the
on-body node will perform compression with net CR,CR = ×C CR1. If
the PRDg corresponding to CR1 is lesser than the threshold PRDg

lower at
the gateway node, then the final CR will be one added to the previous
CR . The Q knob is provided with CS measurements obtained after
adjusting N/M knob to have CR= CR1. Then the knob will truncate
LSBs bit by bit and compute the respective PRDg values. When the PRDg
value exceeds the acceptable limit, then the gateway node will stop
truncating and informs the Q knob value to the sensor node.

2.2.4.2. Monitoring mode. This mode is mainly intended for heart rate
monitoring. This mode will be enough to monitor the health status of a
healthy person during activities such as sports or exercise. This mode
works based on features extracted from ECG that can inform about the
general health status of the user. Among the ECG features, the most
prominent one is RR interval (also referred as IPI) which is commonly
employed for disease diagnosis as well as for cryptographic key
generation. PRD values can go beyond 9% without affecting the basic
morphology of signal. Hence, in this mode, the IPI values are used for
evaluating the performance as shown in Fig. 3c. In monitoring mode,

the IPI block in the performance evaluator extracts the IPI values from
the initial CS measurements as well as from the knob adjusted
measurements using Pan Tompkins method [46] for ECG QRS
detection. Here, the gateway node varies the knob values and checks
whether a peak is missed or a fake peak is detected in relation to that of
the initially received CS measurements from the sensor node. The
decision block decides whether to continue adjusting the knob values in
gateway node or to inform the sensor node about the optimum possible
knob values. If the extracted IPI values indicate any type of disorder in
health condition, the mode will be switched to diagnostic mode.

2.2.4.3. Key generation mode. This mode is meant for the generation of
a secret random key using IPI values for securing the transmission of
physiological signal. For cryptographic key generation from IPIs, there
is no need to check whether the required PRD level is met or not. In key
generation mode, 128-bit binary sequence is generated by
concatenating selected bits (four LSBs) from each 32 IPI values
[28,30]. Instead of PRD values, the performance evaluation is based
on the entropy of the sequence for different knob values as shown in
Fig. 3d. The knob values corresponding to maximum entropy are
selected and conveyed to the sensor node by the decision block in the
performance evaluator.

2.2.5. Application to the telemonitoring of multi-lead ECG (MECG) signals
The performance of the proposed system can be well evaluated by

adopting it in the telemonitoring of MECG signals. The standard MECG
signal consists of 12 leads - I, II, III, aVR, aVL, aVF, V1, V2, V3, V4, V5,
and V6. Eight leads (I, II, V1, V2, V3, V4, V5, and V6) are independent
whereas other leads are derived ones. The sensor node corresponding to
each lead performs compression via CS using DBBD matrix and quan-
tization via bit level truncation. The gateway node then finds the re-
quired parameters for each lead of MECG. The whole system can be
depicted as in Fig. 4. The gateway node informs the required para-
meters to each sensor node depending on the configuration mode se-
lected.

Fig. 3. Modes of configuration.
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3. Results

3.1. Experimental setup and parameter settings

ECG data is taken from the MIT PhysioBank database (http://www.
physionet.org/physiobank). Experiments were carried out on the ECG
data from 150 subjects: 48 subjects (360 Hz) from MIT-BIH Arrhythmia
database (MITDB) [47], 79 subjects (250 Hz) from European ST-T da-
tabase (EDB) [48], and 23 subjects (250 Hz) from MIT-BIH Atrial Fi-
brillation database (AFDB) [47]. MECG data is taken from PTB Diag-
nostic ECG database [47] that contains 549 records from 290 subjects,
sampled at 1 KHz with 16-bit resolution. Each record in MITDB data-
base consists of two leads with slightly over 30min long. Modified limb
lead II (MLII) in MITDB record is used in our simulation studies. For
MITDB database, a base offset value of 1024 is subtracted from each
sample values. For simplicity, the 48 records in MITDB database are
numbered from 1 to 48 in the order in which they are present in the
database. The individual recordings of EDB database are for 2 h in
duration. Lead V4 signal is used in our simulation. Each record in AFDB
database is 10 h in duration and one of the ECG signal ECG1 is em-
ployed for simulation. Out of the 16 leads in the PTB database record
‘s rem0001_ ’, 8 independent leads are used as MECG data in the simu-
lation process. No pre-processing operations are performed on the da-
tabase records prior to simulation study. The experiments are con-
ducted in MATLAB R2017A, with 3.3 GHz Intel Xeon processor.
Throughout the experiments, DCT is employed as the sparsifying basis.

3.1.1. Effect of DBBD based CS on the ECG compression
Fig. 5 illustrates that compression ratio achieved by DBBD matrix

within the acceptable limit (PRD=9%) is far better than that by binary
sparse matrix. Fig. 6 shows the effect of DBBD matrix in various ECG
datasets. The average PRD is calculated over the entire records of a
particular database. Even at high CRs, the ECG signal can be re-
constructed without significant losses. One of the disadvantages of

tuning method for compression parameter [23] using padded BPBD
matrix is illustrated in Fig. 7. At the padding region, the reconstructed
signal has distortions that may result in serious faults. The effect of bit
level quantization by truncating (removing the LSBs) the CS measure-
ments is shown in Fig. 8. Mean PRD is calculated for 48 subjects from
MITDB database. Fig. 8 demonstrates the variation of mean PRD with
different number of LSBs removed for CR=2 and CR=5. It is clear
from the figure that the removal of 4–5 LSBs will not degrade the signal
below the diagnostic standard, for a CR up to 5.

3.1.2. Extraction of IPIs
IPIs can be extracted from the CS measurements by applying Pan

Tompkins method for ECG QRS detection. The QRS detection algorithm
is applied directly on compressed samples without any intermediate
processing as shown in Fig. 9. The QRS peaks detected directly from the
measurements as shown in Fig. 9b exactly match with those detected
from the original signal (Fig. 9a). In many cases, it is sufficient to
transmit only one bit (MSB) of compressed measurements for the ef-
fective R peak detection. Fig. 10a and Fig. 10b correspond to the ori-
ginal signal and one-bit quantized measurements respectively for
MITDB record ‘119’. The abnormality of signal at the 4th peak can be
identified directly from the measurements. There is a drastic change in
the 3rd IPI compared to the 1st and 2nd IPIs. Thus, the system can identify
the abnormality of signal directly from the one-bit CS measurements.

3.2. Simulation of proposed algorithm

A major part in simulation analysis of proposed reconfigurable
system is to arrive at the threshold values of PRD at the gateway node,
which can give a satisfactory performance. Since the original signal is
not reconstructed at the gateway node and the performance is eval-
uated between the initially compressed signal y from the sensor node
with CR=2 and the signal reconstructed from those with higher order
CRs obtained from y, the permissible PRD level at the gateway node
PRDg

thr is different from that at the sensor node (9%). Another part in
simulation study is to quantify the reduction in number of transmitted
bits from the sensor node to the gateway node as a result of self-

Fig. 4. Proposed self-configurable system in telemonitoring of MECG.

Fig. 5. PRD averaged over the entire MITDB database for various compression
ratios using DBBD matrix and sparse binary matrix.

Fig. 6. PRD averaged over all the records in three different datasets for various
compression ratios using DBBD matrix.

Fig. 7. First 1024 samples of ECG signal record 105 from MITDB database that
are reconstructed following the padding method in Ref. [23] with N=512
(Top) and the proposed tuning method with N=840 (Bottom). For both the
cases, CR is taken as 5. The distortion due to symmetric padding is shown in
circle.
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configurability in different modes. Finally, we also quantify the bit
savings when the proposed configurable gateway system is applied for
the telemonitoring of MECG signals.

The working of N/M knob is demonstrated using Table 2 and
Table 3 with 12 subjects from MITDB database. The PRDs in bold
correspond to PRD associated with the maximum possible compression
ratio having an acceptable signal quality for each record in diagnostic
mode. For the record ‘106′, the on-node compression of CR=2 results
in a PRD of 1.84%. At the gateway node, the compression of CR=2
results in PRDg =8.32% as shown in Table 2. If the gateway node takes
9% as PRDg

thr , then it will convey the sensor to go for CR=2×2.
However, at the sensor node, CR=4 results in a PRD=9.29%
(Table 3) which is beyond the diagnostic threshold level (9%). By
checking the records ‘106′, ‘108′, ‘118′, and ‘221′, we conclude that the
threshold PRDg at the gateway node cannot be 9%. Through experi-
mentation, it was found that the proposed algorithm works properly
with the PRDg

thr as 8%. Also, we noted that if the PRDg corresponding to
the maximum possible CR at the gateway node is less than a lower
threshold PRDg

lower , then one is added to the final CR value at the sensor
node. On verifying some of the records ‘101’, ‘103’, and ‘119’, we found
that PRDg

lower =5% gives good results.
The working of Q knob is illustrated by showing the quantization

effect at the gateway node (Table 4) and at the on-body sensor node
(Table 5). For the record ‘108’, PRDg corresponding to the truncation of
5 bits at the gateway node is 5.23%. The Q knob value i=5 is conveyed
to the sensor node. Then the sensor node will perform truncation of 5
bits before transmitting to the gateway node resulting in a PRD of
5.67%, which is well within the permissible PRD level. The record ‘114’
shows the significance of setting 8% as the PRDg threshold at the
gateway node. PRDg of 8.3% at the gateway node corresponds to 9.09%
at the sensor node which exceeds the permissible PRD level. But PRDg
less than 8% at the gateway node is well within the permissible PRD
level (< 9%) at the sensor node.

In the case of monitoring mode, IPIs extracted from the initial CS
measurements received at the gateway node from sensor node (IPIs

Fig. 8. PRD averaged over all MITDB ECG records for different bit level trun-
cations (number of LSBs removed). The limit of permissible PRD level is shown
in dotted lines. CR=2 (top) and CR=5 (bottom).

Fig. 9. Detection of R peaks from original signal and measurement signal with
N=840 and M=420 using Pan Tompkins QRS detection algorithm.

Fig. 10. R peak detection from the compressed signal M=N/4 with 1 bit
quantization for the MITDB record 119. The abnormality in the signal after the
third peak is clearly visible from the measurement signal.
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corresponding to CR=2 in Table 6) is compared with the CS mea-
surements at gateway node for different N/M knob values as shown in
Table 7. For the MITDB record ‘100′, since the peaks are misdetected for
CR=14 at the gateway node, it will convey the sensor node to go for
CR=2 × 12=24. Thus the required N/M value at the sensor node,
i.e., N M( / )S is 24. Similarly, the bit resolution required at the sensor
node Q( )S is found to be 7. For key generation mode, the entropy of
binary sequences generated from the IPI values is computed for dif-
ferent values of N/M at the gateway node. Table 8 illustrates that the
entropy of binary sequences extracted from different segments (S1, S2,
…, S10) of an ECG record remains almost the same for a particular CR.

Initially, the gateway node will find the entropy of sequences up to
CR=10 and then the higher N/M knob value for which the entropy is
closer to 1 (> 0.99), is conveyed to the sensor node. For the record
‘100’, N M( / )S and Q( )S values in the key generation mode are found to
be 6 and 8 respectively.

Fig. 11 shows the number of bits transmitted with a sample length
840 in different modes for the entire records of MITDB database. The
MITDB record number indicates the number/position at which a par-
ticular record is present in the database. i.e., record number 1 indicates
the record ‘100′, 2 indicates record ‘101′, and so on. The ‘non-self-
configurable’ mode indicates the parameters that are chosen common
to all modes, all leads, and all individuals to give acceptable quality
metric. For the non-configurable mode, N M( / )S and Q( )S are taken as 2

Table 2
PRDg values for MITDB ECG records at the gateway node with the variation in N/M knob values corresponding to the respective CS measurements (CR=2) from the
sensor node.

ECG On body node Gateway node

CR=2 CR=2 CR=3 CR=4 CR=5 CR=6 CR=7 CR=8 CR=10

100 1.25 5.08 13.77 23 29.52 33.92 35.48 38.29 39.18
101 1.34 4.07 12.04 20.46 26.56 29.4 33.16 34.75 37.75
103 1.09 3.6 13.69 30.09 39.97 47.13 52.14 54.84 59.6
105 1.16 2.65 3.59 7.74 13.44 19.16 24.43 32.27 37.18
106 1.84 8.32 13.76 30.44 41.8 48.81 51.94 54.43 61.13
107 0.56 3.28 6.24 9.47 11.85 13.07 16.05 16.49 20.72
108 1.4 3.97 4.67 5.71 6.66 7.89 8.67 12.89 15.33
114 2.11 6.2 14.08 20.38 21.44 21.16 20.82 20.91 21.98
118 0.49 1.84 5.7 8.02 8.75 9.91 13.05 15.23 21.44
119 0.54 1.31 4.27 9.54 13.79 15.66 17.69 19.58 20.9
122 0.61 1.5 4.16 5.07 8.56 13.28 16.04 19.02 24.28
221 1.45 3.59 8 15.96 22.97 29.67 36.11 41.23 44.85

Table 3
PRD corresponding to different CRs at the sensor node.

ECG On body node

CR=2 CR=3 CR=4 CR=5 CR=6 CR=7 CR=8 CR=10 CR=12 CR=14

100 1.25 2.6 5.62 9.5 14.41 19.01 23.64 30.11 34.48 36.02
101 1.34 3.06 4.58 7.68 12.63 17.78 21.05 27.12 29.93 33.66
103 1.09 3.08 4.08 7.82 14.25 22.32 30.72 40.57 47.69 52.65
105 1.16 2.86 3.09 3.11 3.98 5.39 8.04 13.72 19.42 24.68
106 1.84 4.95 9.29 9.7 14.61 24.4 31.22 42.5 49.44 52.54
107 0.56 1.97 3.63 5.07 6.59 7.39 9.8 12.16 13.36 16.32
108 1.4 3.98 4.56 4.89 5.23 6.06 6.21 7.11 8.29 9.05
114 2.11 6.03 7.1 10.54 14.93 18.86 21.17 22.19 21.92 21.59
118 0.49 0.94 2.06 4.31 5.99 7.56 8.31 9.02 10.17 13.28
119 0.54 0.73 1.5 2.62 4.49 6.81 9.79 14.04 15.9 17.93
122 0.61 1.19 1.74 2.53 4.38 5.32 5.28 8.76 13.47 16.22
221 1.45 3.63 4.19 5.9 8.56 12.32 16.44 23.41 30.09 36.5

Table 4
PRDg values for MITDB ECG records at the gateway node with the variation in
quantization knob values corresponding to the respective CS measurements
(CR=2) from the sensor node.

ECG Gateway node

i= 0 i=1 i= 2 i= 3 i=4 i= 5 i=6 i= 7 i= 8

100 4.86 4.87 5.03 4.97 5.45 11.94 19.29 14.75 83.27
101 4.92 4.94 4.93 5.63 5.36 12.37 9.74 45.05 25.52
103 3.25 3.25 3.30 4.10 5.16 7.75 6.85 34.87 62.60
105 2.61 2.63 2.68 3.56 3.13 5.40 10.73 36.76 61.96
106 8.47 8.47 8.49 8.61 9.89 9.57 13.42 23.91 82.29
107 3.26 3.26 3.27 3.32 4.02 4.92 4.61 9.72 22.37
108 3.48 3.49 3.70 3.60 6.18 5.23 20.15 34.33 63.25
114 6.95 6.96 6.98 7.23 8.30 11.89 21.25 34.38 54.01
118 2.35 2.35 2.39 2.38 2.84 2.69 7.08 5.83 27.57
119 1.01 1.01 1.08 1.20 1.18 3.34 5.59 4.81 12.12
122 1.70 1.71 1.74 1.84 1.83 2.60 9.29 7.56 34.88
221 3.69 3.72 3.75 3.96 4.93 7.49 12.64 43.24 30.96

Table 5
PRD corresponding to bit level quantization at the sensor node.

ECG On body node

i= 0 i=1 i=2 i=3 i=4 i= 5 i= 6 i= 7 i=8

100 5.37 5.38 5.52 5.48 5.92 12.16 19.42 14.98 83.15
101 5.52 5.54 5.52 6.16 5.92 12.61 10.16 45.06 25.68
103 3.74 3.74 3.79 4.49 5.49 7.98 7.17 34.89 62.52
105 3.02 3.03 3.07 3.87 3.49 5.65 10.91 36.80 62.02
106 9.58 9.58 9.60 9.70 10.85 10.60 14.21 24.40 82.11
107 3.60 3.60 3.61 3.66 4.30 5.17 4.91 9.96 22.62
108 4.02 4.03 4.22 4.12 6.51 5.67 20.31 34.51 63.54
114 7.87 7.88 7.89 8.11 9.09 12.50 21.68 34.65 54.23
118 2.61 2.61 2.65 2.64 3.06 2.94 7.20 6.05 27.66
119 1.18 1.18 1.25 1.35 1.34 3.40 5.65 4.95 12.24
122 1.96 1.97 2.00 2.09 2.08 2.80 9.37 7.77 34.96
221 4.31 4.34 4.36 4.55 5.44 7.88 12.90 43.27 31.15
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and 12 respectively. From Fig. 11, it is evident that there is a con-
siderable reduction in the number of bits required to be transmitted
from the sensor node in various modes in the proposed system, which
makes the system highly energy-efficient.

The application of proposed self-configurable system for use in the
telemonitoring of MECG signal is carried out using MECG data from
PTB database. 840 samples are taken from each channel of dataset re-
cord ‘s rem0001_ ’. After running the proposed algorithm in diagnostic
mode, we obtained the possible N M( / )S and Q( )S values as shown in
Table 9. The N M( / )S and Q( )S values for each lead are found to be
varying from 2 to 14, and 7 to 10 respectively. The percentage of bit
saved is computed with reference to the non-self-configurable mode
settings and we can see that there are considerable savings in the bit
transmitted using the proposed self-configurable gateway node. Thus
instead of assigning the parameter values manually, we can operate the
continuous telemonitoring of MECG in a plug and play manner.

3.3. Hardware implementation

We implemented the IoT gateway node on Hardkernel's Odroid XU4

board, featuring Samsung Exynos 5422 Cortex A15 and A7 Octacore
CPU as shown in Fig. 12. Their architecture featuring ARMs big.LITTLE
heterogeneous multi-processing (HMP) platform can be found in latest
smartphones (Samsung Galaxy S5). Thus the XU4 board can be effec-
tively used as a gateway for realizing the scenarios employed for real-
time health monitoring. The gateway node is externally equipped with
an XBee S2C embedded RF module for acquiring data from the sensor
node and a Wifi Dongle 802.11n for forwarding received data to the
cloud. The algorithms are implemented in Python language operating
on Ubuntu 16.04. Energy consumption is measured by placing a current
probe in series with the power source of gateway and then logging the
readings using digital storage oscilloscope. The gateway battery life-
time for various data processing frameworks is estimated based on a
10.78Wh battery [34,35], present in latest smartphones. ARM
Streamline Performance Analyzer is used to provide an accurate gra-
phical representation of gateway system resources.

Firstly, the energy efficiency of the simplified CS recovery algorithm
[41] compared to OMP algorithm is substantiated. Then in order to find
the feasibility of proposed algorithm, we determine the energy required
for performing primary processing tasks, configuration of different
modes, and transmission and reception using XBee and WiFi modules.
The advantage of using the proposed self-configurable system is eval-
uated by figuring out the extension in battery life of the sensor node

Table 6
Extraction of IPIs from the original ECG signal with different CRs at the sensor
node for the MITDB record ‘100’.

CR IPI values of record 100

IPI1 IPI2 IPI3 IPI4 IPI5 IPI6 IPI7 IPI8 IPI9 IPI10

2 147 146 142 142 142 147 118 179 152 146
4 73 73 71 71 71 74 59 89 76 73
6 49 49 47 48 47 49 39 60 51 48
8 37 36 36 35 36 37 29 45 38 36
10 30 29 28 29 28 29 24 36 30 29
12 24 25 23 24 24 24 20 30 25 24
14 21 21 20 20 21 21 17 25 22 21
20 15 15 14 14 14 15 12 18 15 14
24 12 12 12 12 12 12 10 15 12 12
28 10 10 * 21 10 9 12 11 11 *

Table 7
Extraction of IPIs from the compressed measurement signal with different CRs
at the gateway node for the MITDB record ‘100’.

CR IPI values of record 100

IPI1 IPI2 IPI3 IPI4 IPI5 IPI6 IPI7 IPI8 IPI9 IPI10

2 73 74 71 71 71 73 59 89 76 73
4 37 37 35 36 35 37 29 45 38 36
6 24 25 24 23 24 24 20 30 25 24
8 19 18 18 17 18 19 14 23 19 18
10 15 15 14 14 14 15 12 18 15 14
12 12 12 12 12 12 12 10 15 12 12
14 10 10 * 21 10 9 12 11 11 *

Table 8
Entropy of binary sequences generated from extracted IPI values for the MITDB record ‘100’ with different CRs.

CR Entropy of binary sequences generated from IPI of record 100

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Average

1 0.9422 0.935 0.9422 0.954 0.9745 0.948 0.954 0.94 0.965 0.97 0.949
2 0.9422 0.935 0.9355 0.948 0.97 0.948 0.949 0.94 0.96 0.96 0.946
3 0.8464 0.868 0.8571 0.857 0.8234 0.857 0.811 0.86 0.846 0.84 0.847
4 0.9993 0.997 0.9993 0.999 0.9998 0.999 1 1 1 1 0.999
5 0.9857 0.974 0.9786 0.991 0.9857 0.986 0.986 0.99 0.989 0.98 0.984
6 0.9984 0.994 0.9972 0.991 0.9972 0.991 0.997 0.98 0.997 0.99 0.993
7 0.97 0.97 0.9786 0.96 0.97 0.965 0.97 0.95 0.965 0.97 0.967
8 0.9786 0.979 0.9786 0.986 0.9823 0.982 0.982 0.98 0.974 0.97 0.981
10 0.9823 0.96 0.9786 0.96 0.9745 0.96 0.97 0.96 0.96 0.96 0.968

Fig. 11. Bits transmitted from sensor nodes in different modes for the 48 re-
cords in MITDB.

Table 9
Effect of proposed self-configurable algorithm on MECG signals in diagnostic
mode.

Leads I II V1 V2 V3 V4 V5 V6

N M( / )S 4 2 14 8 7 7 7 8
PRD 8.37 7.26 8.89 7.41 8.02 8.37 8.74 8.60
Q( )S 8 7 10 8 8 8 8 8
PRD after

truncation
8.41 8.46 8.91 8.44 8.31 8.51 8.94 8.75

Bits saved (%) 66.67 41.67 88.1 83.3 80.95 80.95 80.95 83.33
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considering the transmission cost for the entire subjects in MITDB da-
tabase.

Table 10 shows the energy consumption at the gateway node for
two CS recovery algorithms namely orthogonal matching pursuit
(OMP) algorithm [49] and the faster CS recovery algorithm of [41] with
different core frequencies. The table indicates that the simplified CS
recovery attributed by the property of DBBD matrix employed in our
proposed system consumes much less energy compared to OMP. Thus
we can ascertain that the CS recovery operations in the diagnostic mode
will not burden the system energy. Table 11 summarizes the gateway's
energy and battery lifetime for running the three configuration modes
on the MITDB ECG signal record ‘100’. The configuration of different
modes requires only less energy to determine the parameters.

A free multi-platform application XCTU [50] is employed in our
system to configure and manage Xbee modules. The XBee module
connected to the host computer is made to communicate with that on
the ODROID board. Dropbox, a cloud storage service is modeled as a
remote server. The gateway node performs the communication with the
Xbee module and Dropbox through Python scripts. It has been found
that the gateway node consumes 0.147 mJ/bit and 9.23 μJ/bit for
communicating data to and from the sensor node respectively. Also, the
energy consumption for uploading data to the cloud is determined.

In Ref. [35], the compressed ECG signal from the sensor node has to
be reconstructed using OMP algorithm before it could be analyzed.
After analysis, the data are transmitted to the cloud once in every 3 s. In

our proposed system, the features can be extracted directly from the
compressed samples without CS recovery due to the morphological
retaining property of DBBD matrix, and conveyed to the cloud peri-
odically or upon user request.

To facilitate the calculation of energy consumption on sensor node,
we model the sensor node transceiver as a wireless biosignal acquisition
system-on-a-chip (SoC) proposed in Ref. [51], which is specifically
meant for IEEE 802.15.4 (ZigBee) applications. The transmitter con-
sumes 93 nJ/bit with a data rate of 250 kbps and a supply voltage of
1.2 V. We consider that the sensor node is powered by a 4500mAh
battery [35].

Now consider that a vendor is providing standard sensor nodes with
a fixed compression ratio and bit-level quantization. Considering 48
subjects of MITDB database, the common acceptable compression ratio
and the number of bits required for diagnostic mode are found to be 3
and 10 respectively. Similarly, for monitoring mode and key generation
mode, they are found to be 2 and 9, and 2 and 12 respectively. The self-
configurability will increase the battery lifetime of a sensor node in
various modes as shown in Fig. 13, since the transmission costs from the
sensor node to gateway node is reduced significantly compared to the

Fig. 12. Hardware implementation setup.

Table 10
Energy and recovery time per window (N=840) for OMP and simplified CS recovery [41] at the gateway node.

Frequency [MHz] OMP Simplified CS recovery [41]

Energy (J) Reconstruction time (s) Energy (J) Reconstruction time (s)

A15 A7 A15 A7 A15 A7 A15 A7

800 1.267 0.614 2.167 3.07 0.085 0.088 0.1626 0.631
1000 1.290 0.871 1.780 2.68 0.093 0.103 0.1329 0.5125
1200 2.356 1.223 1.540 2.44 0.104 0.121 0.1126 0.426
1400 2.555 1.289 1.385 2.283 0.178 0.149 0.097 0.369
1600 2.768 – 1.262 – 0.204 – 0.087 –
1800 3.261 – 1.167 – 0.225 – 0.078 –

Table 11
Total energy for configuring different modes at the gateway node for the MITDB
record ‘100’

Performance
Parameter

Core Frequency
[MHz]

Diagnostic
Mode

Monitoring
Mode

Key Generation
Mode

Energy (J) A7 800 1.454 0.099 0.0848
1400 1.674 0.120 0.119

A15 800 2.194 0.137 0.147
1400 3 0.254 0.232

Fig. 13. Battery extension (%) of a sensor node considering its transmission cost
in different modes for the entire MITDB database.
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non-configurable scenario. Table 12 shows the energy consumption of
sensor nodes with tuned parameter values ( N M( / )S and Q( )S) for MITDB
records ‘103’ and ‘234’, which are record numbers 4 and 48 respectively
in Fig. 13.

As mentioned in Ref. [35], the energy consumption at the gateway
node is largely due to the WiFi usage rather than any other signal
processing tasks. The scenario used for energy profiling at the gateway
node (Table 13) is as follows: (i) Configuring different modes: Initially
the configuration modes are run at the gateway node in a plug and play
scenario to determine the extent to which compression and bit-level
quantization can be effectively brought into play at the connected
sensor nodes, (ii) Monitoring ECG signal: By default, monitoring mode
is activated to analyze the ECG data, and only during an emergency
situation or end user request, diagnostic mode is activated to analyze
and transmit ECG data to the cloud, and (iii) Cryptographic key gen-
eration: 128-bit key is generated periodically (in each minute) for au-
thentication as well as for key management [30] between the gateway
node and the sensor nodes connected to it. From Table 13, it is evident
that the configuration task requires only very small amount of energy
compared to other tasks. Also, we validated that the proposed self
configurable gateway node enhances the battery lifetime of the gateway
node when compared to the non-self-configurable case.

4. Discussion

In this paper, we used DBBD based CS encoding to achieve a plug
and play design using N/M knob and quantization knob at the gateway
node. To the best of our knowledge, there is no work available in the
literature that addresses the real-time plug and play self-configurability
of a WBAN based healthcare system. The self-configurability feature of
our proposed system is mainly attributed to the DBBD matrix as dis-
cussed in section 2.2.2. The fine-tuning of compression parameter for
DBBD based CS is solved by setting the N value as a highly composite
number 840 or its multiples. We perform feature extraction directly
from the compressed measurements using CS-SCGN. Performance

evaluation for updating parameters at the gateway node without re-
constructing the received CS measurements from the sensor node ef-
fectively reduces the computational and structural complexity of the
system.

We addressed the self-configurability in ECG remote health mon-
itoring by visualizing three modes of configuration. The optimization of
communication cost can be achieved by means of these modes of con-
figuration as illustrated in Fig. 11. The CS recovery stage in the per-
formance evaluator of CS-SCGN is employed only for configuring the
diagnostic mode. As exhibited in Table 10, the simplified CS recovery
algorithm of [41] is faster and energy efficient. Thus, the proposed
system provides desired QoS with the efficient utilization of available
resources at the sensor node. The hardware implementation of self-
configurable gateway node demonstrates that the various signal pro-
cessing tasks performed will not load the resources available at the
gateway node. In turn, it will increase the battery lifetime of sensor
node (Fig. 11 and Table 12) as well as the gateway node (Table 13). We
also successfully verified the proposed self-reconfigurable algorithm on
datasets other than MITDB database.

5. Conclusion

In this paper, the design, implementation, and analysis of an effi-
cient self-configurable IoT gateway node for ECG telemonitoring has
been presented which can tune the compression and quantization
parameters in three modes of configuration. This approach optimizes
the energy efficiency of system by adaptively tuning the parameters to
suit the signal dynamics as well as reconstruction quality requirements.
CS using DBBD matrix is found to be very promising in accomplishing
the self-configurability without compromising the resource constraint
requirement of WBAN. The simulation as well as the hardware im-
plementation results confirm the feasibility of the proposed system in
ECG telemonitoring. Our proposed self-reconfigurable algorithm at the
gateway node readily increased the battery lifetime of resource con-
strained sensor nodes by many folds without burdening the gateway
node. This work can be extended to other ECG related physiological
signals such as PPG and blood pressure, backed by corresponding per-
formance parameters and evaluators in a WBAN based healthcare en-
vironment.
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Table 12
Energy consumption of sensor nodes with tuned parameter values for MITDB records ‘103’ (Record no. 4) and ‘234’ (Record no. 48).

Mode of operation Configurable Record N M( / )S Q( )s No. of bits transmitted Battery (h) Extension in battery life (%)

Diagnostic No 3 10 2800 13.41 –
Yes 103 4 8 1176 31.95 138

234 8 7 1008 37.27 177
Monitoring No 2 9 3780 9.94 –

Yes 103 12 5 350 107.35 980
234 24 6 210 178.92 1700

Key generation No 2 12 5040 7.45 –
Yes 103 7 9 1080 34.78 367

234 3 5 1400 26.83 260

Table 13
Comparison of energy consumption at the gateway node between configurable
and non-configurable system for MITDB record ‘100’.

Task performed at the gateway
node (Diagnostic mode)

Energy (J) for 1 day

Self-configurable
N/M= 4, Q= 8

Non-self-
configurable
N/M= 3, Q= 10

1 Configuration of sensor nodes 1.638 –
2 Reception via XBee module 585.22 974.83
3 Feature extraction 141.65 159.44
4 128-bit biometric key generation 17.85 20.16

Total 746.358 1154.43

Battery lifetime (days) 52 33.63
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