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ABSTRACT

Body sensor networks (BSN) are an emerging application that places sensors on the human body. Given that a BSN is
typically powered by a battery, one of the most critical challenges is how to prolong the lifetime of all sensor nodes. In
addition, there is an increased interest in ‘green radio’ networks that aim to reduce the energy consumption for wireless
communications to cut emissions of CO2. Recently, using clusters to reduce the energy consumption of BSN has shown
promising results. One of the important parameters in these cluster-based algorithms is the selection of cluster heads.
Most prior works selected cluster heads either probabilistically or on the basis of nodes’ residual energy. In this work, we
first discuss the efficiency of cluster-based approaches for saving energy. We then propose a novel cluster head selection
algorithm to maximise the lifetime of a BSN for motion detection. Our results show that we can achieve above 90%
accuracy for the motion detection, while keeping energy consumption as low as possible. Copyright © 2012 John Wiley &
Sons, Ltd.
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1. INTRODUCTION

In recent years, body sensor networks (BSNs) have
attracted increasing attention for their use in remote health
care such as remotely monitoring the elderly and children.
A BSN is composed of a number of tiny wireless sensors
placed on the user’s body. Sensor nodes can transmit data
to a remote server for online or offline analysis via various
wireless technologies (e.g. IEEE 802.15.4 [1] or Bluetooth)
so that doctors can monitor the patient’s physiological
states in real time. BSNs have been widely used for various
healthcare applications [2–5], motion detection/analysis
[6–9] and gaming [10].

A critical issue when designing a BSN is the energy con-
sumption because wireless sensors typically employ small
batteries for ease of deployment. In addition, people have
grown increasingly aware of the need to reduce CO2 emis-
sions to mitigate their adverse environmental effects. How-
ever, the growing use of mobile and wireless technologies
is likely to increase CO2 emissions in the future unless

greater energy efficiency can be achieved in networking
technologies. Thus, the development of wireless networks
that require lower energy consumption is desirable, which
has resulted in an increased interest in ‘green radio’
networks that reduce the energy requirements for wire-
less communications (e.g. routing path selection [11, 12],
power control [13, 14]) and can thus contribute to a
cleaner environment.

A number of works have studied the issue of reducing
the energy consumption of BSN. For example, Xiao et al.
[3] proposed a method to reduce the transmission power
at the physical layer without sacrificing the reliability for
a single-hop body area network. Lamprinos et al. [15] and
Omeni et al. [16] employed a time-division multiple-access
(TDMA)-based approach to avoid collisions. In addition,
with TDMA, a node only needs to turn on its radio in its
assigned time slot to save energy. Furthermore, Xia et al.
[2] proposed a prediction-based data transmission scheme
for static data (e.g. blood pressure and heartbeat). In their
method, both the sensor node and the base station (BS)
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periodically and independently execute an identical pre-
dictor (i.e. dual prediction), and thus, they will obtain the
same estimate. If the error between real and predicted data
is acceptable, the sensor node just updates the state of the
system using the predicted data without actually transmit-
ting data to the BS. Similarly, the BS also simply updates
the system using the predicted data unless it receives the
real data from the sensor node. However, this approach
only considered an individual sensor node instead of the
entire BSN.

Cluster-based algorithms have recently been proposed
for sensor networks and showed promising results. In these
approaches, nodes are organised into clusters, and one node
is then chosen as the cluster head (CH). The task of the
CH is to aggregate sensor data and then transmit these
to a remote server, whereas the other cluster nodes (CNs)
communicate only with the CH. Given that it typically con-
sumes more power to communicate with a remote server
than with other CNs, a CH will consume more energy than
a CN does. Therefore, each sensor node will take turns to
serve as the CH to evenly distribute the energy load. Abbasi
and Younis [17] have surveyed clustering algorithms and
classified them according to clustering attributes such as
the cluster property, the CH capability and the cluster-
ing process. Most prior approaches randomly selected
their CHs. For instance, Low-Energy Adaptive Clustering
Hierarchy (LEACH) [18] and DMCLUSTER (introducing
data mining collected location information and the residual
energy level of each node to dynamically change cluster
heads for energy efficacy) [19] choose CHs probabilis-
tically or on the basis of the nodes’ remaining energy.
However, these prior works cannot guarantee the uni-
form distribution of the energy load and the minimisa-
tion of the total intra-cluster enery consumption at the
same time.

In this paper, we focus on an application of BSN: pos-
ture detection. We develop a novel CH selection algorithm
to maximise the lifetime of the BSN. In this work, we clas-
sify nodes in a BSN into two types: fixed and moving.
Fixed nodes are nodes whose positions remain relatively
static (i.e. unchanged) when the user changes to a new
posture. We analyse different parameters such as the ratio
between the number of moving and fixed nodes and the
effect of CH selection on energy saving. We propose an
algorithm for selecting a CH that can minimise the intra-
cluster energy consumption by considering the relationship
between inter-node distance and allowable power levels. In
addition, a threshold-based method is developed to avoid
a certain node from depleting its energy quickly by being
frequently selected as the CH.

The remainder of this paper is organised as follows. In
Section 2, we review the related work. We briefly describe
different motion detection methodologies in Section 3. In
Section 4, we propose a methodology to minimise the
transmission cost in a BSN while balancing each node’s
energy consumption. The performance of our protocol is
evaluated in Section 5, and we conclude this paper in
Section 6.

2. RELATED WORK

In this section, we describe the related work. Our work
builds on prior research on BSNs, motion detection and
energy conservation.

2.1. Body sensor networks

Numerous studies have proposed the use of BSNs for
healthcare applications [3, 4, 6]. Earlier works also pointed
out that quality of service [5] and energy conservation
[2, 20] are key research issues for the BSN because the
former could affect life-or-death matters whereas the lat-
ter decides the lifetime of the network especially for
those sensors embedded in a patient’s body. In addi-
tion, BSN can be also applied to sports applications
using inertial sensors to monitor the trainee’s posture
during actions such as walking/running [7], golf swings
[8] and hand swings [9]. However, most of these prior
studies either can only identify basic postures (sitting,
standing, walking and running) or can only detect single
motions. Although using some techniques such as machine
learning [9] to detect more complex motion is possible,
this might increase the latency or computation cost of
the BSN.

2.2. Motion/posture detection

Various kinds of sensors can be used to capture the motion
of a user, and these are briefly described as follows. Acous-
tic trackers can use high-frequency sound to triangulate
a source [21–23]. These systems rely on line of sight
between the source and the sensors and may therefore
suffer from interference when surrounded by hard walls
or other acoustic signal/noise. Inertial systems employ
devices such as accelerometers or gyroscopes to measure
positions and angles. They are often used in conjunction
with other systems to provide updates and improvements of
measurements because they only measure relative changes
instead of absolute positions. Most prior works focused on
analysing the characteristics of inertial sensors to capture
some basic postures or daily behaviours [24–26]. Image-
based systems use cameras to capture the movements of a
subject who is attached with retro-reflective markers. The
number of cameras used depends on what type of motions
are being captured [27–29]. However, these image-based
approaches are limited by the location of cameras because
of the line-of-sight requirement [30–32]. Magnetic systems
measure changes in the magnetic field to estimate the posi-
tion and the orientation of an object [33–35], but these can
be affected by any metallic material nearby and thus are
easily influenced by electromagnetic interference. Some
hybrid systems that combine two or more of the aforemen-
tioned techniques to improve accuracy have been proposed
[36–38]. In our work, we use accelerometer sensors to
capture the motions of the users.
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2.3. Energy conservation

Although most of the prior studies focus on energy con-
servation at the physical layer [39, 40], the data link layer
(Power-Aware Multi-access Protocol with Signalling [41],
Eavesdrop and Register [42], Dual Busy Tone Multiple
Access [43], Sensor-Medium Access Control [44]) and
the network layer (LEACH [18], DMCLUSTER [19]),
our work employs an energy-efficient cluster-based routing
system to reduce energy consumption in data transmission.
The basic idea of using cluster-based routing is to choose a
CH that will aggregate data from other CNs and then com-
municate with the remote BS or server. Given that the CH
is generally much closer to CNs than the BS, the trans-
mission power required to send a packet from the CN to
the CH will be lower than that needed to send one from
the CN to the BS. Therefore, if CNs only communicate
with the CH, CNs will consume less energy (as compared
with when every CN sends its packets directly to the BS),
and the overall energy consumption will be reduced to
prolong the lifetime of the sensor nodes and the entire net-
work. Note that, given that CHs will consume more energy
than other sensor nodes, in such a cluster-based architec-
ture, these need to be periodically re-selected to ensure
that the energy load is evenly distributed. Otherwise, some
nodes that are frequently chosen as the CHs might quickly
run out of power quickly, thus rendering the BSN use-
less. Finally, although many cluster-based algorithms have
been proposed for traditional sensor networks, as far as we
know, most of the prior studies in BSN [45–47] did not
consider the use of dynamic CH and employed the static
CH approach, in which a pre-selected CH (which is typ-
ically mounted on the waist of the user) aggregates data
from CNs and then sends the aggregated information to the
remote BS or server.

In LEACH [18], clusters of the sensor nodes are formed
on the basis of the received signal strength. Each node
in a cluster randomly elects itself as the CH depend-
ing on a pre-defined probability, which is based on the
desired percentage (P) of CHs required. In 1=P rounds,
all nodes will become CHs once so that the energy load
can be evenly distributed. However, selecting CHs based
on probability cannot guarantee that the selection is always
optimal because these CHs might not be chosen uni-
formly over time. Power-Efficient Gathering in Sensor
Information Systems (PEGASIS) [48] is a near-optimal
chain-based protocol that presents an improvement of
LEACH. In this protocol, each node only communicates
with its adjacent node and takes turns becoming the cluster
leader, which receives at most two packets before trans-
mitting the aggregated data to a BS. This approach dis-
tributes the energy load more evenly among sensor nodes
but also causes a long delay. A hierarchical PEGASIS
[49] was thus proposed to overcome this problem. Both
PEGASIS and hierarchical PEGASIS operate with the fol-
lowing assumptions, which might be difficult to realise
in some cases. First, all sensor nodes are static (i.e.
there is no mobility). Second, every node has global

knowledge of the network. Bandyopadhyay and Coyle [50]
analysed the optimal parameters p (the optimal probability
of becoming a CH) and k (the maximum number of hops
allowed from a sensor to its CH) to minimise the energy
consumption and extended the cluster from one level
to multiple hierarchies. They focused on the minimisa-
tion of energy without considering evenly distributing the
energy load among nodes. In addition, the computational
cost of obtaining p and k might increase the end-to-
end latency. Hybrid, energy-efficient, distributed clustering
[51] is a distributed clustering protocol in which tentative
CHs are periodically selected on the basis of the residual
energy of sensor nodes. Intra-cluster communication cost,
cluster properties (e.g. cluster size) and cluster power lev-
els are considered for selecting the CH. However, hybrid,
energy-efficient, distributed clustering cannot guarantee an
optimal CH selection because it relies on secondary param-
eters to resolve conflicts. Furthermore, selecting temporary
CHs could increase energy consumption.

Generally speaking, all the preceding techniques aim to
save energy by either minimising the intra-cluster commu-
nication or balancing the energy load among nodes, which
is also the goal of our work.

3. MOTION DETECTION

In this work, we employ the k-nearest-neighbour (KNN)
algorithm [52] to detect the motions of the sensor. The
basic idea of KNN is to use the Euclidean distance as
the metric to find the closest k objects to the desired one
(i.e. the one that is queried) from training samples in a
multi-dimensional space, where k is a pre-defined positive
integer, and then decide which classification the desired
object belongs to. In other words, the queried object is
classified by a majority vote of its KNNs.

In our BSN, each accelerometer has three axes and can
create sensing data in a three-dimensional space. Different
motions generate different motion patterns, which can be
represented as a vector of three-dimensional data. A KNN
process consists of a training phase and a detection phase.
Data samples collected during the training phase are used
to create a ‘signature’ for each motion pattern. Such sig-
natures are then used to detect different motions in the
detection phase. The details of our implementation of KNN
are described next.

3.1. Training phase

Each accelerometer sensor has triaxial sensing data, and
each axis represents a dimension. We adopt the con-
cept of a bit-code and distance-based index (BD) [53] to
implement the KNN algorithm. We employ BD to reduce
the amount of computation time in KNN by eliminat-
ing irrelevant partitions that are not intersected by the
KNN query. We detail our BD implementation as follows.
In the training phase, the training data of each motion
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Measure and collect data for all motions we want to predict

Combine the training data together

Decide the reference point
O(o1, o2, … oh)

Assume h’=2 and then the data space will be 
divided into 22 partitions (00, 01, 10, 11)

The bit code S(s1,s2,…,sh’) for the partition
to which each set of training data d belongs
is defined as:

K-means, BIRCH or CURE

=is ,otherwise,0
,,1 ii od >

d(d1,d2,…,dh)
where h = 3axes  number of sensor nodes

Figure 1. Flow chart of the training phase. BIRCH, balanced iterative reducing and clustering using hierarchies; CURE, clustering
using representatives.

Figure 2. (a) Four-partition data space; (b) in this case, when jq1 � o1j = R; s1 D 1; when jq2 � o2j < R, s2 D 0;1 so the intersected
partitions are Equations (10) and (11).

are separately measured, collected and combined together
(i.e. d.d1; d2; : : : ; dh/, h D number of the axes (i.e. 3) �
number of sensor nodes) in the multi-dimensional data
space, as shown in Figure 1. We then decide a refer-
ence point O .o1; o2; : : : ; oh/ to split the data space
into 2h

0

partitions represented in bit code (h0 is a user-
defined positive integer and h0 < h). Thus, the partition/bit
code S .s1; s2; : : : ; sh0/ of each set of training data d
.d1; d2; : : : ; dh/ is defined as

Si D

�
1; di > oi ;

0; otherwise;
16 i 6 h0 (1)

For instance, if h0 D 2, the space will be divided into 22

partitions, encoded by ‘00’, ‘01’, ‘10’ and ‘11’, as depicted
in Figure 2(a) [53]. The purpose of using the reference
point is to set a central point in the multi-dimensional

space to evenly distribute the data density of each parti-
tion. For non-uniform data distributions, reference points
can be acquired by using some existing techniques, such as
k-means, balanced iterative reducing and clustering using
hierarchies or clustering using representatives [54]. An
efficient KNN search can thus be used by exploiting these
partitions. In other words, the KNN algorithm only com-
pares and computes the data in the intersected partitions
rather than the entire space.

3.2. k-Nearest-neighbour detecting phase

When the training phase is completed, motions can be
detected in the KNN detecting phase, the flow chart of
which is shown in Figure 3. First of all, when the server
receives all sensing data as a query Q .q1; q2; : : : ; qh/ via
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Figure 3. Flow chart of the k-nearest-neighbour detection phase.

a BS, the bit code S of the query Q can be defined as in
Equation (1), but using qi instead of di . Then, from the
information obtained earlier, the intersected partitions T
.t1; t2; : : : ; th0/, the number of intersected partitions (=1),
are computed by Equation (2) [53], so that only data in the
intersected partitions need to be compared/computed.

ti D

�
si ; jqi � oi j>R;
0 and 1; otherwise;

16 i 6 h0 (2)

where R is the radius for building the desired search field,
as the example in Figure 2(b).

Next, to save computation time by first comparing rather
than calculating the square and radical expressions for all
data in the intersected partitions, the radius R becomes a
pre-filter to filter out the data with any i, jqi � di j > R for
1 5 i 5 h, for example, filtering out the data that are out
of the smaller square in Figure 2(b). Alternatively, one can
calculate the Euclidean distance,

vuut nX
iD1

.qi � di /2 (3)

between the training data and the query to check if the sum
is equal to or smaller than R, to ensure that the desired data
are inside the circle. When that happens, the counter for
the classified motion will be increased by one. This process
will be repeated until all data in the intersected partitions
are computed. KNN will then choose the motion that has
the maximum count, which is equal or larger than k. Here, k
is a user-defined threshold. However, if none of the motions

has a count that is equal to or larger than k, then the radius R
will be increased to enlarge the desired field for searching,
and the aforementioned process will be repeated. If more
than two motions have the same maximum count or the
count of every motion is smaller than k when R is already
over the upper bound, then the detection is considered
a failure.

4. ENERGY CONSERVATION

In this section, we first discuss the amount of energy that
can be saved using a cluster-based approach. We then pro-
pose a novel CH selection algorithm for energy-efficient
data transmission. In the context of motion detection,
nodes are placed at different places on the body (e.g. arms
and legs). During any motion, some nodes might remain
at the same positions between two consecutive postures,
whereas others might change their locations. Here, we con-
sider two cases: full transmission (FT), all nodes periodi-
cally send their sensing data directly to the server, for any
motion; and partial transmission (PT), only nodes chang-
ing their locations will send their data to the CH. We use a
threshold-based method to decide whether the nodes have
moved from the last sampling time.

4.1. The benefits of using a cluster-based
approach for motion capture

In this section, we provide an analysis of the amount of
energy that can be saved using a cluster-based approach.
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We first define some parameters that will be used through-
out our analysis. ETx(BS) is the energy consumption for
sending data from a CN to a BS. ETx(CH) is the energy
consumption for sending data from a CN to a CH. ERx
is the energy consumption for receiving a packet. n is the
total number of sensor nodes, and m is the number of static
nodes. To simplify our analysis, here, we assume that every
CN has the same ETx(CH), and all nodes have the same
ETx(BS) and ERx. One common practice to save energy is
to compress the aggregated data before sending it to the BS
[55, 56]. Here, we assume that r is the compression ratio.

If all sensor nodes transmit their data directly to the
server without using clusters, the energy consumption E
to detect one posture would be

E1 DETx(BS)� n� s (4)

where s is the size of the sensor data.
In a cluster-based approach, a CH receives and integrates

CNs’ sensing data and then transmits the aggregated data to
a BS. Here, we consider two situations when using clusters
for the case of PT.

Case 1: CH is moving at the time of sampling

E2 D.ETx(CH)CERx/� .n� 1�m/

� sCETx(BS)� k (5)

Case 2: CH is static at the time of sampling

E2 D.ETx(CH)CERx/� .n�m/

� sCETx(BS)� k (6)

where k is the aggregated packet size. For example, in case
2, k D .n�m/� s � r . Here, (n�m) nodes have sensing
data to be sent out. In case 1, the CH is one of the moving
nodes, so it will receive packets from the other (n�m� 1)
moving nodes.

We look at the real packet format in TinyOS in which
sensing data (s) is a small part (6 B) of the whole packet
(26 B) and thus conservatively choose a compression ratio
r D 0:5 (using scalar quantisation for four least-significant
bits) in our analysis. In addition, in our analysis, we model
the energy consumption for transmission and reception
from the specifications of the CC2420 RF transceiver used
in our experiments. There are 32 different power levels
for transmission in the CC2420 specification [57]. We use
power level 1 (17.7 mW) for ETx.CNi ;CH/ and power
level 3 (25.5 mW) for ETx(CH), ETx(BS), ETx(HELLO)
and ETx(ACK). These power levels are chosen from the
real-world experiment results as shown in Figure 4, in
which power level 3 is sufficient to reach any node in our
BSN. Finally, ERx is set to 56.4 mW on the basis of the
CC2420 specification.

Different kinds of transceivers could have different
energy consumption for the transmission and the reception
of packets [58]. Here, we consider the case for different
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Figure 4. Power level versus distance. The range of power level
is 0 to 31 for CC2420 RF transceiver.

ratios of ETx(BS) WETx(CH) from 1.0 to 2.4 (the distance
between BS and CH is always longer than that between
CH and CNs) and different ratios of ERx:ETx(CH) from
0.1 to 2.5. To understand the effect of compression on the
aggregated data, we also look at two different compression
ratios, r D 0:2 and 0.4.

In general, the combination of highestETx(BS):ETx(CH)
and lowestERx:ETx(CH) can achieve the best performance
in energy saving (i.e.E1�E2) because it represents the sit-
uation when a cluster-based approach is the most efficient.
This can be quickly observed from Equations (4)–(6).

Figures 5–8 show that the ratio of n and m (i.e. n=m)
could strongly affect the amount of energy saved. We con-
sider two cases. In case 1, CH is moving during the time of
sampling. In case 2, only CNs are moving and CH remains
relatively static. In general, more energy can be saved
when there are more static nodes (i.e. m) in the network.
Using clusters does not guarantee that energy can always
be saved, especially for the case of low ETx(BS):ETx(CH)
and high ERx:ETx(CH). In addition, the compression ratio
r could also affect the results. From the preceding insight,
a network protocol designer might need to be careful
when employing a cluster-based approach by taking the
transceiver characteristics, the motion patterns and the
network topology into consideration.

4.2. Cluster head selection

In most previous studies, the CH is typically selected ran-
domly or probabilistically. Some prior works chose the CH
on the basis of the nodes’ residual energy. In this work,
we develop a novel algorithm by minimising the required
energy for intra-cluster communication and preventing cer-
tain nodes from serving as the CH too often to prolong the
lifetime of the entire network.

4.2.1. Minimisation of intra-cluster

communication energy.

Here, we assume that all postures can be pre-
defined. Therefore, the possible network topologies can
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Figure 5. The percentage of energy saved when nD 4 and r D 0:2 are fixed.

be estimated in advance so that the maximum distance
between any node in the BSN can be measured. Given that
the required transmission power is a function of the dis-
tance, we can infer the minimum power level required if
the maximum distance is known. As shown in Figure 4,
the transmission range using power level 3 is probably suf-
ficient to cover the entire BSN including the BS. From
the preceding insight, we select the CH by choosing the
one that has the smallest distance from all CNs as the CH.
Therefore, CNs can use the smallest allowable power level
when transmitting their data to the CH. In other words, for
each posture, we find a CH that can minimise intra-cluster
energy consumption by

nX
iD1

ETx.CNi ;CH/ ;CH 2 .N1; N2; : : : ; Nn/ (7)

where n is the total number of sensor nodes and
ETx.CNi ;CH/ is the energy consumption of transmitting
data from node i to a CH. We assign a unique priority num-
ber, ranging from 1 to n (where n is the number of nodes
in the BSN), for each node. A smaller number means a
higher priority. The node that consumes the least energy
in Equation (7) will have the highest priority (i.e. priority
numberD 1).

4.2.2. Energy load distribution.

Assume that xi is the number of times node i serves
as the CH and yi is the number of times node i is a CN
during the lifetime of a BSN. For a given set of motions,
we can estimate the maximum amount of energy a node
might consume when it is a CH, denoted as E(CH). Simi-
larly, we can also estimate E(CN), which is the maximum
amount of energy a node might consume when a node is a
CN. To simplify our analysis, here, we assume that every
node has the same E(CH) and the same E(CN). If the initial
energy of each node is I, then the residual energy, rE.Ni /,
for node i after (xi C yi ) runs can be computed by

rE.Ni /D I �E(CH)� xi �E(CN)� yi (8)

The objective here is to maximise the sum of all xi for
15 i 5 n while keeping rE.Ni / greater than 0.

Maximise W
nP
iD1

xi (9)

rE.Ni / > 0 ; 16 i 6 n

s:t : yi >
nP

jD1;j¤i

xj ; 16 i ; j 6 n (10)

06 xi ; yi ; 16 i 6 n
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Figure 6. The percentage of energy saved when nD 4 and r D 0:4 are fixed.

From Equation (10), the server can compute the
threshold xi that maximises the objective function for each
node i.

When a CH is selected, a node with the highest priority
will be considered first. This node will then check if
the number of times it has acted as the CH exceeds the
assigned threshold. If not, it will be elected as the next CH.
Otherwise, the node with the second highest priority will
be considered and so on. This process will be repeated until
a node is finally selected as the CH.

In some situations (e.g. when the initial energy of each
node is different.), one node might accidentally be selected
as the CH one more time than its assigned threshold, which
leads to

yi <

nX
jD1;j¤i

xj (11)

When this happens, all the other nodes need to re-adjust
their thresholds. Specifically, all xj (except j D i ) are
proportionally decreased by

new xj Dyi �
old xjPn
kD1;k¤i xk

;

16 j 6 n and j ¤ i (12)

4.3. Energy-efficient transmission
with prediction

To summarise, the user’s motion can be broken into a series
of postures. For each posture, a node is selected to be
the CH on the basis of Equation (7), and the other nodes
become CNs. CNs then dynamically adjust their transmis-
sion power level to be just enough to send packets to the
CH for a given posture.

For a CN to dynamically adjust its power level for a
series of postures, it needs to know the next posture in
advance, and we use a Markov-based predictor to achieve
this. To select our predictor, we compared three differ-
ent prediction schemes: Markov chain [59], Lempel–Ziv
[60] and sampled pattern matching [61], in terms of their
required memory, time complexity and accuracy, and eval-
uated their performances using real data. In our analysis,
we chose two tae kwon do forms, ch1 and ch2, which con-
sists of a series of postures, as shown in the Appendix. As
shown in Table I, the Markov chain (e.g. O(1) Markov)
outperforms Lempel–Ziv and sampled pattern matching in
all aspects.

We assume that all sensor nodes synchronise their local
clocks with the server. In addition, every node inter-
nally uses a table to store the information regarding
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(c) r=0.2, n=6, m=2
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Figure 7. The percentage of energy saved when mD 2 and r D 0:2 are fixed.

the best CH candidate (say, nch) and the required min-
imum power level to reach nch from every other node
for every posture. We assume that the preceding informa-
tion can be pre-computed for a given set of user-defined
postures.

Periodically, every node as well as the server will
execute the same prediction algorithm to predict the next
posture. Every node will look up its table using the pre-
dicted posture to find out which node is selected as the CH
for the next posture and the required minimum power level
to reach this node. The selected node will check if the num-
ber of times it has served as the CH exceeds its assigned
threshold, which is pre-computed from Equation (10), if
not, then it will broadcast a HELLO packet to announce
itself as the CH. On the other hand, the other nodes will
be CNs and use minimal power levels to send packets to
this CH.

From the motion detection application’s point of view,
having high accuracy is equally as important as energy
saving. To evaluate the accuracy of our cluster-based
approach and compare it with the FT case, we utilise
TDMA for packet transmissions of CNs. Assuming the
frequency of sampling is � and the sampling duration is
1=� , then the time slot allocated for each CN is 1=�n, with
n is the number of nodes in the BSN. A unique priority

number (from 1 to n) is used as the index for which time
slot the CN is assigned. The sampling duration is a function
of the maximum round-trip time between any two nodes.
When the newly selected CH receives the sensing data
from CNs, it will send an acknowledgment (ACK) to each
CN to acknowledge that the data are received. Here, we
do not consider the issue of ACK implosion [63] because
the number of sensor nodes in a BSN is typically limited
because of cost and deployment considerations. Given that
the prediction might be wrong, it is possible that a CN
might use a power level that is less than needed to reach
the CH. Therefore, if a CN does not receive an ACK from
the CH during its time slot, it will adjust its power level so
that it is sufficient to cover the entire BSN and re-transmit
the data to the CH.

In summary, our protocol can be divided into two
phases: initialisation and normal. The initialisation phase is
only executed once, whereas the normal phase is repeated
over and over again.

1. Initialisation phase:

(a) One node, say i, is randomly selected as the CH
and assigned with the time slot ti .

(b) Every other node, say j (j ¤ i ), becomes a
CN and sends its sensing data to node i in its
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(c) r=0.4, n=6, m=2
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Figure 8. The percentage of energy saved when mD 2 and r D 0:4 are fixed.

Table I. Predictor comparison on required memory, time complexity and accuracy.

Predictor Required memory Time complexity Accuracy

Markov chain O(1) 40a O.np/ 71.23%
LZ 44b O.ni

p/ 45.21%
SPM 73c O.nj

s/ 58.9%

np, the number of postures (e.g. 23) [62]; ns, the number of samples used for predic-
tion (e.g. 73); i, the maximal level of LZ tree; j, the maximal suffix; LZ, Lempel–Ziv;
SPM, sampled pattern matching.
aThe number of non-zero entries in the (sparse) transition matrix.
bThe number of tree nodes.
cThe total number of training samples.

assigned time slot tj using the maximal power
level (that is sufficient to reach the entire BSN).

(c) The CH receives all sensing data and sends the
aggregated data to the BS/server.

(d) The server uses KNN to detect the posture
using the data from the BSN and then sends the
detected posture back to all sensor nodes.

2. Normal phase:

(a) All sensor nodes use the Markov predictor and
the detected posture sent back from the server
to predict the next one. If a sensor node did not

receive any results from the server, it then uses
the previously predicted posture to predict the
next one.

(b) From the predicted posture, every node looks up
its priority number and the required power level
to transmit data to the next CH. The node with
the lowest priority number announces itself
as the CH and broadcasts a HELLO packet to
all the other nodes. If a node does not hear any
CH announcement before its own time slot and
the number of times it was a CH is still less than
its threshold (x), it then broadcasts a HELLO
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packet and announces itself as the CH to
other nodes.

(c) CNs use the minimum required power level to
send data to the CH. Once the CH receives all
the sensing data, it then sends the aggregated
data to the BS/server.

The server runs KNN to detect the posture. If the
detected posture is different from the predicted one, then
the server sends the detected posture back to all the sensor
nodes. Otherwise, there is no transmission from the server
to the sensor nodes.

Therefore, during the normal phase, the energy con-
sumption can be estimated as

E DETx(HELLO)C
nX
iD1

ETx.CNi ;CH/

� sC .ERx � sCETx(ACK)/ (13)

� .n� 1/CETx(BS)� k

Here, ETx(HELLO) is the energy consumption for
broadcasting a HELLO packet, andETx(ACK) is for trans-
mitting an ACK back to the CN.

5. PERFORMANCE EVALUATION

5.1. Analysis

In this section, we first provide a performance analy-
sis of our CH selection algorithm (i.e. minimisation of
intra-cluster communication energy (MICE)). We con-
sider the energy consumption for the case with MICE
(Equation (13)) and the case without MICE. The energy
consumption for the case without MICE is shown in
Equation (14).

E DETx(HELLO)CETx(CH)� .n� 1/

� sC .ERx � sCETx(ACK)/ (14)

� .n� 1/CETx(BS)� k

In our analysis, given that different kinds of transceivers
could have different energy consumptions for the transmis-
sion and reception of packets [58], we assume that the ratio
between reception power and transmission power is ˛. That
is, ERx D ˛ �ETx(CH).

In addition, given that the performance of our proto-
col is heavily affected by the ratio between the required
power to reach the CH (i.e. ETx.CNi ;CH/) and the lowest
power level to cover the entire BSN (let us term it as
ETx.BSNmin/), here, we assume that ETx.BSNmin/ D

ˇ�ETx.CNi ;CH/. In our analysis, we letETx(HELLO)D
ETx(CH) D ETx(ACK) D ETx(BS) D ETx.BSNmin/. As
shown in Figure 9, as compared with the number of nodes
in the network, ˛ and ˇ have a larger impact on the amount
of energy that can be saved.
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Figure 9. Comparison of cases with minimisation of intra-
cluster communication energy (MICE) and without MICE for
saved energy in varying ˛. Saved energy D .Ewithout-MICE �

Ewith-MICE/=Ewithout-MICE

Next, we discuss the amount of energy that can be saved
using a cluster-based approach when MICE is employed.
Again, we consider two cases, FT and PT, as described in
Section 4. The amount of energy consumption required for
FT with MICE is previously shown in Equation (13). As
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Figure 10. The amount of saving using minimisation of intra-
cluster communication energy for partial and full transmissions.

Saved energyD .EFT � EPT/=EFT.

shown in Equation (15), the required energy for PT with
MICE is

E DETx(HELLO)C
nX
iD1

ETx.CNi ;CH/

� sC .ERx � sCETx(ACK)/ (15)

� .n� 1�m/CETx(BS)� k

As shown in Figure 10, more energy can be saved as the
ratio ofm=n increases. For a four-node network, up to 60%
of energy can be saved when MICE is employed.

One important issue that could affect the performance
of our protocol is the prediction accuracy. When the pre-
dicted posture is incorrect, more energy will be consumed
because of the following reasons:

1. CNs might use a power level that is lower than nec-
essary to reach to the CH, and then their packets will
be lost. As a result, more energy is consumed for
packet re-transmission.

2. CNs might use a power level that is higher than
necessary to reach the CH.

3. When the predicted posture is correct, the predicted
posture will be the same as the detected posture by
the server, and the server will not send the detected
posture back to the sensor nodes, as described in
the previous section. However, when the predic-
tion is wrong, the server will send its detection
results back to all sensor nodes, and all sensor nodes
need to consume energy to receive the packet from
the server.

5.2. Implementation

We used the KNN algorithm for the motion detection
and implemented a testbed using the TelosB mote [64],
which has a TI MSP430 [65] processor and a Chipcon
CC2420 RF transceiver [57] that supports the IEEE
802.15.4 for communication. A pair of AA batteries are

used for power supply. The data rate is 250 kB/s when
operating at the frequency of 2.4 GHz. We employed
four triaxial microelectromechanical system accelerome-
ter sensors placed on the wrists and ankles of a person
to capture the subject’s motions. The BS receives sens-
ing data from the BSN and forwards them to a personal
computer server where KNN is executed. We developed
our program under TinyOS [66], which is a component-
based and embedded operating system written in the nesC
programming language.

5.3. Experiments

In this section, we first evaluate the accuracy of our cluster-
based approach using KNN. Next, we compare the per-
formance of our CH selection algorithm with other head
selection algorithms used in previous studies, including
LEACH [18], high energy first (HEF) [67] and the static
CH approach [45–47].

To evaluate the accuracy of our cluster-based approach
and compare it with the FT case, we used five pre-defined
motions from boxing, namely right straight punch, right
hook punch, right uppercut punch, right front kick and
right side kick in our experiments. Our experiments were
run in real time. In Figure 11, each point represents the
results from 50 repetitions of each motion (250 times in
total). Sample size (ss) and the pre-defined threshold (k)
are important parameters for the KNN algorithm, so both
of them are dynamically tuned to find the highest accuracy.
Generally, given a fixed k, the accuracy will go up with the
increase in sample size, but the reverse is not true. There
is a trade-off between (ss, k) and accuracy because we
need to consider the computation cost/time depending on
the characteristics of the applications. The results indicate
that our cluster-based algorithm (termed as PT) can achieve
similar performance as that of FT. When ss D 300 and
k D 10, the accuracy is 94.8% for FT and 91% for PT. The
performance is slightly better when we increase the sam-
ple size to 400. The accuracies for FT and PT are 94% and
92%, respectively. Generally, the accuracy of FT is higher
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Figure 11. Detecting accuracy from varying combinations of ss
and k. FT, full transmission; PT partial transmission.
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than that of PT because it provides more information to
the KNN.

Next, we compare our minimal-distance-based header
selection algorithm with three other different header selec-
tion algorithms. We used two tae kwon do postures, namely
ch1 and ch2, as shown in the Appendix, to test the
performance of different algorithms in our experiments.
We employed four sensor nodes (mounted on knees and
elbows) and applied a full charge to the battery of each
sensor node in the beginning of our experiments and then
randomly and repeatedly performed ch1 or ch2 until one of
the BSN sensors dies out. We compare our method against
the CH selection algorithms used in LEACH and HEF. We
also look at the performance of the static CH approach,
which is served as a baseline for our comparisons. We
assume that the CH selection algorithm is executed for
every posture continuously until one of the nodes die out
and the experiments end. In the static CH approach, the
CH is pre-selected and does not change through the life-
time of BSN. The advantage of using a static CH is that it
does not require any control overhead. However, an obvi-
ous drawback of the static CH approach is that the energy
of the CH might quickly deplete out and become the bottle-
neck of the BSN. In LEACH, in the cluster advertisement
(CA) phase, each node in a cluster randomly elects itself
as the CH and broadcasts an advertisement message to the
whole BSN according to a pre-defined probability, which
is based on the desired percentage (P) of CHs required (P
was set to 25% in our experiments). If multiple nodes elect
themselves during the CA phase, the first one that broad-
casts will become the CH. Statistically speaking, in 1=P
rounds, every node will only get to become the CH once.
The selected CH then broadcasts an invitation message to
all neighbouring nodes. After hearing the invitation, neigh-
bouring nodes reply a join message to the CH and become
CNs. After 1=P rounds, all nodes in the network again
have an equal probability to become the next CH. Simi-
larly, there are two phases in the HEF protocol. In the CA
phase, each node provides its residual energy information
to the BS, and the node with the highest residual energy
will be selected as the next CH. The energy information of
a node is piggybacked over the normal data transmission.
In our experiments, all protocols use TDMA to avoid colli-
sions, and ACK/re-transmission mechanisms are employed
to ensure reliable transmission of the sensor data. The
sensing data of CNs are first aggregated by the CH and
then forwarded to the BS. We use the following metrics to
evaluate the performance of different protocols:

� Bandwidth consumption: We consider the bandwidth
consumption used for transmitting the sensor data and
protocol control information (e.g. for TDMA oper-
ation and CH selection). Specifically, in our exper-
iments, each data packet consumes 26 B (20 B for
the packet header plus 6 B for the sensing data).
The size of the control packet (e.g. TDMA timing
information, ACK, cluster announcement and join,
etc.) varies from 21 to 38 B.

� System lifetime (L): This is defined as the shortest
lifetime of any participating node in the BSN [68,69].
In other words, L is the duration from when the sys-
tem starts until the first node runs out of its energy.
Assuming that each node i has an initial battery
energy Bi , the lifetime of node i is given by

Ti D
Bi

�i ;consumption
(16)

where �i ;consumption is the energy consumption for
detecting the user motion in each sampling period.
The L is defined as

LDmin
i2n

Ti (17)

� Energy utilisation (U): We adopt the same definition
as in [70], where U is defined as ‘Energy used for the
total amount of delivered data/total amount of energy
consumed’. That is,

U D

nP
iD1

�i ;sending_data

nP
iD1

�i ;consumption

(18)

where �i ;sending_data is the energy consumption for
sending sensing data from node i to BS, which
includes three parts: CN sending sensing data to CH,
CH receiving sensing data from CNs and, finally, CH
sending aggregated sensing data to BS.

Given that different transceivers have different amounts
of energy consumption for transmitting and receiving data,
we assume that the required power for reception is a scalar
multiplication of transmission power, that is, ERx D ˛ �

ETx(CH); here, ˛ > 0.
As shown in Figure 12, the static CH has the lowest

bandwidth consumption for different sampling rates. This
is because the static approach does not need to change
the CH and has the least control overhead. We evaluate

Figure 12. Comparison of bandwidth consumption using differ-
ent numbers of samples in different protocols .˛D 1/. CH, clus-
ter head; HEF, high energy first; LEACH, Low-Energy Adaptive

Clustering Hierarchy.
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the performance of our protocol with different accuracy
rates (30%, 60%, 90%). When the prediction accuracy
rate is high, our protocol outperforms both LEACH and
HEF because the CH selection can then be locally decided
from the predicted results, which significantly reduces the
required bandwidth for sending control information. In
addition, CNs can use the minimum power level for the
data transmission, on the basis of the predicted posture. On
the other hand, when the accuracy rate is low (e.g. 30%),
the bandwidth consumption of our protocol is similar to or
more than that of LEACH, as shown in Figure 12, because
additional control overhead for prediction is needed for the
messages exchanged between BS and CNs. Similarly, HEF
requires more bandwidth than LEACH because additional
packets with each node’s residual energy information need
to be sent to BS to decide the next CH.

Next, we compare L and U among these four proto-
cols. Here, we assume that the prediction accuracy rate in
our protocol is 50% and set the sampling period to 1 s.
As shown in Figure 13, our protocol has the longest L as
compared with the other three protocols. The static CH
approach has the shortest lifetime because the CH will
quickly use up its energy and render the system useless.
LEACH is slightly better than HEF because the latter con-
sumes much energy in exchanging control information. In
HEF, every node needs to send CA information to form
the cluster and provide residual energy information to the
BS in every round. In addition, as we increase ˛ (i.e. the
receiving power needed to receive a packet is higher than
the transmission power to send a packet), the performance
of LEACH and HEF become close to or worse than that of
the static CH approach. This is because a higher reception
power consumption will increase the total energy expendi-
ture when nodes have more control messages to receive.
As we described previously, the only control overhead
required for the static CH approach is for the operation
of the time-division multiple-access protocol (e.g. synchro-
nisation, ACK, etc). As a result, the increase of reception
power has a smaller effect on the static CH approach than
on the other protocols.

Figure 13. Comparison of system lifetime using different
percentages for transmission/receiving energy consumption
in different protocols .sampling rate D 1/. CH, cluster
head; HEF, high energy first; LEACH, Low-Energy Adaptive

Clustering Hierarchy.

For similar reasons as before, as shown in Figure 14,
although the static CH approach has the shortest L, it
has the highest U because most of its energy consump-
tion is spent on data transmission rather than for exchange
of control information. On the other hand, HEF has the
lowest utilisation because a large portion of its power
consumption is used for selecting the next CH. With a
medium prediction accuracy rate (e.g. 50%), our protocol
can effectively reduce the amount of control overhead for
CH selection and improve both L and U .

Finally, to understand the effect of prediction accu-
racy on the performance of our protocol, we look at how
different levels of prediction accuracy affect L. In this
experiment, we consider 0.5% packet loss rate for intra-
node communication between CH and CNs and 5% packet
loss rate between CH and BS. We use 50% prediction accu-
racy as the baseline to normalise L (i.e. we assume that the
lifetime with 50% prediction accuracy is 1). As shown in
Figure 15, we find that an increased/decreased prediction
accuracy does not significantly affect the L of our proto-
col. For example, as we increase the prediction accuracy
to 70%, L is only further extended for another 7%. On the
other hand, when we decrease the prediction accuracy to
20%, the L is only reduced around 9%.
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Figure 14. Comparison of energy utilisation using different
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Clustering Hierarchy.

Figure 15. Comparison of normalisation system lifetime
in varying accuracy (the baseline is considered 50%

prediction accuracy).
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Figure A. 1. The user-defined postures. From A to W, 23 postures in total.

6. CONCLUSION

In this paper, we provide a detailed analysis of how differ-
ent parameters in a cluster-based algorithm can affect the
amount of energy saving. Additionally, we propose a novel
CH selection algorithm by considering the required power
level for sending a packet from the CN to the CH, which
is complemented by a prediction mechanism to reduce
the number of data transmissions. Furthermore, we use a
threshold-based approach to evenly distribute the energy
load among nodes by considering the number of times a
node has acted as a CN and a CH. We implement our
cluster-based algorithm on a testbed using the KNN algo-
rithm and show that it can achieve high accuracy (above
90%). The results of our simulations show that our proto-
col can efficiently prolong the lifetime of a BSN. We are
currently working on a larger testbed and evaluating the
effects of various parameters in our cluster-based proto-
col (such as sampling rate, network topology, etc.) on the
network performance.

APPENDIX A: THE USER-DEFINED
POSTURES FOR TAE KWON DO

The total number of postures is 23, as defined in Figure
A.1 [62]; ch1 contains 33 postures, and ch2 contains 41.
The letters in ch1 and ch2 represent consecutive postures.

ch1 (33 postures): ABCDEFGBCHIJHKLMEFMNOPQ-
DRSTUGBCDA

ch2 (41 postures): ABCDEFGKLIJBCPQVEFTUWNO-
RSKLIJBCPQDTUGPQDA
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