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1. Introduction

A key justification for the use of robotic systems is for
applications that are dull, dirty, or dangerous, where the use
of robotic systems may reduce or eliminate the danger to
humans working in an environment known to be hazardous.

Hazards may include nuclear, biological, or chemical
contaminants, flood, fire, or earthquake damage as well as
underwater, under-ice, down mines, and space exploration.

Hazardous applications include rescue missions, dealing
with hostile targets, addressing potential terrorist threats, or
any operation performed in a hazardous environment.

Distributed networks of robots may be deployed in such
hazardous environments to effectively perform missions
such as reconnaissance, surveillance, search and recovery,
or resource harvesting. When mobile robots are used to
host sensor and communication nodes for a distributed
sensing network, the sensor network may achieve improved
capabilities for detection and classification of potential
targets and other objects of interest.

Intervention begins with gathering information about
the nature of the problem. Sensor fusion in the context of
distributed sensor networks has emerged as a leading method
for implementing robust and efficient surveillance.

The “designer” of such distributed sensing systems has
simple rules for the behavior of individual team members on
one end and the overall objective function of the entire team
at the other end. Observed in biological swarms, emergent
behaviors are able to link these two ends, as also engineering
approaches for the design of “Systems of Systems” can do.

For hazardous environments and applications, this spe-
cial issue contains papers describing concepts, simulations,
and real applications. The focus lies on sensor networks that
have the additional features of control parameters in order to
optimize the sensor and fused data quality. Implementing the
resulting adaptive behavior into the robots lets the network
advance towards its high-level goal.

2. Fusion and Performance Evaluation

S. Jiang et al. propose a new Linear Decision Fusion Algo-
rithm under the Control of Constrained-PSO for WSNs.
They state that a major application of a distributed WSN
(Wireless Sensor Network) is to monitor a specific area for
detecting some events such as disasters and enemies. In
order to achieve this objective, each sensor in the network
is required to collect local observations which are probably
corrupted by noise, make a local decision regarding the pres-
ence or absence of an event, and then send its local decision
to a fusion center. After that, the fusion center makes the final
decision depending on these local decisions and a decision
fusion rule, so an efficient decision fusion rule is extremely
critical. It is obvious that the decision-making capability of
each node is different owing to the dissimilar signal noise
ratios and some other factors, so it is easy to understand that
a specific sensor’s contribution to the global decision should
be constrained by this sensor’s decision-making capability,
and based on this idea, we establish a novel linear decision
fusion model for WSNs. The authors employ the constrained
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particle swarm optimization (constrained-PSO) algorithm
to control the parameters of this model. They also apply
the typical penalty function to solve the constrained-PSO
problem. The emulation results indicate that their design is
capable to achieve a very high accuracy.

A. Skvortsov and B. Ristic discuss the modelling and
performance analysis of a network of chemical sensors with
dynamic collaboration. The problem of environmental mon-
itoring using a wireless network of chemical sensors with a
limited energy supply is considered. Since the conventional
chemical sensors in active mode consume vast amounts of
energy, an optimisation problem arises in the context of a
balance between the energy consumption and the detection
capabilities of such a network. A protocol based on “dynamic
sensor collaboration” is employed: in the absence of any
pollutant, majority of sensors are in the sleep (passive) mode;
a sensor is invoked (activated) by wakeup messages from
its neighbors only when more information is required. The
authors propose a mathematical model of a network of
chemical sensors using this protocol. The model provides
valuable insights into the network behavior and near optimal
capacity design (energy consumption against detection).
An analytical model of the environment, using turbulent
mixing to capture chaotic fluctuations, intermittency and
nonhomogeneity of the pollutant distribution, is employed
in their study. A binary model of a chemical sensor is
assumed (a device with threshold detection). The outcome
of their study is a set of simple analytical tools for sensor
network design, optimisation, and performance analysis.

X. Sun and E. J. Coyle address the effects of motion
on distributed detection in mobile ad hoc sensor networks.
A large set of mobile wireless sensors observe their envi-
ronment as they move about. The authors consider the
subset of these sensors that each made observations about
a brief, localized event at the time when near that location.
As the sensors continue to move, one of them eventually
finishes processing its observations, decides that an event of
interest occurred, and wants to determine if other sensors
confirm its results. This sensor thus assumes the role of
a Cluster-Head (CH) and requests that all other sensors
that collected observations at that time/location reply to it
with their decisions. The motion of the sensors since the
observation time determines how many wireless hops their
decision must cross to reach the CH. The authors analyze
the effect of this motion in the 1D case by modeling each
sensor’s motion as a Correlated Random Walk (CRW), which
can account for realistic transient behavior, geographical
restrictions, and nonzero drift. The authors also account for
observation errors and errors in each hop in the wireless
channel. Quantities, such as the error probability of the final
decision at the CH and the minimum energy required to
collect the local decisions from all relevant sensors, can then
be directly calculated as functions of time and the parameters
of the CRW, the measurement noise, and the channel noise.
These results thus allow a rapid characterization of the
time dependence of distributed detection algorithms that are
being executed in realistic mobile sensor networks.

3. Energy and Topology Optimization

J. Jia et al. present theoretical analysis and simulations
of energy balanced density control to avoid energy hole
for wireless sensor networks. Density control is of great
relevance for wireless sensor networks monitoring hazardous
applications where sensors are deployed with high density.
Due to the multihop relay communication and many-to-
one traffic characters in wireless sensor networks, the nodes
closer to the sink tend to die faster, causing a bottleneck
for improving the network lifetime. The authors investigate
systematically the theoretical aspects of the network load and
the node density. Furthermore, the authors prove the accessi-
bility condition to satisfy that all the working sensors exhaust
their energy with the same ratio. By introducing the concept
of the equivalent sensing radius, a novel algorithm for density
control to achieve balanced energy consumption per node is
thus proposed. Different from other methods in the litera-
tures, a new pixel-based transmission mechanism is adopted,
to reduce the duplication of the same messages. Combined
with the accessibility condition, nodes on different energy
layers are activated with a nonuniform distribution, so as
to balance the energy depletion and enhance the survival of
the network effectively. Extensive simulation results are pre-
sented to demonstrate the effectiveness of the new algorithm.

A. Jawahar et al. present a new capacity-preserved,
energy-enhanced hybrid topology management scheme in
wireless sensor networks for hazardous applications. A wire-
less sensor network is composed of large number of sensor
nodes which are densely deployed in the field. These nodes
monitor the environment, collect the data, and route it to a
sink. The main constraint is that the nodes in such a network
have a battery of limited stored energy, and if the nodes start
to die, the network lifetime gets reduced. There are various
topology management schemes such as SPAN, STEM, GAF,
and BEES, for improving network parameters such as capac-
ity, lifetime, coverage, and latency. None of these schemes
will improve all the mentioned network parameters. In Sus-
tainable Physical Activity in Neighbourhood (SPAN), some
of the nodes become coordinators to form the backbone
path and can only forward messages. A noncoordinator will
check periodically whether it should become coordinator.
SPAN preserves network capacity, decreases latency but
provides less energy savings. Sparse Topology and Energy
Management scheme (STEM) improves network lifetime
by putting the sensor nodes either in monitoring state or
in transfer state. STEM does not try to preserve capacity
resulting in great energy savings and high latency. In the
scheme proposed by the authors, a new coordinator rule is
implemented in SPAN, and then integrated with STEM. The
authors observe that the energy conserved increases by about
3.18% to 4.17% without sacrificing network capacity. Due to
definite path in the proposed scheme the latency is reduced
by almost half the latency of STEM scheme.

4. Applications

X. Dai et al. apply techniques for wireless communication
networks for gas turbine engine testing. A new trend
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in the field of aeronautical engine health monitoring is
the implementation of wireless sensor networks (WSNs)
for data acquisition and condition monitoring to partially
replace heavy and complex wiring harnesses, which limit
the versatility of the monitoring process as well as creat-
ing practical deployment issues. Augmenting wired with
wireless technologies will fuel opportunities for reduced
cabling, faster sensor and network deployment, increased
data acquisition flexibility, and reduced cable maintenance
costs. However, embedding wireless technology into an aero
engine (even in the ground testing application considered
here) presents some very significant challenges, for example,
a harsh environment with a complex RF transmission
channel, high sensor density, and high data rate. The authors
discuss the results of the Wireless Data Acquisition in Gas
Turbine Engine Testing (WIDAGATE) project, which aimed
to design and simulate such a network to estimate network
performance and de risk the wireless techniques before the
deployment.

S. Petillo et al. investigate the construction of a dis-
tributed AUV network for underwater plume-tracking oper-
ations. In recent years, there has been significant concern
about the impacts of offshore oil spill plumes and harmful
algal blooms on the coastal ocean environment and biology
as well as on the human populations adjacent to these coastal
regions. Thus, it has become increasingly important to
determine the 3D extent of these ocean features (“plumes”)
and how they evolve over time. The ocean environment is
largely inaccessible to sensing directly by humans, motivating
the need for robots to intelligently sense the ocean for us.
The authors propose the use of an autonomous under-
water vehicle (AUV) network to track and predict plume
shape and motion, discussing solutions to the challenges
of spatiotemporal data aliasing (coverage versus resolution),
underwater communication, AUV autonomy, data fusion,
and coordination of multiple AUVs. A plume simulation
is also developed as the first step toward implementing
behaviors for autonomous, adaptive plume tracking with
AUVs, modeling a plume as a sum of Fourier orders, and
examining the resulting errors. This is then extended to
include plume forecasting based on time variations, and
future improvements and implementation are discussed.
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A new trend in the field of Aeronautical Engine Health Monitoring is the implementation of wireless sensor networks (WSNs)
for data acquisition and condition monitoring to partially replace heavy and complex wiring harnesses, which limit the versatility
of the monitoring process as well as creating practical deployment issues. Augmenting wired with wireless technologies will fuel
opportunities for reduced cabling, faster sensor and network deployment, increased data acquisition flexibility, and reduced cable
maintenance costs. However, embedding wireless technology into an aero engine (even in the ground testing application consi-
dered here) presents some very significant challenges, for example, a harsh environment with a complex RF transmission channel,
high sensor density, and high data rate. In this paper we discuss the results of the Wireless Data Acquisition in Gas Turbine Engine
Testing (WIDAGATE) project, which aimed to design and simulate such a network to estimate network performance and derisk
the wireless techniques before the deployment.

1. Introduction

Wireless sensors are increasingly used for monitoring struc-
tures and machinery. A large number of such systems exist
already on the market [1]. Most systems comprise a relatively
small number of nodes with low date rates; however, there are
clear signs that wireless sensor technology is maturing [2].
The work described in this document explores a wireless sen-
sor system for monitoring vital parameters during aero gas
turbine engine development tests with a long-term aim to do
the same during engine on wing operation. A typical engine
test phase requires measurements of up to 3000 parameters
from transducers on the engine connected to the data acqui-
sition system through very long cables. These wired data
acquisition systems require as much as 12 km of wiring and

involve long and expensive setup and instrumentation times
which significantly increases time to market.

Despite these limitations, wired instrumentation is a ma-
ture and well-understood approach used widely in the aero
industry. Replacing it with wireless solutions will require sig-
nificant changes in not only the technology but also in the
associated engineering processes. In the absence of sufficient
know-how about the performances of wireless sensors for
engine test data acquisition, replacing the existing instru-
mentation process is fraught with risks. In this context, the
WIDAGATE project has developed robust and experimen-
tally validated simulations of WSNs to generate insights into
their performance for engine testing applications. This pro-
ject aims to provide the aero engine testing industry the tools
to conduct an effective risk-benefit trade-off analysis and
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and user interaction

Agent layer

Data stream
messages (sockets)

Control/query
messages

Gateway module

WSN simulator core 
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Figure 1: System structure of the software simulator developed.

support intelligent investment choices regarding WSN-based
instrumentation.

Specific advantages of using WSN-based instrumenta-
tion are in the replacement of part of the wiring infrastruc-
ture with wireless communication to offer significant bene-
fits in cost and time, flexibility, interoperability, weight, and
improved robustness. To achieve these goals a number of
long-term challenges need to be addressed, in particular, the
issue of communicating in the harsh and dynamic environ-
ment of gas turbines involving high-speed rotations, rapid
airflows, high temperatures, and large-amplitude vibrations.
In terms of wireless communication, the WSNs in the appli-
cation of engine testing face four challenges:

(1) severe RF interference;

(2) non-line-of-sight propagation. RF signals are trans-
mitted in an environment that is largely composed of
metal and it is highly possible that nodes are not in
line-of-sight;

(3) high-density sensors. Engine testing may eventually
involve up to a few thousands sensors;

(4) high-data-rate and near real-time transmission requ-
irement with accurate synchronisation.

The WIDAGATE project delivers an application-specific
diagnostic tool for network performance, network architec-
ture, and communication protocols analysis in a relatively
short time scale (i.e., one run of engine testing), whilst also
addressing many generic, long-term WSN research chal-
lenges. The main achievement of the WIDGAGTE project is
the development of both an accurate and experimentally vali-
dated simulation model and a system demonstrator of a wire-
less sensor network for data gathering and health monitoring
during gas turbine engine testing.

As shown in Figure 1, the developed software simulation
platform is comprised of three parts: the realistic radio
channel model, the wireless network simulator core, and
the Agent layer for user interaction and optimisation. The

impacts of the complex engine testing environment on wire-
less communication are modelled by an empirical radio
channel model. The radio channel model is integrated into
an event-based Wireless Sensor Network (WSN) simulator
core. The Agent layer provides the friendly graphical user
interface to visualise the network performance, allows users
to both access and control the underlying simulator core on-
the-fly (e.g., querying sensor nodes for information, change
the network architecture by the repositioning of nodes, etc.),
and performs multiagent optimisation to improve network
performances (such as network throughput).

This paper is organised as follows: Section 2 gives details
of the application considered within the WIDAGATE project
and details related work. Section 3 gives an overview of the
WIDAGATE system design. Section 4 presents details of the
modelling of the radio channel in engine testing environ-
ment. The Medium Access Control (MAC) protocols and the
software simulator of WSN are described in Section 5, fol-
lowed by Section 6 presenting the design and implementa-
tion of a multiagent application layer which allows end-users
to interact and control the developed WSN simulator and
the optimisation of network performance. Section 7 presents
the development of a hardware evaluation test bed and the
results of both lab tests and engine tests, with Section 8 pre-
senting the conclusions of the work.

2. Application Scenario

Data sampling and transmission of the samples are key issues
when developing a new instrumentation system. Generally,
there are two kinds of schemes for data sampling and trans-
mission. (1) Offline transmission: the measurement data are
sampled and stored at the sensor nodes during the course of
engine testing and transmitted to the data logger (referred to
as data SINK or data concentrator) at the end of the testing.
The advantage of this two-step scheme is the simplicity of
the communication system while a disadvantage is the large
storage requirement and non-real-time operation. (2) On-
line transmission: the sensor nodes sample the physical sig-
nals and immediately transmit the sampled data through the
wireless network. Although the online method can reduce
the storage required at each sensor node, it puts a real-time
requirement of the communication network, demanding
higher throughput and lower latency.

The features of the engine testing and the requirements
to the wireless communication system are listed as follows.

Periodic Traffic Load. The periodic sensor measurements
generate a periodic data flow from the sensors to the collec-
tors. This implies a schedule-based MAC approach, in order
to effectively exploit this pattern to maximise performance.
Some spatial correlation between the sensor measurements is
expected. The MAC protocol must have the ability to manage
the local data communication in a manner that enables the
available data redundancy to be exploited.

Near Real-Time Requirement/Latency Requirement. This
project does not attempt to provide real-time operational
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Table 1: Environmental conditions during development and pro-
duction testing.

Oil system temperature 250◦C

Air temperature (beneath core cover) 350◦C

Metal temperature 1100–1300◦C

Pressure 40–42 bar

Vibration 40 g

data; however, rapid delivery of results and timing accuracy
of the data are vital for acceptable operation.

High Sensor Density. During engine development testing,
there are over three thousands sensors (1000 thermocouples,
1500 pneumatic lines, and 500 accelerometers) required to
measure and record the temperature, pressure, and vibration,
respectively. Most of the sensors are deployed in the limited
space around or within the engine which leads to a high den-
sity of sensor points.

High Data Rate and High Spectral Efficiency MAC Protocol.
The periodically generated sensor data and high density of
sensors result in a huge amount of data to be transmitted
across the network. Thus, a high data rate is necessary to
achieve near real-time and low latency operation. Maximis-
ing the system spectral efficiency (throughput per unit band-
width per unit area) in the multihop sensor network is essen-
tial to minimising latency and maximising energy efficiency.
Therefore, a high system spectral efficiency MAC protocol is
required that minimises data forwarding delay between the
tiers of the network hierarchy and maximise the number of
sensors communicating simultaneously.

Scalability Requirement. The number of sensors and their
location is fixed throughout the engine test. However, in
development and production testing, a small number of sen-
sors may be added later.

Harsh Environment. Development and production testing
takes place under the extreme environmental conditions
summarised in Table 1.

In addition to the extreme vibration and temperature
environment within which the wireless communication net-
work has to work, interferences due to other industrial elec-
trical/electronic devices may also have an adverse impact on
the performance of the wireless link [3].

Robustness and Coexistence Requirement. The communica-
tion protocol has to be designed carefully to make the wire-
less communication robust enough against interference and
enable it to coexist with other electrical equipment.

With the recent advances in wireless sensor networks
(WSNs), the realisation of low-cost embedded industrial
automation systems has become feasible [1, 4]. Small-scale
condition monitoring using wireless technologies for engine
testing and in-service engine monitoring are well discussed
and demonstrated in [2, 5], where the Bluetooth techniques

are adopted for small networks. In [6], a Bluetooth-based
demonstrator with 5 nodes connecting the thermocouples
and sound sensors has been developed for acquisition and
visualisation of the engine’s temperature. A wireless sensor
network for monitoring the health of aircraft engines is des-
cribed in [7, 8]. In [9] the authors provide an overview of the
architectures of wireless networks for engine and aircraft
health monitoring.

It has been shown that the MAC protocol dominates the
network performance and, recently, many researchers have
been engaged in developing schemes that address the unique
challenges of industrial wireless sensor networks. A number
of MAC protocols have been proposed for wireless sensor
networks. The most common MAC is contention-based
channel access, namely, Carrier Sense Multiple Access with
Collision Avoidance (CSMA/CA), in which nodes transmit
data if the medium is sensed idle and use a back-off mecha-
nism in case of busy channel or collisions. Both IEEE 802.11
and the IEEE 802.15.4 are based on the CSMA/CA. However,
CSMA/CA is not optimal to handle real-time applications
with high data rates, various priority levels, and Quality of
Service (QoS) requirements. As congestion increases, con-
tention-based MACs spent most time on back-off to avoid
collision and the bandwidth and energy are wasted. Although
the IEEE 802.11 standard defines a centralized polling-based
channel access method, the Point Coordination Function
(PCF), to support time-bounded services, this contention-
free approach is based on the contention-based DCF (Dis-
tributed Coordination Function) and thus is not efficient due
to inefficient polling and a large overhead.

In contrast to the distributed contention-based MAC,
centralised channel access can avoid collisions and reduce
the amount of time used for backing off, making it more ap-
propriate for a real-time high data throughput applications.
Synchronous MAC protocols based on Time Division Mul-
tiple Access (TDMA) have attracted considerable interest
because of their collision-free operation, higher spectrum
efficiency, and low power consumption. While the medium
access is coordinated by a controlled schedule, the collisions
are avoided and the node’s duty cycle can be optimised so
that sensor nodes may place themselves in sleep mode for
a longer time without sensing the medium. A TDMA-like
protocol (called MaCARI) was proposed for industrial wire-
less sensor networks in OCARI project [10]. A polling-based
TDMA MAC protocol with duty cycles is proposed for indus-
trial applications and its performance is analysed in [11]. It
has been shown that the polling-based MAC protocol is a
special case of TDMA and shows a better performance in
terms of scalability and self-organization.

3. Network Design

Considering the features described in Section 2, a hybrid
wireless/wired data gathering architecture is considered
suited for high data rate engine testing. Figure 2 illustrates
a typical configuration of engine testing, where the whole
engine measurement system is comprised of a number of
modules with each having its own communication system to
transmit the data collected within it. It is natural to divide
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Figure 2: Typical engineering configuration, with permission of Rolls-Royce.

the sensors into subsets allocated at different engine modules
and, in turn, the whole communication network is com-
prised of a set of linear cluster networks, which is ideal for
providing communications in systems that have relay sta-
tions deployed along a line. As a result, the wireless sensors
are hierarchically organised into clusters using the tree-clus-
ter architecture which has been adopted in the recent stan-
dard specifications (e.g., the 802.15.4 standard [12] and the
ZigBee Alliance specifications [13]).

As shown in Figure 3, the proposed linear cluster network
(LCN) consists of three kinds of devices, Sensor Nodes (SNs),
Cluster Heads (CHs), and Wired Sinks (WSs), and they are
hierarchically organised into clusters. A sensor node connects
to a set of transducers (channels) and samples the physical
signals periodically. A group of SNs which are close to each
other geographically or related in terms of physical measure-
ments comprises a cluster. Each cluster has a special node
as its own CH and the SNs transmit their data to the asso-
ciated CH via a single-hop communication link. Usually, the
CH would have more computation capability and storage
space than the SNs and a SN may be associated with one
more cluster to improve the reliability and scalability. Fur-
thermore, one cluster may be too far to communicate directly
with the wired sink (WS) by single hop. In this case, the CHs
relay the data received from the child SNs to the WS, either
directly or via a multihop path through other intermediate
CHs.

In the proposed LCN topology, these clusters and their
CHs are organised in a chain with each chain being deployed
along the surface of the engine module. As shown in Figure 3,
the whole LCN comprises of multiple lines of linear clusters
in parallel and each chain, referred to as line (i.e., line 1,
line 2,. . .), consists of a set of cluster heads and a WS. The
linear cluster structure is a combination of star and mesh
topology. In such a convergecast network there are two kinds
of communication, namely, single-hop SN-to-CH commu-
nication and multihop CH-to-CH communication. From
the proposed engine testing application perspective, in order
to achieve a higher network throughput, it is reasonable to
make use of all available radio channels, while we assume
that the CH nodes are equipped with a double-radio wireless
module. The double-radio module potentially uses two

different standards and different frequency bands to avoid
cochannel interference between SN-to-CH and CH-to-CH
communications. This independency enables us to simulate
and study the behaviour of the sensor-to-CH and CH-to-CH
communication independently. In this paper, we focus on
the SN-to-CH communication and study the performances
of CSMA/CA and polling in SN-to-CH. With some minor
modification, these protocols can be applied to CH-to-CH
communication.

Another benefit of the linear cluster network is the sim-
plification of routing protocols, which helps to reduce the
communication overhead, save CPU time and energy con-
sumption, and improve the robustness and life time. As the
SN always sends the data to its associated CH in a single-hop
manner, there is no need for routing. The multihop routing
functions are needed only within the cluster heads. Since the
LCN has a linear topology, the routing protocol is simplified
to a great extent. It is worth noting that, depending on the
transmission power, the interference range of CHs may cover
the whole network. Thus, the routing problem turns into a
media access problem and is solved by a joint design of MAC-
routing protocols. The performance of the routing protocol
in CH-to-CH communication depends on the underlying
MAC protocols which is the focus of WIDAGATE.

4. Modelling the Radio Environment

A prerequisite to the engineering of WSN in any environment
is a physical-layer wireless channel model that can be used
to predict the channel characteristics. In the context of
WIDAGATE this implies the channel between any pair of
nodes lying on a gas turbine engine surface. Such models
may be narrowband or broadband. The former is simpler
and appropriate if the dispersion of the channel is small com-
pared to the symbol duration of the signals which the chan-
nel will carry. The latter is more complex but must be used
if dispersion is a significant fraction of symbol duration. The
geometry of a gas turbine engine is essentially cylindrical and
an estimate of the maximum data rate that can be properly
accommodated by a narrowband channel model (i.e., flat
fading without equalisation) can be made by considering
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two-path propagation between a pair of nodes as shown in
Figure 4.

The maximum differential path length for any pair of
nodes is given by

Δs = s2 − s1 =
√[

r
(
2π − φ

)]2 + l2 −
√(

rφ
)2 + l2, (1)

where r is engine radius, φ is angular separation between P1

and P2 projected onto a plane perpendicular to the engine
axis, and l is the separation of the planes perpendicular to
the engine axis containing P1 and P2. And the corresponding
differential propagation delay for a propagation velocity is

ΔT = (1/c)(
√
l2 + (2πr)2 − l). Assuming (worst case) binary

modulation and that time dispersion must be not greater

than 10% of the symbol duration, the maximum bit-rate is
given by

Rb ≤ 0.1
ΔT
= 0.1c√[

r
(
2π − φ

)]2 + l2 −
√(

rφ
)2 + l2

. (2)

Choosing extreme values of φ = 0, r = 1.0 m, and l =
2.0 m then Rb is limited to 6.53 Mbit/s. Since this is greater
than the bit-rate envisaged from each SN in the WIDAGATE
application a narrowband channel model is appropriate. This
suggests that the multipath in engine testing environment
has negligible influence on the link quality and thus there is
no need for a multipath model. Nevertheless, besides the
path loss, the thermal noise and environmental interference
are also taken into account in our model (as shown later in
this section) to give a better link quality simulation [3].

Channel Measurements. The scattering transmission param-
eter S21 was measured across the ISM frequency band (2.4–
2.5 GHz) between pairs of points distributed over a rectan-
gular grid on the cylindrical surface of a Gnome gas turbine
engine. This particular frequency band was selected based on
the majority of WSN devices currently available. The mea-
surements were made between a pair of low-gain (approxi-
mately 0 dB) omnidirectional microstrip antennas using an
Agilent N5230A vector network analyser both in the absence
of (dataset 1) and in the presence of (dataset 2) an engine
cowling. The arrangements of measurement grid points for
the two datasets are shown schematically in Figure 5.
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Figure 5: Schematic diagram of engine measurement points: (a) without cowling: dataset 1 and (b) with cowling: dataset 2. Black (darker)
points omitted.

Dataset 1 was obtained in the Gnome Test Laboratory
at Rolls-Royce in Derby, UK. The engine for these mea-
surements had no cowling (Figure 5(a)). Six potential mea-
surement points were distributed evenly around the circum-
ference of the engine in five planes perpendicular to the
engine axis along the length of the engine. The separation
between adjacent planes was 28 cm, 24 cm, 6 cm, and 20 cm.
There were, therefore, 30 potential measurement points in
total. Since measurement time was limited, and since mea-
surements between all pairs of potential points include red-
undant geometries, two points on each plane were omitted
from the measurement process. These are represented by hol-
low circles in Figure 5. The total number of measurements
made was 136. The residual redundancy in measurement
geometries, however, means that all geometries are satisfac-
torily represented in the measurement database.

Dataset 2 was obtained in the Radio Science and Wireless
Communications Laboratory at the University of Strath-
clyde, UK. The Gnome engine used was identical in type but
a different instance to that used for dataset 1. The surface
detail of the two engines was similar but not identical. Since

the surface detail represents an essentially random distribu-
tion of scatterers the use of two engines is not thought to
materially reduce the usefulness of the resulting statistical
model. These measurements were made in the presence of
an engine cowling manufactured by SCITEK Consultants Ltd
from stainless steel mesh to a specification provided by Rolls-
Royce. Access to the measurement points was via slots cut in
the cowling. When not being used the slots were covered by
aluminium foil fixed in place using a conducting grease. We
selected an Al foil with a typical thickness of 16 micron which
is 16/1.66 = 9.64 skin depths. The RF attenuation provided by
the foil is then 20log10e

9.64 = 84 dB. The protection against
leakage (out of one slot and back in another slot) is therefore
168 dB. The RF leakage is therefore considered negligible.

Channel Modelling. An empirical transmission loss model
has been derived from the measurement datasets. In order to
make the model generic, such that it can be applied to
engines of arbitrary size, the model is parameterised in terms
of path length, s, and path curvature, κ. The path length of
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Table 2: Transmission model coefficients.

Coefficients

A B C D

Dataset 1 −0.99986 0.00043 −0.01678 −0.30833

Dataset 2 −0.99983 −0.010042 −0.01532 0.02659

each measurement is that of a helical segment connecting
transmitter location (P1) and receiver location (P2). The arc
length s is given by

s =
√(

rφ
)2 + l2. (3)

The path curvature, reciprocal of radius of curvature, is
given by

κ = r

r2 +
(
l/φ
)2 . (4)

The mean transmission gain in dB (<0), GT , has been
modelled as a function of s and κ using

As + Bκ + CGT + D = 0. (5)

The resulting best-fit surface for datasets 1 and 2 is shown
in Figure 6. Each transmission loss measurement in Figure 6
is the average of 6401, equally spaced, spot frequencies
within the 100 MHz ISM band. Table 2 contains the best-fit
coefficients for each dataset.

Since the scatter of points about the model is large (due
to the large random variation of the engine surface from that
of a smooth cylinder), an error model for the quantity

Δ = GT ,measured −GT dB (6)

has also been derived by quantising the 2-dimensional space
spanned by s and κ into a 4 (s) by 3 (κ) grid and calculating
the mean and standard deviation of the resulting histograms
of Δ within each 2-dimensional quantisation interval. The
dependence of μ on s and κ and of σ on s and κ is then found
using the same approach as that used for GT . The final value
of transmission gain thus becomes a sum of a deterministic
and a random component, that is,

GT(s, κ) = GT(s, κ) + Δ
[
μ(s, κ), σ(s, κ)

]
. (7)

The measurements and modelling described above were
specific to the ISM frequency band. Further measurements
have been made to extend the frequency range of the model
up to 11 GHz and a source of thermal noise (determined
by the receiving sensor node noise bandwidth, noise tem-
perature and antenna temperature) has been incorporated.
Should a bit-by-bit simulation be necessary a time-series
model of interference drawn from the standard EUROCAE
ED-14E [14] has also been made available. (The simulations
presented here are packet level only and replace interference
with an equal amount of white Gaussian noise.) Figure 7 is a
block diagram of the complete channel model. This channel
model has been implemented using Simulink.

5. MAC Protocols for Operation

In the proposed LCN topology, the data transmission
involves two main communication schemes: the single-hop
SN-to-CN communication and the multihop CN-to-CN
communication. Since the SN-to-SN is a single-hop commu-
nication, its performance is dominated by the medium access
control scheme. Although the CSMA/CA protocol has been
widely accepted in wireless communication, considering
the requirement of WIDAGATE that demands high data
throughput, a predesigned, demand-based, and scheduled
bandwidth allocation scheme with higher spectral efficiency
is more favourable. In this section, a polling protocol is pro-
posed and its performance is compared with the CSMA/CA.
The simulation results of both CSMA and polling MAC
protocols for SN-to-CH communication are presented, being
of greatest concern for the operation of the network. For the
CH-to-CH communication, due to the simplified topology
of the proposed LCN, the routing protocol among CHs turns
into a linear routing scheme and the CH-to-CH multihop
communication is dominated by the MAC protocols as well.
Hence, the results and conclusions achieved for SN-to-CH
can be extended to the CH-to-CH with some minor modi-
fication.

5.1. Configuration and Performance Metrics. For a fair com-
parison of different MAC protocols, the network configura-
tion (packet length, etc.) and performance metrics are des-
cribed as follows. According to the engine testing require-
ment, all sensor nodes generate 102 Byte (40 Bytes payload
for 8-channel measurement data plus overhead like channel
ID, time stamp, packet header, etc.) data packets periodically
at a sampling interval of 0.03 s. Both the acknowledgement
packet (ACK) and the polling packet (REQ) have the same
length fixed at 38 Bytes (14 Bytes for MAC layer and 24 Bytes
for long preamble PHY layer). For the purpose of real-time
data transmission in engine testing, the throughput is calcu-
lated on the basis of how many DATA packets are received
during the course of an engine test run. Note that, since all
the data are buffered at the SNs, some data may be trans-
mitted to the data sink after the end of engine testing. Let
ThrPKT denote the number of received data packets while
engine is running, an effective data bandwidth (throughput),
ThrEDB, in bits per second (bps) is defined as

ThrEDB = 8rL
T

ThrPKT
(
bps
)
, (8)

where L is the packet length (in Byte), r is the payload-
overhead ratio of DATA packet, and T is the duration of
engine testing. The latency, termed as sampling-to-receiving
delay (SRD), is measured as the time from the SN sampling
the physical signal to the data packet being received by the
CH. The SRD includes queuing delays at the MAC layer and
usually is longer than the access delay. If retransmission
occurs due to transmission failure, a large SRD may appear
which might be greater than the sampling interval. If failed
packets are not discarded, then the SRD will accumulate.
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Figure 6: Best-fit plane surfaces to measurements (a) without cowling and (b) with cowling.
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5.2. MAC Protocol Description

5.2.1. CSMA/CA Protocol. CSMA/CA is a decentralised ran-
dom access mechanism in which nodes decide autonomously
when a packet transmission starts. A node wishing to trans-
mit must first sense the radio channel to determine if another
node is transmitting. If the medium is not busy, the transmis-
sion may proceed. The CSMA/CA protocol avoids collisions
by utilising a random back-off time if the node’s physical
or logical sensing mechanism indicates a busy medium. The

data delivery in CSMA/CA is based on an asynchronous,
best-effort, connectionless delivery of MAC layer data with
no guarantee that the packet will be delivered successfully.
More details of the CSMA/CA can be found at [12].

5.2.2. Polling Protocol. The polling MAC protocol is a cen-
tralised access mechanism. Although it works by a “listen
before talk scheme,” the SNs in a polling protocol listen to the
request packet from the CH rather than by carrier sensing.
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Figure 8: Illustration of the polling MAC protocol.

As shown in Figure 8, the operation of the proposed polling
MAC protocol can be described in terms of cycles. Each cycle
(which is the same length as the sampling interval) starts
at the beginning of a sampling period by polling the child
sensor nodes one by one in the cluster. At the SN side, once
a measurement is sampled, a DATA packet is generated and
queued at the MAC layer to wait for the polling packet from
the CH. At the CH side, the CH’s MAC layer maintains a
polling queue storing the SN’s IDs (i.e., MAC addresses).
When a new polling cycle starts, the CH reads the first
element of the polling queue and broadcasts a data request
packet REQ. Only the SN matching the ID accesses the med-
ium by replying with its DATA, while all other SNs keep
silence. Once sending out a REQ, the CH sets a timeout. If no
DATA packet is received within this timeout, the CH will poll
the next SN. The selection of the timeout value depends on
the REQ-DATA round trip time (RTT). The RTT in our sce-
nario is 752 μs for a 102 Bytes data packet at 2 Mbps data rate.
If the CH receives the required data packet within the time-
out, it replies with an ACK, followed by retrieving the next
ID from the polling queue and sending a new REQ to poll the
next SN. This process is repeated until either the end of the
polling queue is reached or a new sampling period starts.
For instance, Figure 8 shows two polling cycles for a clus-
ter with n SNs. As the polling queue is an increasing sequence
from 1 to n, SN1 is always polled first followed by SN2, 3 and
so on. The polling in the first cycle ends when all the n sensor
nodes are polled and none of them have any data to send.
The second polling cycle ends earlier at ith polling (i < n),
because the time Δt left for polling a node before next sam-
pling is less than a REQ-DATA RTT. The reason for termi-
nating the polling cycle earlier is to reduce the SRD and avoid
the delay accumulation, because new sampled data will be
ready for transmission when the new sampling period starts.

Note that the polling sequence determines when an SN
will be polled, thus the medium access is coordinated by the
CH and the collision is avoided. The polling queue can be
configured as a random sequence or, by default, an increasing

sequence as shown in Figure 8. Hence, the bandwidth allo-
cation is fully controlled by the CH and can be adaptive
according to the data’s’ priority and SRD requirement (e.g.,
for safety critical data) or be random indicating that all sen-
sor nodes have the same priority. It is also worth noting that
the polling protocol does not require time synchronisation
to avoid collision. In order to guarantee every data packet
is received by the CH, the proposed polling assumes a no
packet drop policy, which means a DATA packet will be kept
at the SN unless an ACK is received. This is implemented by
a DATA queue at the SN’s MAC layer.

5.3. Performance Comparison. Turning our attention to the
simulation results of the IEEE 802.11 CSMA/CA and the pro-
posed polling MAC protocol, the network throughput,
packet loss, and sampling-to-receiving delay (SRD) are sim-
ulated and depicted in Figures 9 and 10.

Throughput. Figure 9 shows the relationship between the
throughput and the cluster size, where the cluster size is
defined as the number of child SNs in the cluster. Values of
throughput are shown in terms of both how many packets are
received by the cluster head in 30 seconds and the effective
throughput (kbps). Two groups of throughput performances
are shown in Figure 9. One is the throughput in an inter-
ference-free environment, while the other is subject to exter-
nal interferences (EIs). The throughput achieved in the inter-
ference-free environment can be regarded as the upper
bound of the throughput, since the throughput purely de-
pends on the protocol itself.

In the interference-free case, as the cluster size increases
from 5 to 26, the traffic load increases from 53 kbps to
275 kbps, and the throughput of CSMA/CA goes up steady
and linearly with respect to the increasing traffic load. How-
ever, when the cluster size is greater than 26, throughput goes
down steadily after reaching the maximum throughput of
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Figure 9: Network throughputs. Throughput of CSMA/CA and
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275 kbps. This shows that the CSMA/CA reaches the satu-
rated condition at 275 kbps, representing the maximum net-
work throughput in overload conditions. In contrast, the
throughput of the polling protocol keeps increasing linearly
until the cluster size is 29 and then becomes fixed at the
highest throughput of 310 kbps even when the cluster size
increases further. The simulation results also reveal that the
polling protocol works better than the CSMA/CA at high
traffic loads (i.e., over saturation). This is because, when the
network is saturated, more collisions occur in CSMA/CA
and more bandwidth is wasted, thus the throughput of the
CSMA/CA decreases. Since the polling protocol is a collision-
free scheme, no bandwidth is wasted on collisions and a
higher throughput is achieved resulting in higher spectrum
efficiency. Furthermore, as the polling has a flat throughput
at the saturated condition, the polling protocol is more
robust than CSMA/CA.

It is worth noting that, although no collision occurs in
the polling protocol, the bandwidth has to be split between
the transmission of DATA packet and REQ/ACK packet. The
polling protocol can be further improved by either increasing
the length of data packets (to increase the share of data trans-
mission) or using a multipolling/multi-ACK scheme (to
reduce the share of REQ-ACK).

When the external interference is presented, the packet
loss is not only due to collisions but also due to the high level
of interference. As a result, the throughput becomes lower
than the upper bound. It can be seen that the throughput, in
the presence of interference, is about half of the upper bound,
suggesting packet loss is about 50% when interference is
presented. As the REQ-DATA timeout impacts on the net-
work performance, which is particularly true for short DATA
packets at saturated condition, Figure 9 shows the through-
put of the polling protocol at three timeout values of
{0.8, 1.5, 3}ms. It can be seen that they are the same at low
traffic load whereas a shorter timeout gives a bit higher
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Figure 10: Packet loss of the polling protocol subject to the envi-
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throughput at high traffic load. This is because, when packet
loss occurs, a shorter timeout allows more slots for REQ-
DATA exchanges in a polling cycle and more polling can be
applied to compensate for the packet loss.

Packet Loss. In order to further study the impacts of the
SN’s location and the polling protocol on the throughput
in a harsh environment subject to external interference, the
packet loss rates of individual SNs in the polling protocol
are depicted in Figure 10. In this simulation, 34 SNs in total
are deployed along a belt circling the engine’s surface in the
clockwise direction. The CH is at the top of the engine,
the first node SN(1) is closest to the CH, SN(1)–SN(9) are
deployed from top to bottom at the left side of the engine,
the SN(10) at the bottom is opposite to the CH (non-line-of-
sight), and SN(11)–SN(34) are placed at the right side of the
engine from bottom to top towards the CH.

It can be seen that the packet loss rates are affected by
nodes’ placement at the engine surface and the polling sequ-
ence. The first part of the packet loss curve (Node ID = 1,. . .,
10) is dominated by the SNs position, where all these nodes
can be polled in each polling cycle and the node’s position
at the engine surface is the main reason for the increase of
packet loss. Since SN(1) is the nearest one to the cluster head,
it has the lowest path loss and thus the lowest packet loss rate.
Since SN(10) at the bottom is not line-of-sight to the CH, it
has the largest pass loss and its packet loss reaches a peak of
75%. While the node ID increases, the node gets closer to
the CH and the packet loss decreases accordingly due to the
decreasing path loss. However, when the node ID becomes
greater than 15, the polling sequence dominates the packet
loss. These nodes are at the tail of the polling sequence having
less chance to be polled and the number of data transmitted
to the CH decreases. Therefore, the polling scheme at the tail
works as a nonuniform polling. The average data loss rate for
the first ten nodes (SN(i), i = 1, . . . , 10) is 45.60%. As the
first ten nodes are always polled, the packet loss in the first
ten nodes is mainly due to the external interference.

Sampling-to-Receiving Delay (SRD). The SRDs of every node
and their standard deviation are shown in Figure 11. The
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blue line is for the polling protocol when the cluster size is 30
and the brown line is for the CSMA/CA of 26 sensor nodes.
Due to its random access behaviour, the SRD of CSMA/CA
is a random process with a mean of 0.012 ms and an average
standard deviation of approximately 0.005. It is noted that,
due to the large variances, the maximum SRD of CSMA/CA
reaches nearly the sampling interval of 0.03 s. On the other
hand, as the polling queue in the polling protocol is a fixed
increasing sequence, the smaller ID number the SN has, the
earlier the SN is polled. Thus the SRD increases linearly with
respect to the SN’s ID. Since the SN is polled nearly at the
same time slot in every polling cycle, the variance of the SDRs
is small with an average standard deviation of 0.0012.

From the simulation results, some conclusions can be
drawn. (a) The throughput performance of both CSMA/CA
and polling is similar at low and moderate traffic load when
the cluster size is smaller than 25. (b) When the traffic load
increases further, the network goes into saturation and
polling is superior to CSMA/CA, where the throughput of
CSMA/CA degrades significantly, but that of polling in-
creases further and supports up to 29 sensor nodes for time-
bounded data transmission. (c) In terms of latency, the
polling shows much smaller jitter resulting in a better
phase relationship among data in engine testing. This is a
favourable feature for WIDAGATE. Overall, since WIDA-
GATE has high traffic load which makes the network satu-
rated, the polling is more appropriate for WIDAGATE in
terms of both throughput and latency.

6. Agent-Based Control and Optimisation

In contrast to the usual approach of running network simu-
lations as a batch process, the Agent-based application layer
provides not only flexibility of logging data for offline anal-
ysis and visualisation of the data/metric streams while the
simulator core is running, but also provides an interface for
the user to interact with the WSN simulator core. The user
can make online queries and change node parameters (e.g.,
location, sampling rate, and traffic load) on the fly. The
Agent-based approach also enables an intelligent online
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Figure 12: Architectural design of Agent Layer.

optimisation to improve the network performance. More
specifically, the multiagent system provides the following
functionalities to the WIDAGATE.

(a) Performance Measurement—the Agent Layer serves
as an intermediate bridge to enable the user to
obtain real-time network performance metrics from
the WSN simulator core, for individual cluster head
nodes, as well as for the entire simulation.

(b) Visualisation—the Agent Layer provides a Graphical
User Interface (GUI) to enable the user to interact
with the WSN simulator and visualise the node dep-
loyment, as well as network performance metrics and
status updates.

(c) Interactivity—the Agent Layer enables the user to
change parameters in the WSN simulator, such as
changing node locations, so as to evaluate the effects
on network performance.

(d) Optimisation—the Agent layer provides an intelli-
gent optimisation algorithm to optimise the location
of sensor nodes.

The agent layer architecture and functional design dia-
gram are shown in Figure 12 and the functionalities of each
agent module are listed in Table 3. The gateway is at the simu-
lator core providing an interface to the Agent Layer. A TCP
socket connection is used for this interface, as this allows the
Agent Layer to be abstracted from the WSN simulator. In this
way, the Agent Layer module can be easily ported to inter-
face with other underlying platforms, such as a test-bed imp-
lementation.

The proposed multiagent system is implemented using
JADE (Java Agent Development Environment) [15], as it can
be easily ported from development and simulation to a real-
world implementation. JADE also provides a set of FIPA
compliant (the Foundation for Intelligent Physical Agents
(FIPA, http://www.fipa.org/) is an IEEE Computer Society
standards organization that promotes agent-based technol-
ogy and the interoperability of its standards with other
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Table 3: Agent module functionalities.

Agent Functionality

Simulation control agent
(i) Controls the WSN simulator (start/stop/pause/resume) and creates all other agents
(ii) Initialises the simulation parameters from input test data and configuration files

Cluster head agent
(i) Represents each cluster head in the WSN simulator
(ii) Stores cluster head’s state information and performance metrics
(iii) Implements decision-making and network optimisation

GUI agent
(i) Implements 3D visualisation and graph plotting capabilities and interactive GUI for users to
control simulation parameters

Messaging agent

(i) Implements the agent interface for WSN-Agent Layer integration
(ii) Converts ACL (Agent Communication Language) messages in Agent Layer to WSN
simulator’s message format (e.g., commands, queries) and vice versa (e.g., status updates)
(iii) Maintains the socket connection with the WSN Gateway

(a) Visualisation and node modification tab (b) Querying and subscription tab

Figure 13: GUI screenshots of the Agent Layer.

technologies) agent messaging protocols for negotiation and
decision-making, also known as ACL (Agent Communica-
tion Language). The main functions provided by the Agent-
based application layer are detailed below.

6.1. Visualisation. The developed WSN core simulator is
visualised in an online fashion by the multiagent system. The
“Visualisation” tab of the GUI (shown in Figure 13(a)) illus-
trates node locations on a 3D engine model and allows
users to adjust the node locations. The “Query” tab
(shown in Figure 13(b)) provides capabilities for inputting
user requests to monitor specific nodes and online visualisa-
tion of the vibration/pressure/temperature data collected by
the sensor nodes. The user can make an ad hoc data query or
subscribe to a node’s performance metric stream, which will
be logged for offline data analysis.

6.2. User Interaction. The user interaction is implemented in
two stages. The interaction between the user and the agent
system is done by the GUI agent and the interaction between
the agent system and the underlying simulator core is done
by the Messaging Agent, which connects to the simulator

core through a socket connection for information exchange.
The simulator core has a special node, termed as gateway,
working as a server and providing a socket port. The gateway
is an event scheduler of the simulator core and has full access
to all other nodes (i.e., SNs, CHs). Once the simulator core
is initialised, the gateway sets up a socket port and listens to
the connection request from the agent system. A set of com-
mands are defined for exchanging information between the
agent and the gateway (as shown in Table 4).

At the agent side, the Messaging Agent interfaces with the
gateway module via a TCP connection (as shown in
Figure 14). When an agent module wants to interact with the
simulator core, an ACL message is generated and sent to the
Messaging Agent. The Messaging Agent interprets the ACL
message into the appropriate commands and sends them
over the socket connection to the simulator core. These com-
mands are parsed at the gateway and executed by the corres-
ponding modules in the simulator core. In the reverse man-
ner, update messages from the simulator core are collected at
the Gateway module and subsequently passed over the socket
connection back to the Messaging Agent, which relays these
updates to the corresponding Agent modules.
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Table 4: Message type definition.

Value Msg Type Attribute list Description

1 SUB START — Subscribe for gathering performance data from specified node

2 SUB STOP — Stop subscribing to specified node

3 QUERY ONCE — Single query of performance measures from specified node

4 DATA {performance measure list} List of performance measures from specified node

5 MOVE NODE x coord, y coord, z coord Move specified node to specified location

6 ADD NODE cluster id, x coord, y coord, z coord Add a new node at specified location

7 DEL NODE — Delete the specified node

8 ACK MOVE NODE x coord, y coord, z coord Acknowledge the command to move specified node

Wireless sensor 
network

Messaging Agent

Messaging Agent

Ctr

Data

Socket

connection

Data gateway

Data PKT

Data PKT

Ctrl gateway

UCL’s WSN simulator
Agent Layer

Config cmd

Config cmd

Data Query

Data Query

Figure 14: Communication mechanism between Agent Layer and WSN simulator.

6.3. Multiagent Optimisation. The ability of Agents to com-
municate information and make intelligent decisions about
meeting objectives has been exploited in this application. In
particular, we have incorporated the SN agents with an opti-
misation capability using which they are able to, as a group of
information-sharing cooperative group, determine the most
effective topology of the wireless network (with respect to a
given performance metric, such as propagation delay).

6.3.1. Optimisation Formulation. The SN should be placed
within a given distance constraint around the transducer.
Given this requirement, the possible locations around a
transducer can be formulated as a m × n grid, as shown
in Figure 15, where a 5 × 5 grid represents the 25 possible
locations for the SN. Choosing one of these grid locations as
the new position of an SN is considered an “action” by the
corresponding SN agent. Given the node locations (i.e., the
5× 5 grid) is a discrete set of choices, the action space is also
discrete. The metric of interest (e.g., packet delivery delay)
is nonconvex with respect to the action. As such a discrete
nonconvex search method is called upon to determine the
optimal locations for the placement of sensor nodes. One
such search method is the Reinforcement Learning (RL)

approach [16]. Note, the generic RL method searches for
optimal “paths” where an agent tries to find the minimum
cost (or, maximum utility) traversal from a start to an end
location using a metric that is related to the “quality” of each
intermediate action or location. However, in our case, we are
interested in finding just the optimal location for an SN (with
respect to the transducer location) instead of a traversal path.
This simplifies our problem formulation.

The search for the optimal location of an SN can be for-
mulated as an iterative RL problem, in which a node keeps
track of the values of network performance (e.g., throughput,
SRD) for each possible action a ∈ {0, 1, 2, . . . , 24}, where
each entry corresponds to a square of the 25 grids and the
values stored are represented by Q(a)2 (the notation Q is
adopted from the standard representation used in RL litera-
ture [16]). The parameter to be optimised is the action code a
or the SN location. Note this is a simplified RL formulation is
a simplified version in that it does not use information about
state transition (i.e., the traversal path of the SN).

An action is drawn from the set of all actions using the ε-
greedy method [16], such that with probability ε, a node will
randomly choose an action from all possible actions, and
with probability (1 −ε), the node will choose the action with
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Figure 15: Grid squares where the SN can be placed around a trans-
ducer.

the largest Q value (i.e., the greedy choice). As the search
for the optimal location progresses, the value of ε is gradu-
ally reduced to increase the probability of choosing the greedy
action, that is, decreasing exploration and increasing exploi-
tation.

6.3.2. Optimisation Implementation. The ε-greedy optimisa-
tion can be conducted independently by each SN agent (also
called SN in the following discussion) to determine their
optimal locations within their respective location grids. Ano-
ther approach is to allow SN agents to share information with
their neighbouring agents. When an SN chooses an action
(i.e., it selects one of the grid locations), it queries its neigh-
bours to rate the action and an action is chosen according to
their past experiences (in this case a neighbour is another SN
that is nearby to a given SN which is reachable wirelessly).
SNs communicate with their neighbours wirelessly to per-
form query and receive ratings. A neighbour rates the action
based on its effect on the local metric of interest. There could
be instances in which an action that is deemed good for a
node may be seen as bad by a neighbour node.

In order to reduce the number of iterations, the linear
cluster topology is taken into account, where a CH agent per-
forms optimisation for all nodes in its cluster. CH agents
interact with other CH agents by exchanging action values.
These interactions are shown in Figure 16. This method
requires the CH agent to be aware of the states of all sensor
nodes within its cluster, which can be supported by the poll-
ing protocol.

This design is modular in that the same local optimiser
code can be ported to new cluster head nodes easily, which
would subsequently interact with the nearest cluster head
nodes to carry out the optimisation. The user initiates the
optimisation from the user interface (as shown in Figure 17).

At the initial stage, the GUI Agent distributes the optimi-
sation parameters (m, n, a, the objective function and stop-
ping criterion) to each CH Agent and the CH Agent then

initialises the action-value and visit-count for each of the
m × n grid squares. The CH Agent then triggers the opti-
misation process by sending a metric query via the Messaging
Agent to the simulator core. While the simulator core is run-
ning, the CH Agent collects the metric of interest from the
messages returned by the gateway. The average across a few
collected data points is computed before a new action is cho-
sen based on the ε-greedy algorithm depending the current
action values. The action values are updated accordingly by
either the SARSA update rule [16]

Qa ←− Qa + α
(
r + γQa+1 −Qa

)
(9)

or the Q-Learning update rule [16]

Qa ←− Qa + α
(
r + γmaxa+1Qa+1 −− Qa

)
, (10)

where α is the learning rate, r represents the immediate
reward which, in this case, depends on the objective value
(e.g., SRD), γ is the discount rate controlling the amount of
consideration the optimiser gives to rewards of subsequent
actions, and it determines how much the optimiser values
future potential gains relative to immediate rewards.

The computation of new action lies in a range of integer
values {0, 1, 2, 3, . . . , 24}. The integer representation of the
chosen action is then converted into the corresponding row
and column in the location grid. The row and column values
are then converted into the corresponding 3D coordinates,
using the transducer locations and the engine model. The
new location is then sent to the simulator core via the Mes-
saging Agent and takes effects immediately. The entire pro-
cess is repeated until the set of locations converges, that is, it
does not change across iterations. The solution is then repor-
ted to the GUI Agent, which displays the optimised node
locations on the GUI. The user can then choose to try out
the proposed node locations.

The RL-based optimization algorithm is tested on a sim-
ulation where the objective is to determine the location with
the minimum value on a 5 × 5 grid. We choose propagation
delay as the metric of interest in this test study (any other
real-valued metric can be used instead). In this simulation,
we have set the environment such that one square is set to
return a mean value of 1 ms; one square is set to return a
mean value of 5 ms; the rest of the squares return a mean
value of 10 ms. The standard deviations for all locations are
set to be 5 ms. The convergence of the search process is shown
in Figure 18, where the x-axis shows number of iterations
and the y-axis the delay (s).

In this simulation, it took about 260 iterations for the
search to converge. This is because all alternative locations
(the individual squares in the grid) had to be visited a few
times to determine the mean value before confirming that a
particular location returns the lowest value.

7. Validation through an Engine Testing

In the second stage of the development, validation of the
simulation environment was carried out by testing the wire-
less sensor nodes performance on two engine platforms: the
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Figure 16: Value exchanges in distributed reinforcement learning-based formulation. Note: x.0 refers to the cluster head node in cluster x,
whereas x.1,. . .,x.n or x.m refer to sensor nodes within cluster x.

Figure 17: GUI to set parameters and launch optimisation.

Gnome and the Trent 900. The sensor nodes were the CISPs,
provided by SELEX Galileo, UK with the tests carried out in
the test facilities of Rolls-Royce, Derby, UK. The main tasks
and objectives of the tests were (a) to test the radio model
and interference when operating the CISP nodes within an
engine; (b) to test the network communication performance
in terms of data throughput and packet loss; (c) to validate
the simulation model, specifically the transmission gain
model.

7.1. Gnome Engine Test Package Arrangement and Equipment.
The Gnome test setup is shown in Figure 19, where the
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Figure 18: Convergence graph of the optimiser determining the
optimal node location.
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Figure 19: A schematic diagram showing the CISP node locations.

engine was fixed on the ground with six CISP nodes mounted
onto the engine frame via brackets. Their locations are C2
and C4 (on either side of the compressor), C0 (at the engine
inlet), C5 (at the back of the combustion chamber), and C1
(to the left of the combustion chamber) with the addition
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Figure 20: Trent 900 engine test setup and a schematic diagram of
CISP node locations.

2
1.8
1.6
1.4
1.2

1
0.8
0.6
0.4
0.2

0
0 200 400 600 800 1000

25

20

15

10

5

0

Time (s)

(M
bp

s)

Node 0
Node 1
Node 2
Node 3

Node 4
Node 5
Sum rate
Packet loss

Pa
ck

et
 lo

ss
/s

Figure 21: Six CISP nodes data rate and packet losses for static
Gnome engine test.

of sensor node 3 which was to the right of the combustion
chamber (C3). A schematic diagram of CISP node locations
is shown in Figure 19. A single cluster topology was set
up to test the CSMA/CA protocol to allow us to validate
the simulation platform. As the CISP nodes are commercial
hardware adhering to the 802.11 standard other MAC pro-
tocols could not be tested. Implemented on the CISP device
all the nodes in the test were communicating back to a CH
unit located in the control room of the engine test facilities.
During the first set of tests, a single communication channel,
Channel 6 (2.437 MHz), was used.

7.2. Trent 900 Engine Test Procedure. The second set of tests
were carried out on the static Trent 900 engine in the
Rolls-Royce training centre, Figure 20. The locations of the
CISP nodes were C0 (Oil tank on compressor chamber),
C1 (Underneath the compressor chamber), C2 (Compressor
chamber exit), C3 (Turbine exit), C4 (Located at the gear box
level), and C5 (Engine inlet). The CH (a laptop) was located
near the external gearbox drive shaft, approximately in line
with node C1. A single cluster topology was adopted and a
wireless “sniffer” pen placed inside the engine in order to act
as the cluster head as it would not have been practical to place
the laptop itself in the case of the Trent 900.
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Figure 22: Six CISP nodes data rate and packet losses for running
Gnome engine test.

7.3. Test Results. The study concentrated on benchmarking
the performance of the WSN in terms of communication
channels, communication protocols in the two case scenarios
of (a) an unpowered and (b) running engine, given the sen-
sor nodes were kept at the same location. The network
performance, or quality of service (QoS), is measured by
throughput and packet loss. In the next sections an example
of the test readings for six CISP nodes on both engine types
is given.

Gnome Engine Tests. The average data throughput for static
and running Gnome engine are 1.435 Mbps and 1.440 Mbps,
respectively, while the average packet losses are 7.245 and
5.893 (packet loss per second), respectively. The throughput
and packet loss with respect to time are shown in Figure 21
for static engine and Figure 22 for a running engine. In the
running test, it is possible to observe that the data throughput
is more evenly distributed across the network, with nodes 0,
1, 3, 4, and 5 carrying a load of approximately 0.25 Mbps and
node 2 carrying a slightly smaller data rate of approximately
0.17 Mbps.

Trent 900 Engine Tests. As shown in Figure 20, six CISP
nodes were deployed around the engine core and fan case
and covered by the cowling. The throughput and packet
loss of the six CISP test are shown in Figure 23. It is pos-
sible to observe that again node 1 and node 2 present an
analogous behaviour with an approximate data rate of
∼0.25 Mbps. Node 0 presents a much degraded performance,
with approximately 0.1 Mbps transmission and node 3 seems
to follow the behaviour of node 0. Nodes 4 and 5 present the
highest data rate transmission in the system.

This phenomenon is related to the MAC protocol emp-
loyed in 802.11. The IEEE 802.11 employs a Carrier Sensed
Multiple Access with Collision Avoidance (CSMA/CA) MAC
protocol to manage the access of the media, in this case
RF over the air. This protocol is an unmanaged protocol
which seeks to avoid collisions (i.e., two radios transmitting
at the same time) and resolves the situation by backing
off for a random period. This protocol works well with
channels that are operated with low link utilisation, lower
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Figure 23: Six CISP nodes data rate and packet losses for Trent 900 engine test.
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than approximately 30%. However, in our engine tests, the
wireless network works in a saturation condition where the
traffic load injected into the communication network by the
sampling process is about 70% of the nominal data rate. It
may be that the random back of times in the MAC imple-
mentation are actually only pseudorandom, perhaps explain-
ing the cyclic nature of some of the results.

Furthermore, the Trent 900 is a large engine with an irre-
gular shape and surface resulting in the six CISP nodes hav-
ing different transmission ranges and sensing ranges. It is
possible that what we experience during the test is a “hidden
node” problem. When the transmitters transmit to the same
receiver at approximately the same time, they do not realise,
as pointed out in [9], that their transmission collide at the

receiver. The hidden node problem in CSMA/CA networks
causes unfairness. During the testing, some other RF devices
(e.g., Bluetooth) and interference sources may exist and int-
roduce interference to our system. As shown in the literature
[17, 18], there is a trade-off between the total throughput and
the fairness in CSMA/CA networks with multiple wireless
links. The fairness may go worse in saturated networks.

A summary of the data recorded for both the Gnome and
the Trent 900 Engine tests is shown in Figure 24 depicting
the throughput and packet loss when the number of CISP
nodes increasing from 1 to 6. It was possible to observe that
as the number of nodes increased there was a slight increase
in packet loss rate.

8. Conclusions

In this paper, we have described, in detail, the main achie-
vements of the WIDGAGTE project: the development of an
accurate and experimentally validated simulation model and
a system demonstrator of a wireless sensor network for data
gathering and health monitoring during gas turbine engine
testing. The deployment of sensors within an aero engine
constitutes a harsh environment with complex RF transmis-
sion characteristics and therefore a bespoke radio environ-
ment model has been developed from experimental data to
inform the simulation models. Extensive simulations based
on this model have shown that, in such a harsh environ-
ment, a polling-based contention-free medium access con-
trol scheme with regular duty cycles can outperform con-
tention-based protocols in terms of both the throughput and
delays.

An agent-based WSN simulation platform with a user-
friendly GUI for customer interaction and optimisation has
been developed to control the network simulations to allow
an engine test engineer to rapidly develop an optimal net-
work deployment to best suit their testing regime.
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The developed software simulation platform and the
hardware test bed not only demonstrates the usefulness of
wireless technologies, but also helps the end-users build the
confidence on the use of wireless technology for engine con-
dition monitoring. The system proposed has a high innova-
tive value, derisking wireless data acquisition in engine test-
ing and potentially allowing in-flight condition monitoring
of gas turbine engines, with extension to a wide range of
potential aircraft monitoring applications.
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We consider a set of mobile wireless sensors that collect observations about a brief, localized event. As they continue to move about,
one of them processes its observations, decides that an event of interest occurred, and wants to determine if other sensors confirm
its results. This sensor assumes the role of a Cluster Head (CH) and requests that all other sensors that collected observations at that
time/location reply to it with their decisions. The motion of the sensors since the observation time determines how many wireless
hops their decision must cross to reach the CH. We analyze the effect of this motion in the 1D case by modeling each sensor’s
motion as a Correlated Random Walk (CRW). We also account for measurement errors and communication or processing errors
in each wireless hop. Quantities, such as the error probability of the final decision at the CH and the minimum energy required
to collect the local decisions from all relevant sensors, can then be directly calculated as functions of time and the parameters of
the CRW, the measurement noise and the channel noise. These results allow rapid characterization of the time-dependence of
distributed detection algorithms that are executed in mobile sensor networks.

1. Introduction

The systems-level work reported in this paper is motivated
by a security scenario that has arisen in the context of
the eStadium project [1–3], which develops smartphone
applications/games, wireless communication networks, and
wireless sensor networks for football games and other large-
scale events. One security scenario of great interest occurs
in the hour immediately before or immediately after a
large event. At these times, large numbers of fans, stadium
personnel, and concession staff are typically walking toward
or away from the stadium. This is a time when they are very
vulnerable to deliberate or accidental exposure to hazardous
chemical or biological agents.

Suppose that the smartphones that the fans are carrying,
or possibly the tickets that they have bought, have sensors
embedded in them that can detect these agents. Capabilities
like this are the goal of the US Department of Homeland
Security’s “Cell-All” program [4]. These sensors would
necessarily be small and inexpensive and might thus have
high false-alarm rates or low rates of correct detection. It

is thus important that as many of their individual decisions
as possible be fused with each other to ensure a correct
final decision. They must therefore be able to communicate
with each other or with a designated Cluster Head (CH)
to accomplish this goal. These mobile, battery-powered,
wireless sensors can thus be modeled as a mobile ad hoc
network that is supporting an application that performs
distributed detection.

Our first goal is to develop algorithms to efficiently cal-
culate the performance of distributed detection algorithms
in this dynamic and complex scenario. These numerical
algorithms should account for as many factors as possible,
including the motions that are typical of people in crowds,
measurement errors in the sensors, errors made during
wireless communication, and fusion algorithms with low
enough complexity that they can be executed on very low-
power processors or on processors that are shared by many
different applications.

This paper is organized as follows. Section 2 describes the
scenario that has motivated the work in this paper and that is
analyzed as an example in Section 8. Prior work in this area is
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x = N − 1 x = Nx = 0 x = 1 x = 2
· · ·

· · ·

(a) The nodes at the time t0 at which an event occurs. The nodes that
observed the event are blue. All nodes are moving, generally toward the
stadium entrance at the right, x = N

x = N − 1 x = N

CH

x = 0 x = 1 x = 2
· · ·

· · ·

((    ))

(b) The nodes at time t1 > t0, the time when some node is the first to
process its observations, decide an event occurred and request decisions
from other nodes. It floods the network with a message declaring itself to be
the CH, organizes the nodes into a multihop cluster, and requests decisions
from all nodes with relevant data

x = N − 2 x = N − 1 x = N

CH

x = 0 x = 1
· · ·

· · ·

((    ))
((    ))

((    ))

((    ))
((    ))

((    ))

((    ))

(c) The nodes at time t2 > t1. All nodes affected by the event have, on
request, completed the processing of their observations and are reporting
their local decision back through the cluster to the CH

Figure 1: A security scenario that arises when large crowds are moving toward a stadium or other venue to participate in an event.

summarized in Section 3. In Section 4, the transient behavior
of semi-infinite correlated random walks is reviewed. The
solution to the finite case, which is a good model for the
motion of people in the scenario of interest to us, is provided
in Section 5. Its statistical properties that have the greatest
impact on detection applications are analyzed in Section 6.
In Section 7, the performance of detection tasks in mobile
wireless sensor networks is determined. Numerical and
simulation results are provided in Section 8 for the scenario
described in Section 2. They demonstrate (i) the use of the
mobility model in calculating the minimum energy required
to collect data from each sensor participating in the data
fusion process, and (ii) the decision error probability at the
cluster head once the decisions from all participating sensors
have been gathered. These two quantities are functions of
both time and the parameters of the mobility model and we
demonstrate how the results in this paper provide the ability
to rapidly and accurately calculate or simulate them. Some
conclusions and a discussion of future work are provided in
Section 9.

2. Scenario: Distributed Detection in a
Mobile Ad Hoc Network

To evaluate the tools developed in this paper, we assume
a situation like that shown in Figure 1. The wireless nodes
shown in the figure are carried by people or vehicles that
are moving. They have been moving for some time, generally

toward the stadium entrance, which is at position x = N at
the right end of each subfigure. Their motion to the right
is thus strongly dominant over motion to the left, which is
shown by arrows to the right that are larger than arrows
pointing to the left. Each node may occasionally switch its
direction of motion and briefly move against the general
flow, just as people do in a real crowd.

At time t0 we assume without loss of generality that the
sensors are in a configuration like that shown in Figure 1(a).
We assume that the sensors that are colored blue have each
collected observations/samples that have been affected by a
chemical or biological agent. It takes time for the sensors
to process these observations/samples and the processors
managing the sensors may have to finish other tasks before
processing them. During this processing delay, the people
carrying the sensors continue to move toward the stadium.

At time t1 > t0 one of the sensors shown in Figure 1(b)
has finished processing its observations. The results sat-
isfy some criterion—a preliminary positive detection—that
requires that sensor to seek other sensor’s results so they can
be fused with its own to make a highly reliable decision. This
sensor declares itself to be a cluster head (CH) and floods
the network of sensors—shown in Figure 1(b) as one sensor
transmitting at time t1—with a request for other nodes to
send it their results if they were at approximately the same
location and time that the CH acquired its samples. This first
request for data will suppress or supersede any other requests
by any other sensors for data generated for this location and
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time. Thus, all other sensors with data about this event will
forward it to the CH. For our analysis, we will consider two
situations: (i) the CH remains stationary, and (ii) the CH
continues to move with the crowd.

At time t2 > t1, the CH’s request for reports has
reached all other sensors, including those with nothing to
report, as shown in Figure 1(c). Sensors with data to report,
shown in blue, begin transmitting their results to the CH. In
some cases, the CH may be multiple wireless hops away, so
intermediate nodes will relay these transmissions. We assume
that no local fusion takes place as the nodes’ data is relayed
to the CH.

It is during this data collection phase that the behavior
becomes quite interesting. From the moment it starts, we
want to determine the best decision that the CH can make
given the multi-hop network that exists at time t2. If t2 is
close to t1, the sensors would not have spread out very much,
so each one may be within one wireless hop of the CH. If t2
is significantly greater than t1, then the nodes may be either
very spread out or, if they have all gotten close to the stadium
entrance, have begun to bunch up again. In any of these
cases, there will be communication errors, but more errors
will occur when the nodes are spread out because additional
transmissions are needed to relay the data. The algorithms
we use for distributed detection account for these situations
and can even determine how much energy each node should
dedicate to sending its data—where the energy is measured
in terms of the number of bits the node sends.

We develop analytical models of this scenario and
numerical methods to calculate the best possible performance
that can be expected at any time t. We are thus interested
in the behavior of the network as it changes over time,
where these changes are due to the motion of the crowd.
The transient behavior of stochastic models of this motion
is critical to understanding this scenario and eventually
determining the optimal time at which to make a decision.

We must first model how sensors organize into a cluster,
which must be done very rapidly in mobile, event-driven
scenarios. We thus assume the existence of a very fast,
low-complexity algorithm for clustering that is triggered by
an event—in this case the request by one node for other
nodes’ data. The algorithm we choose is the one defined and
analyzed in [5, 6]. We will only consider the single-cluster
case that is created in the scenario in this paper; the more
general case of hierarchical clustering is relevant if we need
to collect results from all sensors participating in an event.
In this more general case, many thousands of sensors may be
involved, one for each person attending the event.

In the single-cluster scenario, the communication archi-
tecture is some variation of the 2-hop cluster shown in
Figure 2. The sensor in the center of the cluster, called the
CH, is the one that requested the decisions from other
sensors. The sensors shown in the first ring are one wireless
hop from the CH; the ones in the second ring are two hops
away, and so forth. Three sensors in a sector of ring 2 are
shown forwarding their decisions to one sensor in ring 1.
Each sensor’s observation is affected by measurement noise
and all communications throughout the network will be
affected by channel noise, fading, and transceiver errors.

Ring 2

CH

Ring 1

Sector of ring 2

Cluster of radius 2r
Sensor mote
CH-cluster head

Decision error

Comm error

r

r

Figure 2: A 2-hop, 2D cluster. The mobility of the sensors produces
this temporary, multi-hop cluster. Each sensor’s decision may
be incorrect because of measurement noise; transmitted packets
may suffer bit errors because of noisy communication channels.
If the number of hops in the cluster increases with time, the
energy required for communication will increase and detection
performance will decrease.

Because the cluster is multi-hop, decisions forwarded from
the outer rings will suffer repeated exposure to the sources of
communication error and more energy must be expended to
get them to the CH.

The mobility model governing each sensor and the time
since the event of interest will clearly affect the number of
hops, and thus both the probability of detection at the CH
and the energy consumed to gather the local decisions. It will
also affect the network’s performance in terms of coverage,
maximum throughput, and throughput-delay trade-offs.

3. Prior Work on Mobility Models and
Distributed Detection

Many mobility models have been proposed for analyzing
the behavior of mobile ad hoc networks like the one
described previously. In [7, 8], those models are categorized
into four classes: random models, models with temporal
dependency, models with spatial dependency, and models
with geographic restrictions. For instance, random walks
and random waypoint models are random models; Gauss-
Markov mobility models and Smooth Random models are
models with temporal dependency; group mobility models
[7] are models with spatial dependency; Pathway mobility
models and Obstacle mobility models are models with
geographic restrictions. These models are useful as analytical
or simulation tools but none of them can account for all of
the constraints or features of real systems.

We thus use Correlated Random Walks (CRWs) as the
model for the motion of the sensors in our security sce-
nario. They can account for time dependency, geographical
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restrictions, and nonzero drift. They are more general than
random walks but are still amenable to analysis, sometimes
in closed-form. The limiting distribution for a discrete-time
1D doubly-infinite CRW on the integers was derived in [9].
The probabilities of being at any lattice point at the nth step
for a discrete-time 1D CRW in different cases were found in
[10–13]. The absorbing probability and expected duration
of a discrete-time CRW was found in [14]. The transient
behavior of the continuous-time CRW on a semi-infinite, 1D
state space, is solved, in closed-form in some cases, in [15].
The behavior of multiple sensors whose motion is modeled
by discrete-time processes related to CRWs has been studied
in [16]. In this paper, we use continuous-time, 1D CRWs on
finite state spaces to calculate the behavior of mobile sensors
in the security scenario described previously.

Ultimately, our goal is to determine—by numerical anal-
ysis instead of simulation—the effect of the mobility of the
nodes on the detection problem that exists at the application
layer of the mobile, ad hoc network. The performance of
these applications will vary with time because of the nodes’
motions. Understanding the significance of these transient
effects, and being able to precisely determine such quantities
as a lower bound on the probability of detection, is critical to
developing a strategy for reaching a decision meeting certain
criteria in the minimum amount of time.

In [17], an optimal distributed detection strategy in a
single-hop network was studied. In [18], a decentralized
detection problem under bandwidth-constrained commu-
nication was investigated. The noise at different sensors
was assumed to be independent, but the statistics of the
noise were assumed to be unknown to the CH, so it treats
all received detection results equally. It is shown in [19]
how the performance of detection algorithms is improved
by knowledge of the channel. The limits of detection
performance in a one-hop sensor cluster with nonideal
channels were determined in [20].

In [21], the performance of distributed detection in a
random sensor field is analyzed. The works of [22, 23] discuss
the distributed detection problem for Gaussian signals under
communication constraints. In [24], the authors consider
the detection and localization problem of material releases
with sparse sensor configurations. In [25], the sensors adopt
robust binary quantizers for distributed detection. Censoring
and sequential tests have also been adopted in distributed
detection to achieve the same detection accuracy with less
energy [26, 27], and they have been combined to further save
energy [28, 29].

4. Basic Results on Transient Analysis of
a Correlated Random Walk on {0, 1, . . . ,∞}

In this section, we briefly review results on the transient
probability distributions of continuous-time, 1D CRWs on
{0, 1, 2, . . . ,∞}[15]. In this case, the sensor moves according
to the following rules.

It takes a step in the same direction as its previous step
with probability p1 or p2 depending on whether its previous
step was in the positive or negative direction, respectively. It

λ
q1λ q1λ q1λq2λ q2λ

p1λ p1λ p1λ

p2λ p2λ p2λ

0− 1− 2−

1+ 2+ 3+

Figure 3: A Correlated Random Walk (CRW) on {0, 1, . . . ,∞}.

takes a step in the opposite direction of its previous step with
probability q1 = 1− p1 or q2 = 1− p2 depending on whether
its previous step was in the positive or negative direction,
respectively. On reaching a (reflecting) boundary, it takes a
step in the opposite direction with probability one.

The time at which the sensor takes its next step is
governed by a Poisson process of intensity λ.

A CRW on {0, 1, . . . ,∞} with a reflecting boundary at 0
can be modeled as a quasi-birth-death (QBD) process [30]
with the state transition diagram shown in Figure 3. The state
n− at any level n is entered when the sensor moves to location
n from location n + 1. The state n+ at any level n is entered
when the sensor moves to location n from location n− 1.

Let

π(t) =
[
π0−(t) π1+(t) π1−(t) π2+(t) π2−(t) · · ·

]
(1)

be the row vector of probabilities that the chain is in any of
the possible states at time t, and define Π(s) to be the Laplace
transform of the vector π(t). Letting Q denote the generator
for this QBD process, then [31]

Π(s)(Q− sI) = −π(0), π(0) = π(t)|t=0. (2)

For this QBD process,

Q =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−λ λ 0 0 0 0 0 0 · · ·
q1λ −λ 0 p1λ 0 0 0 0 · · ·
p2λ 0 −λ q2λ 0 0 0 0 · · ·
0 0 q1λ −λ 0 p1λ 0 0 · · ·
0 0 p2λ 0 −λ q2λ 0 0 · · ·
0 0 0 0 q1λ −λ 0 p1λ · · ·
0 0 0 0 p2λ 0 −λ q2λ · · ·
...

...
...

...
...

...
. . .

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (3)

For simplicity only, assume that the initial position of the
sensor is 0; that is, π(0) = [1, 0, 0, . . .]. Define Πn(s) to be
the transform of πn(t) = [πn+(t),πn−(t)], the row-vector of
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transient probabilities for states on level n of the process.
Then,

−(λ + s)Π0(s) + Π1(s)

⎡
⎣q1λ

p2λ

⎤
⎦ = −1,

λΠ0(s) + Π1(s)

⎡
⎣−(λ + s)

0

⎤
⎦ = 0,

Πn(s)B(s) + Πn+1(s)C(s) = 0, n ≥ 1,

(4)

where

B(s) =
⎡
⎣ 0 p1λ

−(λ + s) q2λ

⎤
⎦,

C(s) =
⎡
⎣q1λ −(λ + s)

p2λ 0

⎤
⎦.

(5)

Thus we get

Πn+1(s) = Πn(s)W(s), (6)

where

W(s) = −B(s)[C(s)]−1 =

⎡
⎢⎢⎢⎣

p1λ

λ + s
− p1q1λ

p2(λ + s)
q2λ

λ + s

λ + s

p2λ
− q1q2λ

p2(λ + s)

⎤
⎥⎥⎥⎦. (7)

The boundary variables must also satisfy the following:

Π1(s)υ1(s) = 0, (8)

where υ1(s) denotes the right eigenvector corresponding to
the eigenvalue of W(s) whose magnitude is greater than or
equal to 1 for all possible values of s. For this CRW, W(s) is
diagonalizable and its eigenvalues are given by

γk(s) = f (s)− (−1)k
√(

f (s)
)2 − 4p1p2λ2(λ + s)2

2p2λ(λ + s)
, (9)

where f (s) = (p1 + p2)λ2 + 2sλ + s2, for k = 1, 2. The right
eigenvectors υk(s), k = 1, 2, corresponding to the eigenvalues
γ1(s) and γ2(s) are

υk(s)

=

⎡
⎢⎢⎣
f (s)− 2p1p2λ2 + (−1)k

√(
f (s)

)2 − 4p1p2λ2(λ + s)2

2p2
(
p2 − 1

)
λ2

1

⎤
⎥⎥⎦.

(10)

We find numerically that, for all possible values of
p1, p2, λ, and s, the magnitude of γ1(s) is greater than or equal
to 1. Hence,

Π1+(s) = 2λ
(
1− p2

)

Aλ2 + B
(
p2
)
(s + λ)2 + g(s)

,

Π1−(s) = f (s)− Cλ2 −
√(

f (s)
)2 − 2Cλ2(λ + s)2

p2λ
(
Aλ2 + B

(
p2
)
(s + λ)2 + g(s)

) ,

(11)

λ

λ
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Figure 4: A Correlated Random Walk on {0, 1, . . . ,N}.

where g(s) =
√

(s + λ)4 − [B(p1)B(p2) + 1]λ2(λ + s)2 + A2λ4

and A = p1 + p2 − 1, B(x) = 1− 2x, C = 2p1p2.
Thus by recursion,

Πn(s) = Π1(s)W̃n−1(s), (12)

where W̃(s) is W(s) after the mode whose eigenvalue is
outside of the unit circle has been removed [31]. This ensures
the stability of the recursion even when numerical errors
occur in enforcing the orthogonality condition in (8).

5. New Results on Transient Analysis of
Correlated Random Walks on {0, 1, . . . ,N}

A CRW on {0, 1, . . . ,N} with reflecting boundaries at 0 and
N can be modeled as a QBD process with the state transition
diagram shown in Figure 4 and the following generator:

Q =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−λ λ 0 0 0 0 · · · 0 0

q1λ −λ 0 p1λ 0 0 · · · 0 0

p2λ 0 −λ q2λ 0 0 · · · 0 0

0 0 q1λ −λ 0 p1λ · · · 0 0

0 0 p2λ 0 −λ q2λ · · · 0 0

...
...

...
...

...
...

. . .
...

...

0 0 0 0 · · · q1λ −λ 0 p1λ

0 0 0 0 · · · p2λ 0 −λ q2λ

0 0 0 0 · · · 0 0 λ −λ

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (13)

We assume without loss of generality that the initial position
of the sensor is 0; that is, π(0) = [1, 0, . . . , 0]. Then we get

−(λ + s)Π0(s) + Π1(s)

⎡
⎣q1λ

p2λ

⎤
⎦ = −1,

λΠ0(s) + Π1(s)

⎡
⎣−(λ + s)

0

⎤
⎦ = 0,

Πn(s)B(s) + Πn+1(s)C(s) = 0, 1 ≤ n ≤ N − 2.

λΠN (s) + ΠN−1(s)

⎡
⎣ 0

−(λ + s)

⎤
⎦ = 0,

−(λ + s)ΠN (s) + ΠN−1(s)

⎡
⎣p1λ

q2λ

⎤
⎦ = 0.

(14)
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Thus, solving for Π(s) in Π(s)(Q−sI) = −π(0) is reduced
to solving

[Π0(s),Π1(s),ΠN−1(s),ΠN (s)]Q̃(s) =

⎡
⎢⎢⎢⎢⎢⎢⎣

−1

0

0

0

⎤
⎥⎥⎥⎥⎥⎥⎦

, (15)

where, if we define I to be a 2 × 2 identity matrix, and 0 =
[0, 0],

Q̃(s) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

[
−(λ + s) λ

]
0

⎡
⎣q1λ −(λ + s)

p2λ 0

⎤
⎦ I

WN−2(s)

⎡
⎣

0 p1λ

−(λ + s) q2λ

⎤
⎦

0
[
λ −(λ + s)

]

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(16)

and the 2 × 2 matrix WN−2(s) can be computed, via
the Cayley-Hamilton theorem, as a linear combination of
W(s) and I . It is then straightforward to calculate the
transient distributions of the process via stable algorithms for
transform inversion [32–34].

As a check on the aforementioned results for the transient
behavior of the CRW, we can use the previous results to find
its limiting distribution. Since π(∞) = lims→ 0 sΠ(s), it is
easy to show that the limiting probability of the CWR on
{0, 1, . . . ,N} being at any location n is [13]

π0 = 1
2

(
p1/p2

) − 1
(
p1/p2

)N − 1
,

πn = π0

(
1 +

p1

p2

)(
p1

p2

)N−1

, n = 1, 2, . . . , (N − 1),

πN = π0

(
p1

p2

)N−1

.

(17)

For the special case of p1 = p2 = p, π0 = πN = 1/(2N), and
πn = 1/N , for n = 1, 2, . . . , (N − 1). Note, though, that the
transient behavior is of interest to us in the rest of this paper.

Note that this approach to analyzing the transient behav-
ior of a simple CRW can be extended to model more complex
motion. The number of states in each level of the QBD—two
states in the case of the CRW in Figure 4—can be increased.
With four to five states per level, the walker can pause, can
walk at different speeds at different times, and so forth. The
only difference in the algorithms for calculating the transient
distribution is that the eigenvalues and eigenvectors of W(s)
may not be available in closed form. These techniques can
also be extended to some classes of 2D CRWs [15].

6. Statistical Properties of Distances of
Nodes from the CH

Suppose that the CH is motionless and there are a total of K
sensors in the cluster. As described in the introduction, they

start at the the same location as the CH (n = 0) and then
move independently based on identical but independent
CRW models. Define xi(t) as the location of the ith sensor
at time t. Further define dmax(t) and dmin(t) as the maximum
distance and the minimum distance between any sensor in
the cluster and the CH, respectively. Then,

P(dmax(t) = n) = P(dmax(t) ≤ n)− P(dmax(t) ≤ n− 1)

= P(x1(t) ≤ n)K − P(x1(t) ≤ n− 1)K

=
⎛
⎝

n∑

l=0

πl(t)

⎞
⎠
K

−
⎛
⎝
n−1∑

l=0

πl(t)

⎞
⎠
K

,

P(dmin(t) = n) = P(dmin(t) ≥ n)− P(dmin(t) ≥ n + 1)

= P(x1(t) ≥ n)K − P(x1(t) ≥ n + 1)K

=
⎛
⎝

N∑

l=n
πl(t)

⎞
⎠
K

−
⎛
⎝

N∑

l=n+1

πl(t)

⎞
⎠
K

.

(18)

Now assume that the CH is also mobile, that its position
is governed by the same CRW as any sensor, and, as before,
their motions are all independent. Then dmax(t) and dmin(t)
become the maximum distance and the minimum distance
between a specified sensor and any other sensor in the cluster.
The probabilities remain the same whether the sensor is
designated as the CH before or after motion of the sensors
begins. Denote the position of the CH by x0(t). We have

P(dmax(t) = n)

=
N∑

m=0

P(x0(t) = m)P(dmax(t) = n | x0 = m)

=
N∑

m=0

P(x0(t) = m)[P(dmax(t) ≤ n | x0 = m)

−P(dmax(t) ≤ n− 1 | x0 = m)]

=
N∑

m=0

P(x0(t) = m)

× [P(m− n ≤ xi(t) ≤ m + n, 1 ≤ i ≤ K)

−P(m− n + 1 ≤ xi(t) ≤ m + n− 1, 1 ≤ i ≤ K)]

=
N∑

m=0

πm(t)

⎡
⎢⎣
⎛
⎝

m+n∑

l=m−n
πl(t)

⎞
⎠
K

−
⎛
⎝

m+n−1∑

l=m−n+1

πl(t)

⎞
⎠
K
⎤
⎥⎦,

P(dmin(t) = n)

=
N∑

m=0

P(x0(t) = m)[P(dmin(t) ≥ n | x0 = m)

−P(dmin(t) ≥ n + 1 | x0 = m)]

=
N∑

m=0

πm(t)

⎛
⎝
m−n∑

l=0

πl(t) +
N∑

l=m+n

πl(t)

⎞
⎠
K

−
N∑

m=0

πm(t)

⎛
⎝
m−n−1∑

l=0

πl(t) +
N∑

l=m+n+1

πl(t)

⎞
⎠
K

.

(19)
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The probability distribution of the distance between any
two sensors d(t) is, for n = 0, P(d(t) = 0) = ∑N

m=0 πm(t)2,
and, for n /= 0,

P(d(t) = n) =
N∑

m=0

πm(t)(πm+n(t) + πm−n(t)). (20)

DefineDmax(t) andDmin(t) as the maximum distance and the
minimum distance between any two sensors in the cluster.
Then,

P(Dmax(t) = 0) =
N∑

m=0

P(xi(t) = m, 1 ≤ i ≤ K) =
N∑

m=0

πm(t)K ,

(21)

and for n /= 0,

P(Dmax(t) = n)

=
N−n∑

m=0

P(min{xi(t)} = m, max{xi(t)} = m + n, 1 ≤ i ≤ K)

=
N−n∑

m=0

K−1∑

l=1

K−l∑

r=1

⎛
⎝K
l

⎞
⎠
⎛
⎝K − l

r

⎞
⎠πm(t)lπm+n(t)r

×
⎛
⎝
m+n−1∑

s=m+1

πs(t)

⎞
⎠
K−l−r

,

(22)

where l sensors are at the location m and r sensors are at
the location m + n, while all the others are in between. The
calculation of the probability distribution of Dmin(t) is much
more complicated and, when K > N , it is always zero.

Thus, for both the motionless- and mobile-CH cases,
computing Dmax(t), Dmin(t), dmax(t), and dmin(t) has been
reduced to computing the transient distributions of CRWs.
The computational techniques in Sections 2 and 3 thus
enable fast and stable computation of statistics of interest in
the structure of a cluster of mobile nodes as it evolves over
time.

7. Detection in Wireless Sensor Networks

Here we assume a multi-hop sensor network in which each
wireless hop is modeled as a Binary Symmetric Channel
(BSC). The BSC cross-over probability captures the effect of
channel errors on each individual decision bit and is easier
to estimate than the full characteristics of the channel. The
assumptions of symmetry and the same cross-over probabil-
ity for each mote-to-mote channel are easily relaxed—they
are used only to simplify the analysis so that important trends
can be discerned. This paper also assumes that the error
probabilities of the individual-received detection results are
learned over time by the CH. Hence, the CH is assumed
to know the optimal weights for the weighted median in
the MAP detector [35] it uses to fuse the received detection
results.

In [35], a MAP approach to the distributed detection
problem in a multi-hop cluster in a sensor network was
developed. It considered a cluster with K rings and Nk motes
in the kth ring. Each mote makes a decision between two
hypotheses, s0 = 0 and s1 = 1, where “1” denotes that an
event has occurred and “0” that it has not. The detection
results by different motes are assumed to be i.i.d. Bernoulli
random variables, each with a detection error probability
pm < 1/2. The noise processes in different wireless channels
are assumed to be independent and white. Each hop in the
network is modeled as a BSC with cross-over probability
pc < 1/2. The decisions made by motes in the outer rings
are relayed by the motes in inner rings to the CH. Let the
error probability of the detection results received by the
CH from the kth ring be pe,k. Then, for example, pe,1 =
pc(1− pm) + pm(1− pc). Denote the detection result received
by the CH from the ith mote in the kth ring by rk,i and
arrange the detection results in the same ring in a vector
rk = (rk,1, rk,2, . . . , rk,Nk ), k = 1, 2, . . . ,K . Let E denote the
event that a decision error happens at the CH.

In a one-hop cluster, suppose that the correct decision
should be s. Assume the prior probability p(s = s0) = p <
1/2 and find a real number χ such that ln((1 − p)/p) =
χ ln((1 − pe,1)/pe,1). Define W = �N1/2 + χ/2�. The MAP-
based decision bit at the CH is r̂ = (r1)W = W ’th order
statistic of (r1, r2, . . . , rN1 ). The decision error probability at
the CH is

P(E) = (
1− p

)
⎛
⎝

N1∑

i=W

⎛
⎝N1

i

⎞
⎠(pe,1

)i(1− pe,1
)N1−i

⎞
⎠

+ p

⎛
⎝

N1∑

i=N1−W

⎛
⎝N1

i

⎞
⎠(pe,1

)i(1− pe,1
)N1−i

⎞
⎠.

(23)

It is shown in [35] that, as an estimate of the true decision
bit, this weighted order statistic is biased but asymptotically
unbiased. When the prior probability is p = 1/2, it simplifies
into a majority logic operator.

Now we summarize key results in [35] for the multi-
hop case. For a mote that is k hops away from the CH, the
detection result received by the CH after being relayed over
these hops has error probability:

pe,k = 1
2
− 1

2

(
1− 2pm

)(
1− 2pc

)k, k ≥ 1. (24)

We use the notation W♦x, which means that x should be
duplicated W times. For simplicity, suppose that the prior
probabilities are p(s = s0) = p(s = s1) = 1/2.

Theorem 1. Define χk = ln((1 − pe,k)/pe,k), and assume that
these χk’s can be scaled so that χ1 : χ2 : · · · : χK = W1 :
W2 : · · · : WK , where the Wk’s are positive integers with
gcd(W1,W2, . . . ,WK ) = 1. The MAP-based decision bit is
then given by r̂ = Median(W1♦r1,W2♦r2, . . . ,WK♦rK ). The
decision error probability at the CH is given by

P(E) =
∑

∑
Wk(2ck−Nk)>0

K∏

k=1

⎛
⎝Nk

ck

⎞
⎠(pe,k

)ck(1− pe,k
)Nk−ck , (25)
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where ck is the number of occurrences of 1 − s in the vector
rk, k = 1, 2, . . . ,K .

Because the weighted median is the MAP detector, we
assume—even for sector-level fusion algorithms—that the
CH calculates this weighted median after receiving inputs
from all motes in the cluster. To understand what happens
in these more complex cases, the asymptotic behavior of the
weighted median must be determined for the single- and
multi-hop cases; otherwise, it is too difficult to determine the
probability of a clusterwide decision error at the CH.

The asymptotic behavior of the median filter in one-
hop clusters has thus been studied using large deviation
techniques in [36]:

lim
N1 →∞

− 1
N1

P(E) = C
(
pe,1

)
,

C
(
pe,1

) = − ln(2)− 1
2

ln
(
pe,1

(
1− pe,1

))
.

(26)

We now find the error exponent for the decision error
probability for the multi-hop case.

Theorem 2. In multi-hop sensor networks in which pe,k is the
error probability of the individual detection results received by
the CH from nodes in ring k, the error probability of the MAP
detector is upper bounded by [37]

ln(P(E)) ≤
K∑

k=1

Nk

[
ln(2) +

1
2

ln
(
pe,k

(
1− pe,k

))]
. (27)

Proof. In the context of the weighted median filter, the
decision error probability at the CH is

P(E) = P

⎛
⎝

K∑

k=1

Wk

Nk∑

i=1

rk,i ≥
K∑

k=1

WkNk

2

⎞
⎠

= P

⎛
⎝

K∑

k=1

Nk∑

i=1

Wk

(
rk,i − 1

2

)
≥ 0

⎞
⎠.

(28)

Since P(Z ≥ 0) ≤ E[eZt], let r′k,i = rk,i − 1/2, and E[r′k,i] =
pe,k − 1/2 < 0. We have

P(E) ≤ E
[
et
∑K

k=1

∑Nk
i=1 Wkr

′
k,i

]
=

K∏

k=1

Nk∏

i=1

E
[
etWkr

′
k,i

]
. (29)

For each term in the product, E[etWkr
′
k,i] = pe,ke(1/2)tWk + (1−

pe,k)e(−1/2)tWk . Setting ∂E[etWkr
′
k,i]/∂t = 0, we find

1
2
Wkpe,ke

(1/2)tWk = 1
2
Wk

(
1− pe,k

)
e(−1/2)tWk ,

t = 1.

(30)

This error exponent is accurate and the bound is tight
when the motes are densely deployed; that is, the number
of sensors is large. Minimizing P(E) when the number of
motes is finite is a very difficult combinatorial problem,

1 2 3 4 5 6 7 8
Expected number of neighbors

Large deviation bound
Actual error probability

10−6

10−4

10−2

100

p e

Figure 5: Comparison for a 3-ring cluster of the error probability
obtained via simulation and its large deviations bound. The error
exponent is clearly correct and the difference approaches zero
asymptotically. Comparing the performance of complex strategies
via their error exponents will thus correctly show which strategy
is best when motes have large numbers of 1-hop neighbors. Direct
calculations and simulations are used to confirm those results for
small to moderate numbers of neighbors.

so we can minimize this upper bound instead. Also note
that the effect of each ring of motes on the decision error
probability at the CH is apparent in this bound. It may
thus be used to simplify many optimization problems in
distributed detection in multi-hop scenarios.

Figure 5 compares the large deviation bound on the
error probability with the error probability from simulations
for a 3-ring cluster. It shows the desired result that the
large deviation error exponent is accurate—the bound is
parallel with the simulation result over the entire range
of spatial densities. Of course, the bound is high by a
multiplicative factor, which is often the case with large
deviation techniques.

If the CH is static, then we have

P(E) ≤ E

⎡
⎣

K∏

i=1

2
√
pe,i

(
1− pe,i

)
⎤
⎦

=
K∏

i=1

E
[

2
√
pe,i

(
1− pe,i

)]

=
[
E
[

2
√
pe,1

(
1− pe,1

)]]K
,

(31)

where

pe,1 = 1
2
− 1

2

(
1− 2pm

)(
1− 2pc

)	x1(t)/r

. (32)

The expected energy consumption for collecting the data
is then

C = K
⌈
E[x1(t)]

r

⌉
. (33)
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(a) An asymmetric CRW with p1 = 0.8 and p2 = 0.2. The walker starts
at 0 and then drifts toward and tends to stay near 10
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(b) A symmetric CRW with p1 = 0.9 and p2 = 0.9. The walker starts
at 0 and then it is eventually equally likely to be in each position except
a boundary state

Figure 6: Transient probability distribution calculated for two CRWs on [0, 10]. The curve for a given n shows the probability that the walker
is at position n at time t.

If the CH is also mobile and its position is governed by a
CRW, then we have

P(E) ≤
N∑

m=0

P(x0(t) = m)P(E | x0(t) = m)

=
N∑

m=0

P(x0(t) = m)
K∏

i=1

E
[

2
√
pe,i

(
1− pe,i

) | x0(t) = m
]

=
N∑

m=0

P(x0(t)=m)
[
E
[

2
√
pe,1

(
1− pe,1

) | x0(t)=m
]]K

,

(34)

where

pe,1 = 1
2
− 1

2

(
1− 2pm

)(
1− 2pc

)	d(t)/r

. (35)

The expected energy consumption for collection of the data
is

C = K
⌈
E[d(t)]

r

⌉
. (36)

8. Numerical Results

Figure 6 shows the transient probability distribution of two
CRWs on [0, 10] with different parameters. One CRW is
asymmetric, which means that the walker tends, in the case
shown, to prefer motion to the right. The other CRW is
symmetric, which means that the walker has no preference

for one direction or the other—but its motion is still
correlated, unlike in a standard random walk.

Figure 7 shows the transient probability distribution of
the distance from a static clusterhead to the furthest of five
mobile sensors for each point in time. The static clusterhead
is assumed to be at location 0. This distance d is important
for calculating the number of wireless hops between each
sensor and the CH that is trying to gather data. If the
transmission radius of each sensor is r, then the number of
hops to the CH is the ceiling of d/r.

Figure 8 shows the transient probability distribution of
the maximum distance between any of the five sensors and
the CH when the mobile CH moves according to the same
mobility model as the sensors. This is probably the most real-
istic case for mobile networks. It leads to an interesting phe-
nomenon when the motion is on a finite grid and the CRWs
are all asymmetric in the same direction. The sensors start
at 0 when they gathered their observations. With time, they
spread out but they all tend to move to the right. As they get
close to the other barrier, they then tend to bunch up again.
This effect is similar to a crowd moving in a given direction
and then gathering around that destination. The distance
here, when divided by the transmission radius of the sensors,
tells the maximum size, in wireless hops, of the cluster.

Figure 9 shows the expected energy consumed—as a
function of the time at which data collection starts—for a
static or mobile CH to collect one packet of data from five
mobile sensors. The six sensors all collected measurements
at the same time/place but then continued to move. By the
time a request to send in all data has been received, they are
at locations in the state space with probabilities determined
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(a) All sensors move according to asymmetric CRWs with p1 = 0.8
and p2 = 0.2
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(b) All sensors move according to symmetric CRWs with p1 = 0.9 and
p2 = 0.9

Figure 7: Calculations of the transient probability distribution of the distance d from a static CH to the furthest of five sensors that are
moving according to independent CRWs on [0, 10].
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(a) All sensors move according to asymmetric CRWs with p1 = 0.8 and
p2 = 0.2
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(b) All sensors move according to symmetric CRWs with p1 = 0.9 and
p2 = 0.9

Figure 8: Calculations of the transient probability distribution of the distance d from a mobile CH to the furthest of five sensors for d from
0 to 10. The CH and the sensors are all moving independently and according to CRWs on [0, 10].
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(a) All sensors move according to asymmetric CRWs with p1 = 0.8
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(b) All sensors move according to symmetric CRWs with p1 = 0.9 and
p2 = 0.9

Figure 9: Calculation of the expected energy consumed by the network when the collection of data from the five mobile sensors begins at
time t. The cases considered are when the transmission radius of each sensor is r = 1 or r = 3 and all sensors move according to symmetric
or asymmetric CRWs.
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(a) All sensors move according to asymmetric CRWs with p1 = 0.8 and
p2 = 0.2
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(b) All sensors move according to symmetric CRWs with p1 = 0.9 and
p2 = 0.9

Figure 10: Calculation of the large deviation bound of the error probability when the collection of data from the five mobile sensors begins
at time t. The cases considered are when the transmission radius of each sensor is r = 1 or r = 3 with pm = 0.10 and pc = 0.05 and all
sensors move according to symmetric or asymmetric CRWs.
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(a) All sensors move according to asymmetric CRWs with p1 = 0.8
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(b) All sensors move according to symmetric CRWs with p1 = 0.9 and
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Figure 11: Expected error probability when the collection of data from the five mobile sensors begins at time t. The cases considered are
when the transmission radius of each sensor is r = 1 or r = 3 with pm = 0.10 and pc = 0.05 and all sensors move according to symmetric or
asymmetric CRWs. The curves in this figure were generated from 5 million runs of a simulation of the detection process for each setting of
the mobility parameters. The values of the probabilities of the nodes locations for the detection process were obtained by simulations of the
CRW.

by their CRWs. The data collected and decisions made by
the sensors that have wandered the furthest require the most
energy to collect—that data must travel over the largest
number of hops to reach the CH.

Note that some curves in Figure 9 have a stepped
appearance. This is due to the existence of the rings in the
network that result from the fixed transmission radius for
each node. When a node in ring i moves further from the
cluster head, it may cross from ring i to ring i + 1. Its packets
must then be relayed over one additional hop to reach the
CH. This extra relay results in a significant jump in the
energy that must be expended by the network.

Also note that the mobility of the CH has a significant
impact on the energy consumed to collect data. If it is
mobile and all sensors are moving according to a CRW that
is asymmetric, then the energy required for collection first
increases and then decreases. In this case, it is better to collect
data either very quickly after the event, or, if that is not
possible because of the time to process measurements, to wait
until the CH and the other sensors bunch up again at their
destination.

Figure 10 shows the large deviation bound of the error
probability as a function of time for a static or mobile CH to
collect one packet of data from five mobile sensors. It shows
good agreement with the results in Figure 9, which shows
the expected energy consumption as a function of time for
a static or mobile CH to collect one packet of data from five
mobile sensors.

Figure 11 shows the expected error probability as a
function of time for a static or mobile CH to collect one
packet of data from five mobile sensors. The same comments
made previously about the effects of the mobility of the CH,
and the effects of symmetric and asymmetric CRWs, apply
here. The values of the probabilities of the nodes locations
used to calculate these expected error probabilities were
obtained in this case by simulations of the CRW.

9. Conclusions

In this paper, the solution to the finite state space CRW was
provided and its statistical behavior was studied both analyt-
ically and numerically. As an illustration of the application-
specific performance measures it can help address, we
studied the impact of motion on the error probability of the
final decision at the CH and the energy required to collect
the decisions from all relevant sensors. Thus the temporary
cluster head can decide the most appropriate time to call for
data reports to help it make decisions within the allowed time
frame and energy budget. In future research, we will study
the impact of motion on the energy required to gather data
and the error probability of the final decision in complex
mobile wireless sensor networks.
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The problem of environmental monitoring using a wireless network of chemical sensors with a limited energy supply is considered.
Since the conventional chemical sensors in active mode consume vast amounts of energy, an optimisation problem arises in the
context of a balance between the energy consumption and the detection capabilities of such a network. A protocol based on
“dynamic sensor collaboration” is employed: in the absence of any pollutant, the majority of sensors are in the sleep (passive) mode;
a sensor is invoked (activated) by wake-up messages from its neighbors only when more information is required. The paper pro-
poses a mathematical model of a network of chemical sensors using this protocol. The model provides valuable insights into the
network behavior and near optimal capacity design (energy consumption against detection). An analytical model of the environ-
ment, using turbulent mixing to capture chaotic fluctuations, intermittency, and nonhomogeneity of the pollutant distribution, is
employed in the study. A binary model of a chemical sensor is assumed (a device with threshold detection). The outcome of the
study is a set of simple analytical tools for sensor network design, optimisation, and performance analysis.

1. Introduction

Development of wireless sensor network (WSN) for a partic-
ular operation scenario is a complex scientific and technical
problem [1, 2]. Very often this complexity resides in estab-
lishing a balance between the peak performances of the WSN
prescribed by the operational requirements (e.g., minimal
detection threshold, size of surveillance region, detection
time, rate of false negatives, etc.) and various resource cons-
trains (e.g., limited energy supply, limited number of sensors,
limited communication range, fixed detection threshold of
individual sensors, limited budget for the cost of hard-
ware, maintenance, etc.). The issue of resource constraints
becomes even more relevant for a network of chemical sen-
sors that are used for the continuous environmental moni-
toring (air and water pollution, hazardous releases, smoke,
etc.). The reason is that a modern chemical sensor is usually
equipped with a sampling unit (a fan for air and a pump
for water), which turns on when the sensor is active.

The sampling unit usually requires a significant amount of
energy to operate as well as frequent replacement of some
consumable items (i.e., cartridges, filters). This leads to the
critical requirement in the design of a WSN to reduce the
active (i.e., sampling) time of its individual sensors.

One attractive way to achieve an optimal balance between
the peak performance of the WSN and its constraints in
resources mentioned above is to exploit the idea of dynamic
sensor collaboration (DSC) [3, 4]. The DSC implies that a
sensor in the network should be invoked (or activated) only
when the network will gain information by its activation [4].
For each individual sensor, this information gain can be eva-
luated against other performance criteria of the sensor sys-
tem, such as the detection delay or detection threshold, to
find an optimal solution in the given circumstances.

While the DSC-based approach is a convenient frame-
work for the development of algorithms for optimal schedul-
ing of constrained sensing resources, the DSC-based algo-
rithms involve continuous estimation of the state of each
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sensor in the network and usually require extensive computer
simulations [3, 4]. These simulations may become unpracti-
cal as the number of sensors in the network increases (e.g.,
“smart dust” sensors). Even when feasible, the simulations
can provide only the numerical values for optimal network
parameters, which are specific for an analysed scenario, but
without any analytical framework for their consistent inter-
pretation and generalisation. For instance, the scaling prop-
erties of a network (the functional relationship between the
network parameters) still remain undetermined, which pre-
vents any comprehensive optimisation study.

This motivates the development of another, perhaps less
rigorous, but certainly simpler approach to the problem of
network analysis and design. The main idea is to phenome-
nologically employ the so-called bioinspired (epidemiology,
population dynamics) or physics-inspired (percolation and
graph theory) models of DSC in the sensor network in order
to describe the dynamics of collaboration as a single entity
[5–10]. Since the theoretical framework for the bio- or
physics-inspired models is already well established, we are in
the position to make significant progress in the analytical
treatment of these models of DSC (including their optimi-
sation). From a formal point of view, the derived equations
are ones of the “mean-field” theory, meaning that instead of
working with dynamic equations for each individual sensor
we only have a small number of equations for the “averaged”
sensor state (i.e., passive, active, faulty, etc.), regardless of the
number of the sensors in the system. A reveling example of
the efficiency of this approach is the celebrated SIR model in
epidemiology [11]. For any size of population, the SIR model
describes the spread of an infection by using only three equa-
tions, corresponding to three “infectious” classes of the pop-
ulation: susceptible, infectious, and recovered.

The analytic or “equation-based” approach often leads to
valuable insights into the performance of the proposed sen-
sor network system by providing simple analytical expres-
sions to calculate the vital network parameters, such as detec-
tion threshold, robustness, responsiveness, and stability and
their functional relationships.

In the current paper, we develop a simple model of a
wireless network of chemical sensors, where dynamic sensor
collaboration is driven by the level of concentration of a pol-
lutant (referred to as the “external challenge”) at each indi-
vidual sensor. Our approach is based on the known analogy
[10] between the information spread in a sensor network and
the epidemics propagation across a population. In this ana-
logy, the infection transmission process corresponds to mes-
sage passing among the sensors. A chain reaction in trans-
mission of an infection is called the epidemic. In the context
of a sensor network, a chain reaction will trigger the network
(as a whole) to move from the “no pollutant” state to the
“pollutant present” state, which will indicate the presence of
an external challenge.

The paper shows that the adopted epidemics or popu-
lation-inspired approach can provide a reliable description of
the dynamics of such a sensor network. The simple analytical
formulas (scaling laws) derived from the model express the
relationships between the parameters of the network (e.g.,
number of sensors, their density, sensing time, etc.), the

network performance (probability of detection, response
time of a network), and the parameters of the external chal-
lenge (environment, pollutant). As an example of application
of the proposed framework, we performed a simple opti-
misation study. Numerical simulations are carried out and
presented in the paper in support of analytic expressions.

Although the model presented in this paper is specific to
a network of chemical sensors, the underlying analytical ap-
proach can be easily adapted to other applications and other
types of networks by a simple change of the model of envi-
ronment and sensor.

2. The Model of Environment

The external challenges are modeled by a random time series
which mimics the turbulent fluctuation of concentration at
each sensor of the network. In this approach, the fluctuations
in concentration C are modeled by the probability density
function (pdf) of C with the mean C0 as a parameter (i.e., C0

is a mean concentration of the tracer in the area) [12]:

f (C | C0) = (1− ω)δ(C) +
ω2

C0

(
γ − 1

)
(
γ − 2

)
(

1 +
ω(

γ − 2
) C

C0

)−γ
.

(1)

Here, the value γ = 26/3 can be chosen to make it compliant
with the theory of tracer dispersion in Kolmogorov turbu-
lence (see [12]), but it may vary with the meteorological con-
ditions. The parameter ω, which models the tracer intermit-
tency in the turbulent flow, can be in the range [0, 1], with
ω = 1 corresponding to the nonintermittent case. In general,
it also depends on a sensor position within a chemical plume;
thus, ω is in the range 0.95–0.98 near the plume centroid and
may drop to 0.3–0.5 near the plume edge. Forω /= 0, the pdf f
of (1) has a delta impulse in zero, meaning that the measured
concentration in the presence of intermittency can be zero
on some occasions. It can be easily shown that the pdf of (1)
integrates to unity, so it is appropriately normalized.

The measured concentration time series can be generated
by drawing random samples from the probability density
function given in (1) at each time step. The random number
generator is implemented using the inverse transform method
based on the following steps [13]:

(1) draw a sample u from the standard uniform distribu-
tion: u ∼ U[0, 1];

(2) compute the value of C that satisfies F(C) = u, where
F(·) is the cumulative distribution function (cdf) of
the distribution of interest;

(3) the value of C computed in the previous step is a ran-
dom sample drawn from the desired probability dis-
tribution.

The cdf F(·) needed for inverse transform sampling is
obtained by integrating the pdf in (1) and is given by

F(C | C0) = 1− ω

[
1 +

(
2

γ − 2

)
C

C0

]1−γ
. (2)
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Figure 1: Example for concentration realisation for a plume-like
flow (a) and the selected area of the flow with higher resolution (b).

The use of this cdf in the inverse transform sampling proce-
dure generates the value of concentration

C =

⎧⎪⎪⎨
⎪⎪⎩
C0

(
γ − 2
ω

)[(
1− u

ω

)−1/(γ−1)

− 1

]
, u ≥ 1− ω,

0, u < 1− ω,

(3)

where u is again the standard uniform distribution u ∼
U[0, 1].

In order to produce spatial correlations that comply with
the well-known scaling properties of turbulent dispersion, a
special “swapping” algorithms was implement. This recursive
algorithm mimics the chaotic fluctuations occurring in the
real turbulent flows (for details, see [14]).

The proposed framework allows to implement a reason-
ably realistic model of the contaminated environment (i.e.,
to generate the concentration realisation at each sensor over
time), see Figure 1. Due to a universal nature of turbulence,
it can be used to simulate performance of WSN in detection
of either airborne and waterborne releases. The parameters γ
and ω are typically estimated from geophysical observation
(meteorological and organological) and will be assumed
known.

The geometrical complexity of the turbulent flow can be
incorporated in the theoretical framework (2) by assuming
a temporal and spatial variability of the mean concentration
filed C0 ≡ C0(r, t). This way we can simulate various mor-
phologies of the flow (jet, wake, boundary layer, compart-
ment flow, etc.) as well as various scenarios of hazardous

release (plume, puff), for details see [13, 15]. For the sake of
simplicity in the current paper, we consider only case C0 =
const. This assumption corresponds to the approximation
when the size of WSN is less than the width of hazardous
plume (see Figure 1), or to an important practical case of
a “highly distributed” source of pollutant (traffic, extended
industrial site, or urban area [16]).

3. The Model of a Chemical Sensor

We adopt a simple binary (or “threshold”) model of a sensor,
with the sensor reading V given by

V =
⎧⎨
⎩

1, C ≥ C∗,

0, C < C∗.
(4)

We emphasize that threshold C∗ is an internal characteristic
of the sensor, unrelated to C0 in (1). This threshold is another
important parameter of our model. A chemical sensor with
bar readings, which includes many subsequent levels for con-
centration thresholds mapped into a discrete sensor output,
is an evident generalisation of (4).

Using (3) and (4), it is straightforward to derive the pro-
bability of detection for an individual sensor embedded in
the environment characterised by (2)

p = 1− F(C∗ | C0). (5)

This aggregated parameter links the characteristics of a spe-
cific sensor C∗, the parameter of the external challenge C0,
and the environment (F(·), γ,ω).

4. Modeling and Analysis of
Network Performance

Our focus is a wireless network of chemical sensors with
dynamic collaboration. We assume that N identical sensors
(i.e., with the same detection threshold C∗ and sampling
time τ∗) are uniformly distributed over the surveillance do-
main of area S with density ρ = N/S.

We will model the following network protocol for dyna-
mic collaboration. Each sensor can be only in one of the two
states: active or passive. The sensor can be activated only by a
message it receives from another sensor. Once activated, the
sensor remains in the active state during an interval of time
τ∗; then it returns to the passive (sleep) state. While being in
the active state, the sensor senses the environment, and if the
chemical tracer is detected (binary detection), it broadcasts a
(single) message. If a sensor receives an activation message
while it is in the active state, it will ignore this message.
The broadcast capability of the sensor is characterized by its
communication range r∗, which is another important para-
meter of the model. The described protocol assumes that
certain sensors of the network are permanently active. The
number of permanently active sensors in the network is fixed,
but the actual permanently active sensors vary over time
in order to equally distribute the energy consumption of
individual sensors.
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The WSN following this protocol can be considered as a
system of agents, interacting with each other (by means of
message exchange) and with the stochastic environment (by
means of sampling and probing). The interactions can
change the state of agents (active and passive). From this per-
spective, this WSN is similar to the epidemic SIS (susceptible-
infected-susceptible) model [11], in which an individual can
be in only two states (susceptible or infected), and the change
of state is a result of interaction (mixing) between the indi-
viduals (which corresponds to the exchange of messages in
our case). Thus, a dynamic (population) model for our sys-
tem [11] is as follows:

dN+

dt
= αN+N− − N+

τ∗
, (6)

dN−
dt

= −αN+N− +
N+

τ∗
, (7)

where N+, N− denote the number of active and passive sen-
sors, respectively. The nonlinear terms on the RHS of (6) and
(7) are responsible for the interaction between individuals
(i.e., sensors), with the parameter α being a measure of this
interaction. The population size (i.e., the number of sensors)
is conserved, that is, N+ + N− = N = const.

The next step is to express α in terms of the parameters
of our system by invoking physics-based arguments used in
population dynamics [11]. It is well known that parameter α
in (6) describes the intensity (contact rate) of social interac-
tion between individuals in the community, so we can pro-
pose (see [11, 17])

α∝ mp

Nτ∗
, (8)

where m is the number of contacts made by an “infected”
sensor during the infectious period τ∗ (i.e., the number of
sensors receiving a message from an alerting sensor). In our
case, we have m = πr2∗ρ. Then using N = Sρ, we can write

α = G
πr2∗
τ∗S

p, (9)

where G is a constant calibration factor, being of order unity
(it must be estimated during the network calibration); p was
defined by (5). In order to simplify notation, from now on,
we will assume that G is absorbed in the definition of r∗.

It is worth noting that by introducing nondimensional
variables n+ = N+/N , n− = N−/N , and τ = t/τ∗, the system
(6)-(7) can be rewritten in a compact nondimensional form

dn+

dτ
= R0n+n− − n+, n− = 1− n+, (10)

with only one nondimensional parameter

R0 = ατ∗N. (11)

The parameter R0 is well known in epidemiology where it has
the meaning of a basic reproductive number [11].

The system (6)-(7) combined with the condition N+ +
N− = N can be reduced to one equation for y = N+,

dy

dt
= αy

(
N − y

)− y

τ∗
= y

(
b − αy

)
, (12)

where

b = αN − 1
τ∗
= (R0 − 1)

τ∗
. (13)

By simple change of variables z = αy/b, this equation can be
reduced to the standard logistic equation

dz

dt
= bz(1− z), (14)

which has the well-known solution

z(t) = z0

(1− z0) exp(−bt) + z0
, (15)

where z0 = z(0).
We can see that if b < 0, then z → 0 as t → ∞ for

any z0, so any individual sensor activation in the network will
“die out,” that is, the network will not be able to detect the
external challenge. The same is valid for b = 0 when z =
z0 = const (no response to external challenges). Only if the
condition b > 0 is satisfied, then z → 1 as t → ∞ (indepen-
dently of z0). In this case, after a certain transition interval,
the network will reach a new steady state with

N+

N
= 1− θ,

N−
N
= θ, θ = 1

ατ∗N
≡ 1

R0
. (16)

A fraction of active sensors N+ at this new state is a mea-
sure of the network (positive) response to the event of chem-
ical contamination. From (15), it is clear that the time scale
for the network to reach the new state can be estimated from
the condition e−bt 	 1, so

τ ≥ 1
b
= τ∗

R0 − 1
. (17)

This equation provides the relationship between the scale of
activation time and parameter R0. One can see that this scale
decreases as R0 increases.

From (14), (17), it follows that an “epidemic threshold”
for the sensor network is simply ατ∗N > 1 or in terms of the
“basic reproductive number” (11),

R0 = ατ∗N = pN
πr2∗
S

> 1. (18)

Observe that sensor sampling time τ∗ has disappeared from
the expression for R0. This means that it is possible to create
an information epidemic (i.e., detect a chemical pollutant)
for any value of τ∗, provided this time is long enough
for a sensor to detect the chemical tracer. But according
to (17), the responsiveness of the whole network to the
external challenges (i.e., the time constant of detection) is,
indeed, strongly dependent on the sensor sampling time τ =
τ∗/(R0 − 1).

The expressions (16), (17), and (18) are the main analyti-
cal results of the paper. For a given level of external challenges
(i.e., C0) and meteorological conditions (i.e., γ, ω), these
expressions provide a simple yet rigorous way to estimate
how a change in the network and sensor parameters (i.e.,
N ,C∗, τ∗) will affect the network performance (i.e., N+, τ).
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We can also see that for a given external challenge the net-
work of chemical sensors will respond in the most effective
way when its parameters are selected in the combination
which meets the criterion for “information epidemic” (18).

The final analytical expressions enable us to maximize the
network information gain and optimize other parameters.
For example, from (16), we can readily infer the important
scaling properties of the network performance:

N−
N
∼ 1

r2∗
,

N−
N
∼ 1

N
,

N−
N
∼ 1

p
. (19)

For instance, if we double the communication range of an
individual sensor r∗, the fraction of inactive sensors in the
network will drop four times. Likewise, if we need to reach a
specified fraction of active sensors (1 − N−/N) to be able to
reliably detect a given level of pollutant concentration, these
formulas describe all possible ways of changing the para-
meters of the model in order to achieve this goal.

5. Information Gain of Collaboration

We have explained earlier that the concept of DSC is impor-
tant for a network with limited energy/material resources.
But the question remains will a network with DSC be inferior
(in terms of detection performance) in comparison with a
benchmark network where all sensors operate independently
of each other and only report their (positive) detections of
chemical pollution to the central processor for decision
making? Clearly, such a benchmark network would be very
expensive to run (all sensors would have to be active all the
time), but could provide excellent detection performance.

In this section, we show that, under a certain condition,
the network with DSC can provide superior detection per-
formance compared to the benchmark network. Let us
assume that we have δN sensors continuously operating (0 ≤
δ ≤ 1). For a benchmark network, on average, we have pδN
sensors detecting pollutant. For the network with DSC, the
same quantity can be estimated as p(1−θ)N (as we have seen
the saturation level of N+ does not depend on initial condi-
tions). From here, we can then deduce that the network with
DSC will provide more information (for detection of chem-
ical pollution) than the benchmark network if the follow-
ing condition is satisfied:

θ = 1
ατ∗N

≤ (1− δ), (20)

which is eventually reduced to the condition of “epidemic
threshold” (18) for the small value of δ.

The value of the parameter δ can be also estimated based
on the following arguments. Let us assume that our aim is to
detect a level concentration C0 associated with a hazardous
release within the time T (the constraint on time is driven
by the requirement to mitigate the toxic effect of the release).
Then, we can write a simple condition for the information
“epidemic” in the WSN to occur during time T ,

δpNT

τ∗
≥ 1, (21)

where p is given by (5), that is, p = 1−F(C∗ | C0). Evidently,
for information epidemic to be observable, the number of
continuously active sensors should be less than the number
of sensors activated due to the hazardous release. Thus, from
(20), we can write the following “consistency” condition for
the minimum value of δ:

δmin ≈ τ∗
pNT

≤
(

1− 1
ατ∗N

)
, (22)

or by rewriting it in terms of R0, see (16),

δmin ≈ τ∗
pNT

≤
(

1− 1
R0

)
. (23)

It can be seen that with other conditions being equal, the
fraction of “stand-by” sensors δmin can be made however
small (since R0 ≥ 1). It implies that only a small fraction
of WSN will be active most of the time and is a clear demon-
stration of the energy consumption gain associated with the
“epidemic” protocol.

Another important criteria for epidemic protocol can be
derived by comparison of amplitude of “detectable events”
for the same number of sensors in the network with DSC with
the system of N-independent sensors. For the network with
DSC, it is (1− θ)N (since we use N+ to retrieve information
about the environment), and for the system of the same inde-
pendent sensors, it is still pN (since N+ is simply equal to N).
Then instead of (20), we can write

θ <
(
1− p

)
. (24)

Under this condition, more detectable events will occur in
the presence of chemical pollution by the described network
with DSC (activation messages) then in a network of stand
alone sensors (signals of positive detection). This leads to the
interesting threshold condition on the number of sensors in
the network

N >
S

πr2∗
1

p
(
1− p

) . (25)

The last term in RHS (p(1− p))−1 has an obvious minimum
4 corresponding to p = 1/2, so finally, we arrive at the simple
universal condition

N > N∗ = 4
π

S

r2∗
. (26)

This condition reads that if the number of sensors in the sys-
tem is greater than N∗, then networking with DSC can pro-
vide an information gain over the benchmark network.
Under this condition, the network with DSC is not only desi-
rable from the aspect of energy conservation, but also pro-
vides better detection performance through the information
gain.

The condition p = 1/2 minimizing RHS of (25) can be
considered as a criterion for an “optimal” sensor for a given
network with DSC and for a given concentration of pollutant
to be detected. Namely, from the equation F(C∗ | C0) = 1/2
and using (2), we can write

C∗ = C0

(
γ − 2

2

)[(
1

2ω

)1/(1−γ)

− 1

]
. (27)
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Figure 2: Results of numerical simulations: the fraction of active
sensors in the network over time for the different communication
range r∗: �—r∗ = 40 m, �—r∗ = 30 m, �—r∗ = 27 m, and
•—r∗ = 20 m; C∗/C0 = 1.03, N+(t = 0) = 10. The dashed red line
corresponds to the analytical predictions (15). It is clearly seen that
in the case r∗ = 20 m, the information epidemic in WSN dies off.

Given environmental parameters (γ,ω) and given the level of
concentration to be detected (C0), formula (27) also specifies
a simple condition on detection threshold for an individual
sensor to maximize an information gain by being networked.

6. Numerical Simulations

In support of analytical derivations presented above, a net-
work of chemical sensors operating according to the adopted
protocol for dynamic collaboration was implemented in
MATLAB. A comprehensive report with numerical simula-
tions result will be published elsewhere; here, we present only
some illustrative examples.

For consistency, a 1000 m × 1000 m surveillance region
populated by N = 400 sensors with a uniformly random
placement was assumed in all tests. In each run, chemical
pollution with concentration C0 = 150 is applied, and the
simulation starts when a single randomly selected sensor
(which has detected the presence of chemical contamination
in its vicinity) starts broadcasting. Due to this random
initiation and the fact that the probability of detection of
individual sensors is less than unity (p < 1), each run
of the computer program results in a slightly different
outcome. Figures 2 and 3 show the average evolution of
the ratio N+/N in the network over time. The curves were
obtained by using the following parameters: ω = 0.98, γ =
26/3. Figure 2 demonstrates the changes in dynamics of the
WSN for different values of communication range r∗, and
Figure 3 depicts the similar plots for changes of the detection
threshold of individual sensor C∗. For all plots in Figures 2
and 3, the initial number of active sensors is N+(t = 0) = 10.

Overall, we found that the simulation output is much
more sensitive to the changes of communication range
than to the threshold of an individual sensor (see range
of parameters depicted in Figures 2 and 3). In all cases,
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Figure 3: Results of numerical simulations: the fraction of active
sensors in the network over time for the different threshold of
individual sensor C∗: �—C∗/C0 = 1.05, �—C∗/C0 = 1.02, and
•—C∗/C0 = 1.00; r∗ = 40 m, N+(t = 0) = 10. The dashed red line
corresponds to the analytical predictions (15). It is clearly seen that
in the case C∗/C0 = 1.00, the information epidemic in WSN dies
off.

we observed the transition of N+ from the initial steady
state (where N+ is very small indicating the absence of the
pollutant) to the new steady state (high value of N+), so
information “epidemic” in the network of chemical sensors
does occur. By direct substitution into (18), it was also
validated that in all cases presented in Figures 2 and 3 the
condition for an information “epidemic” was satisfied. In
general, the saturation value of N+ derived from these plots
was in an agreement with theoretical prediction (16), but the
estimated standard deviation of N+ (not shown in Figure 2)
could be very high (up to 30%) for some combination of
parameters. The relative standard deviation (normalized by
mean value N+) usually gradually decreased over time and
quite rapidly decays with the increase of communication
range r∗. The occasional high variability of the output of
the sensor network is undesirable and motivates further
analysis. We also used the data from the plots in Figures 2
and 3 to calibrate our model. The calibration was performed
by extracting the steady-sate (or saturation) values of N+

from the plots and by adjusting the “free” constant G in the
analytical expressions (16) to achieve the best match between
the analytical predictions and simulations. The value G ≈ 0.7
seems to provide an optimal agreement with the presented
simulations.

In order to validate our simple model for parameter α,
we performed the following study. For each simulation, we
derived the value of αs from (16) and then compared it with
the value of αt calculated from the theoretical expression
(9) using the calibration value G ≈ 0.7. The results of
this study are presented in Figure 4. The red dashed line
corresponds to the perfect agreement between the theory and
simulations. Considering the high variability of N+ and a
rather simple model for α, the agreement between the theory
and simulations is acceptable.
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Figure 4: Simulation and theoretical predictions of parameter α: αt
is the theoretical value (9), αs is the results of simulations. The red
dashed line corresponds to the perfect agreement.

To validate further the alignment between the computer
simulations and the proposed mathematical model, we nu-
merically estimated some scaling properties of the network
system (i.e., (9), (19)). Firstly, we derived the scaling prop-
erties from computer simulations and then compared them
to the theoretical predictions. In general, we found that all
trends of the derived scaling do agree with theoretical expres-
sions in (19), but the quantitative agreement may signifi-
cantly vary from case to case. As an illustration, in Figure 5,
we present the plot of dependency of α against p in log-log
scale. The extracted exponent corresponds to α ∝ pq, where
q = 1.27, while the theoretical value according to (8) is q = 1.
This indicates that while our analytical model is very simple
and fast to compute, for higher accuracy it may need further
refinements as discussed below.

The results of numerical simulations presented above
serve to verify that the “information epidemic” does occur in
the wireless network of chemical senors. This also implies
that the proposed theoretical framework may lead to a gain
in the energy consumption that may result in the significant
advantages in operational deployment of such systems. More
detailed analysis of the optimal values of parameters satis-
fying threshold conditions (18), (23), and (26) and lead to
the optimal performance of WSN will be reported in separate
publications.

7. Refinements of the Model

The disagreement described above is due to the implicit
assumption of “homogeneous mixing” which we made in
equations (6)-(7). The homogeneous mixing manifests itself
in the bilinear form of the interaction terms on the RHS
of (6)-(7). This bilinearity means that the number of new
“infected” sensors is proportional to the product of the num-
ber which is currently “infected” and the number which is
currently “susceptible.” Effectively it means that all passive
sensors are equally likely to be activated. This assumption
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Figure 5: Parameter α as a function of p extracted from numerical
simulations in log-log scale. The dashed line corresponds to the
power-law fit α ∝ pq, q = 1.27, and theoretical prediction
corresponds to q = 1, see (8).

holds only if the majority of activated (“infected”) sensors are
far away from each other (i.e., at the distances � r∗). At
some stage of the sensor “epidemic,” this assumption can be
violated, because the secondary “infected” sensors will be
at the shorter distances from the “infectious” parents (see
Figure 6). The broadcasted messages in overlapping areas
become duplicated and the rate of new “infections” will be no
longer proportional to the number of their parents. The frac-
tion of “infected” sensors in the overlapping areas will
depend on the new equilibrium state of the sensor system
(i.e., N+/N as t → ∞) and may not be small for some scena-
rios. To overcome this restriction, we again invoke an ap-
proach successfully implemented in epidemiology (see [17]).
Instead of (6)-(7), we now write

dN+

dt
= αNν

+N− −
N+

τ∗
,

dN−
dt

= −αNν
+N− +

N+

τ∗
,

(28)

where a new parameter 0 ≤ ν ≤ 1 depends on the packing
density of “infected” sensors (or on the ratio N+/N). For a
“sparse” network configuration, we have ν ≈ 1 (no overlap-
ping areas), and for an extremely “dense” network, ν ≈ 0
(all sensors are located around the same point), see Figure 6.
In general, ν can be used as a fitting parameter of the model
[8] or estimated based on the mathematical theory of
packing. For a specific network configuration, a value ν = 1/2
was derived in [7] based on some simplified assumptions.
By employing new parameter ν, we can significantly improve
agreement between analytical model and simulation at the
initial stage of information epidemic, since here we can
assume that N− ≈ N = const, so dN+/dt ∝ Nν

+. An example
of improved fitting is presented in Figure 7.

Similarly to the epidemiological models (see [11]), incor-
poration of the spatial inhomogeneity can be achieved by
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(a)

(b)

Figure 6: Examples of dense (a) and sparse (b) wireless sensor net-
works.

adding the appropriate diffusion terms on the LHS of (6) and
(7):

∂N+

∂t
−DΔN+ = αN+N− − N+

τ∗
,

∂N−
∂t
−DΔN− = −αN+N− +

N+

τ∗
,

(29)

where D is diffusivity in the sensor system which can be esti-
mated as D ≈ r2∗/τ∗ and Δ is the Laplace operator. At the
same time, the inhomogeneity of pollutant distribution can
be easily incorporated in α(r) with nonuniform C0(r) (see
(2), (5), (8)).

An important property of the system (29) is the existence
of analytical solutions in the form of traveling waves, prop-
agating with the velocity v0 ∼

√
αD [11]. In our case, these

waves correspond to the switching fronts between active and
passive sensors. If pollutant is advected by the wind flow with
a characteristic velocity v∗, then a simple synchronisation
condition v0 ≥ v∗ or α ≥ v2∗τ∗/r2∗ provides an important
criteria for network optimisation.

Another interesting extension of the proposed model is
the introduction of the concept of a faulty sensor, a sensor
which is no longer available for sensing and networking. This
state of a sensor would correspond to the removed popula-
tion segment in the epidemiological framework and can be
attributed to any kind of faults (flat battery, software mal-
function, hardware defects, etc.). As in the celebrated SIR
epidemiological model [11], a new state results in the third
equation for N0 in the system (6)-(7) with a new temporal
parameter—an average operational time (the lifespan) of a
sensor. The total number of sensors will be still conserved:
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Figure 7: Effect of parameter ν in the model (28) on the simulation
data fit: dashed line: ν = 1, solid line: ν = 0.7.

N = N+ + N− + N0 = const. This model provides a more
realistic representation of an operational sensor systems and
allows us to estimate such important parameters as the ope-
rational lifetime of the network and the reliability of the net-
work.

8. Conclusions

We developed a “bioinspired” model of a network of chem-
ical sensors with dynamic collaboration for the purpose of
energy conservation and information gain. The proposed
model leverages on the existing theoretical discoveries from
epidemiology resulting in a simple analytical model for the
analysis of network dynamics. The analytical model enabled
us to formulate analytically the conditions for the net-
work performance. Thus, we found an optimal configuration
which, within the underlying assumptions, yields a balance
between the number of sensors, detected concentration, the
sampling time, and the communication range. The findings
are partly supported by numerical simulations. Further
work is required to address the model refinements and
generalisations.
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Density control is of great relevance for wireless sensor networks monitoring hazardous applications where sensors are deployed
with high density. Due to the multihop relay communication and many-to-one traffic characters in wireless sensor networks, the
nodes closer to the sink tend to die faster, causing a bottleneck for improving the network lifetime. In this paper, the theoretical
aspects of the network load and the node density are investigated systematically. And then, the accessibility condition to satisfy that
all the working sensors exhaust their energy with the same ratio is proved. By introducing the concept of the equivalent sensing
radius, a novel algorithm for density control to achieve balanced energy consumption per node is thus proposed. Different from
other methods in the literature, a new pixel-based transmission mechanism is adopted, to reduce the duplication of the same
messages. Combined with the accessibility condition, nodes on different energy layers are activated with a nonuniform distribu-
tion, so as to balance the energy depletion and enhance the survival of the network effectively. Extensive simulation results are
presented to demonstrate the effectiveness of our algorithm.

1. Introduction

With the help of technological advances in MEMS, a mass
production of tiny and economical sensors becomes possible.
A wireless sensor network consists of a large number of sen-
sor nodes deployed in region of interest to collect related
information and communicate the results to the users [1].
The network can be embedded in our physical environment
and have many potential applications, such as battlefield sur-
veillance, environment monitoring, and fire detection.

Since the microsensors are usually supported by battery,
they are thus limited in resources and vulnerable in nature.
When sensor nodes are deployed to monitor hazardous
applications like over a battlefield, an important question is
to guarantee that the target area is covered and the detection
probability is high. If a small number of nodes are deployed,
blind spots or sensing holes might be left, which may reduce
the accuracy of the results obtained. In order to enhance the
reliability of the network, sensor nodes are usually deployed
with high density, up to 20 nodes/m3. However, as all of the
nodes share common sensing tasks, if those sensors operate

in the active mode simultaneously, data collected in such a
high-density network would be highly correlated and redun-
dant, consuming an excessive amount of energy. To illustrate
the point, imagine the scenario that when a certain triggering
event occurs, a large number of nodes will send packets at the
same time, making such a network less responsive and less
energy efficient. As a result, deploying such a sensor network
to monitor hazardous applications and maintaining its sens-
ing coverage could be a daunting task.

In general, density control is an effective method to solve
the above problem. Recently, a class of work has appeared to
find the optimal subset of sensor nodes for densely deployed
wireless sensor network while these working nodes can com-
pletely cover the monitored area [2–8]. In addition, the prob-
lem is proved to be NP-complete [3]. However, most of the
current works do not consider the issue of uneven energy
depletion with distance to a predetermined sink. They all
aimed to achieve a uniform hexagonal distribution to pre-
serve area coverage with the fewest sensors. When using such
a uniform distribution in many-to-one sensor network ap-
plications, the sensor nodes around the sink should forward
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more data and deplete their energy faster. Consequently, an
energy imbalance problem manifests itself, as an energy hole
is created around the sink node. If this happens, no more data
can be transmitted to the sink. Moreover, the network life-
time ends soon and more energy of the nodes would be
wasted. Experimental results in [9] show that when the net-
work lifetime is over, up to 90% of the total initial energy of
the nodes is left unused if the nodes are distributed uniformly
in the network. It becomes a major concern for network
designers to maintain the balance of power consumption so
that the lifetime of sensor network is prolonged.

In this paper, we formulate the energy imbalance prob-
lem and present a nonuniform distribution of sensor nodes
to analyze the maximum network lifetime for many-to-one
wireless sensor networks. In contrast to constant data acqui-
sition rate, we import the pixel-based transmission mecha-
nism to avoid sending needless duplication of the same sens-
ing data. Furthermore, a density control algorithm is pro-
posed to achieve balance of energy depletion by introducing
the concept of the equivalent sensing radius. The rest of this
paper is organized as follows. In Section 2, we review the
related work in the literature. In Section 3, we theoretically
analyze the nonuniform node distribution strategy. And
after that, an energy-balanced density control algorithm is
proposed in Section 4. Section 5 describes the simulation
results of the proposed algorithm. Finally, the paper is con-
cluded in Section 6.

2. Related Work

As one of the most fundamental issues in wireless sensor net-
works, the density control problem has attracted significant
research attention. Therefore, coverage together with sensor
management has been a strong research focus for the last
few years. In [3], the authors provide a method for finding
the maximum number of disjoint cover sets that are working
successively in a WSN. In each cover set, a sufficient number
of sensor nodes necessary to cover the targets are active, while
the remainder of the nodes are put to sleep. However, their
approach is based on a centralized solution. A distributed
approach named PEAS is proposed in [4], in which the nodes
use a simple rule to decide about their activity. If a node
cannot find any active node in the probing range, it be-
comes active. Otherwise, it returns to the sleeping mode.
Although this approach eliminates the complexity of getting
neighbours’ status, it does not require location information
and cannot guarantee full sensing coverage for the target
area. Similarly, the authors in [5] propose a scheduling
scheme that enables each node to enter active or sleeping
state based on the coverage relationship with its neighbours.
In their approach, in order to avoid the “blind point” caused
by two neighbours simultaneously turning off, a random
back-off time is introduced before the node makes a decision
about its status. However, these algorithms cannot achieve
full sensing coverage for the target area. Our previous work
reported in [6] attempted to find the best cover to maintain a
full coverage of the network with the least number of working
nodes, and a NSGA-II based approach was proposed. The
coverage problem is also explored in [7], and a distributed,

localized algorithm, called OGDC (Optimal Geographical
Density Control), is proposed to maintain coverage as well
as connectivity. They prove that if the communication range
is at least twice the sensing range, complete coverage im-
plies connectivity. In particular, the jointly coverage and con-
nectivity problem is studied in [8], and a sleep-awake sched-
uling scheme is proposed for energy conservation and sur-
veillance quality provisioning. In [10], the coverage mainte-
nance protocol named as PCP is proposed, and the simula-
tion results show that it can significantly save the number of
activated sensors by using probabilistic sensing model.

These algorithms all focused on finding a uniform distri-
bution, thus to reduce the number of working nodes. How-
ever, as the sensors closer to the sink tend to carry more traf-
fic loads and thus would consume more energy, the uniform
deployment will cause the network lifetime descended by the
sensors at the first-hop from the sink. This is also known
as the “energy hole” problem, which is characterized by a
mathematical model in [11]. Apparently, it cannot prolong
the system lifetime under a uniform distribution by simply
increasing the number of nodes. The authors in [12–14] have
also investigated several approaches to mitigate this problem.
In [12], the authors present a mathematical model and aim to
investigate some approaches towards mitigating this energy
hole problem. However, the uneven energy depletion still
exists, even by using their mere system design and the asso-
ciated routing strategy. The authors in [13] investigated the
energy hole problem and designed guidelines for maximizing
lifetime and avoiding energy holes in sensor networks with
nonuniform distribution. In [14], the authors proposed a
nonuniform deployment scheme based on a general sensor
application model. They derived a formula to determine the
number of nodes as a function of the distance from the sink.
Simulation results show that their method can enhance the
network lifetime. Since each sensor was also assumed to re-
port the data to the sink with the same acquisition rate, it
cannot achieve the energy balance completely in the entire
network.

3. Preliminaries

3.1. Assumptions and Network Model. In this section, we
present our network model and basic assumptions. Assume
that a set of N heterogeneous sensors are deployed in a cir-
cular area with radius d in order to monitor some physical
phenomenon. We refer to the complete set of sensors that
has been deployed as S = {s1, s2, . . . , sN}. Each sensor node
has an ID, a fixed transmission range Rc, and a fixed sensing
range Rs. Note that the location awareness is impractical in
the highly dense network. In recent years, many research
efforts have been made to address the localization problem
[15–18]. However, this requirement can be relaxed slightly
in our work if each node is aware of its relative location to
the neighbours. The only sink node is located at the centre
of the circle, as shown in Figure 1. We divide the area into n
adjacent coronas with the same width of Rc and denote the
ith corona by Ci. Obviously, the corona Ci is composed of
nodes whose distances to the sink are between (i − 1) ∗ Rc

and i∗ Rc.
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Figure 1: A circular target area with four coronas.

The network works in rounds, and each round is further
divided into two phases: the first phase of node selection and
the second phase of stability monitoring. In the first phase,
the suitable sensor nodes are selected to work and the rest of
the nodes are set to sleep state thus to save energy. During the
second phase, each working node should send their sensing
messages to the sink node per unit monitoring cycle ΔT . In
order to avoid retransmitting the same messages in cross-
covered areas, each sensor needs to check its own Voronoi
polygon through the establishment of Voronoi graph with
its neighbours before sending any data. In our work, this
mechanism is called as the pixel-based transmission mech-
anism, which can ensure that the information data for any
pixel in the target area is sent only once.

We use a simplified power consumption model and do
not consider the MAC layer and physical layer issues. In our
model, the energy consumption is only dominated by com-
munication costs, as opposed to sensing and processing costs.
The initial energy of each sensor is ε > 0, and the sink has no
energy limitation. A node consumes e1 units of energy when
sending one bit, while it depletes e2 units of energy when
receiving one bit, where e1 > e2 > 0.

3.2. Nonuniform Node Distribution. Based on the network
model, nodes belonging to corona {Ci|i /=n} will forward
both the data generated by themselves and the data generated
by coronas {Cj|(i + 1) ≤ j ≤ n} while the nodes in the
outermost corona Cn need not forward any data. Assume
that the sensors in each corona are distributed uniformly and
there is no data aggregation at any forwarding nodes. Define
the number of nodes deployed in corona Ci to be Ni and the
number of pixels in corona Ci to be Ai. Based on the pixel-
based transmission mechanism, the number of messages for
coronaCi to receive and forward is (Ai+1+Ai+2+· · ·+An) and
(Ai+Ai+1+· · ·+An). As the sensing messages are transmitted

per monitoring cycle ΔT , the average energy consumption
for sensors in corona Ci during ΔT is

Ei =
[∑n

k=i+1Ak(e1 + e2) + Aie1
]

Ni
, 1 ≤ i ≤ n− 1. (1)

Note that (1) can be simplified as

Ei = e1

ρi
+
Ai+1 + Ai+2 + · · · + An

Ai · ρi (e1 + e2), 1 ≤ i ≤ n− 1,

(2)

where ρi is the node density of corona Ci.
Sensors in corona Cn only need to send their own sensing

messages; so the energy depletion of sensors in corona Cn is

En = An · e1

Nn
= e1

ρn
. (3)

Thus, we can formulate Ei as follows:

Ei =

⎧⎪⎪⎨
⎪⎪⎩

e1

ρn
, i = n,

e1

ρi
+

∑n
i=k+1Ai

Ai · ρi (e1 + e2), 1 ≤ i ≤ n− 1.
(4)

Ideally, when all the nodes deplete their energy with the
same ratio, the network lifetime is prolonged and the energy
efficiency is improved. In particular, there is no energy
wasted and the network lifetime can be given by

ε

E1
= ε

E2
= · · · = ε

Ei
= · · · = ε

En
. (5)

Theorem 1. Maximum energy efficiency is possible, in the
sense that all the working nodes take the pixel-based transmis-
sion mechanism, and the node distribution density ρi in corona
Ci satisfies

ρi = ρn ·
[

1 +

(
n2 − i2

) · (e1 + e2)
(2i− 1) · e1

]
, ρ1 ≥ ρ2 ≥ · · · ≥ ρn.

(6)

Proof. To use the deductive method, suppose that (6) is true,
and thus (2) can be described as follows:

Ei = Ai · e1 +
∑n

k=i+1Ak · (e1 + e2)
Ai · ρi

=
[
Ai · e1 +

∑n
k=i+1Ak · (e1 + e2)

] · (2i− 1) · e1

Ai · ρn · [(2i− 1) · e1 + (n2 − i2) · (e1 + e2)]
.

(7)

Owing to Ai = πRc
2·(2i−1), after basic transformations,

we have

Ei =
[
(2i− 1) · e1 +

(
n2 − i2

) · (e1 + e2)
] · (2i− 1) · e1

(2i− 1) · ρn · [(2i− 1) · e1 + (n2 − i2) · (e1 + e2)]

= e1

ρn
= En.

(8)

Since dρi/di = −2i/(2i − 1) − 2(n2 − i2)/(2i − 1)2 < 0 is
a permanent establishment, we can get the following con-
clusion, ρ1 ≥ ρ2 ≥ · · · ≥ ρn. This completes the proof of
Theorem 1.
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Theorem 1 shows that in a circular monitored area, based
on the pixel data transmission mechanism, if the sensors
in each corona obey a nonuniform distribution and the
distribution density meets a certain condition, the energy-
balanced depletion of the whole network can be achieved.
Besides, the node density ρi of corona Ci only relates to ρn
of corona Cn and the corona number i.

Further we will analyze the lifetime enhancement of the
nonuniform distribution strategy to the traditional one. Sup-
pose that the node density in nonuniform distribution satis-
fies (6) and the initial conditions are the same. In the uniform
distribution, the density ρi is equal to ρn. As the innermost
corona C1 needs to forward all of the sensing messages in
the whole network, it consumes the most energy. Thus the
maximum lifetime of network in uniform distribution is
determined by the survival time C1. The network lifetime can
be calculated as

ε

E′1
= ε

e1/ρn +
(∑n

j=2 Aj/A1 · ρn
)

(e1 + e2)

= ρn · ε
e1 + (n2 − 1) · (e1 + e2)

,

(9)

where E′1 is the average energy depletion of C1 per unit time
in uniform distribution. Using (8), we can get the average
energy depletion in C1 under energy-balanced conditions as

E1 = E2 = · · ·Ei = · · · = En = e1

ρn
. (10)

Thus the lifetime enhancement is

ε/E1

ε/E′1
=
(
e1 +

(
n2 − 1

) · (e1 + e2)
)
/ρn

e1/ρn
= ρ1

ρn
> 1. (11)

Therefore, the network lifetime of nonuniform distribu-
tion can be extended ρ1/ρn times effectively compared with
the traditional uniform distribution strategy.

4. Energy-Balanced Density Control

4.1. Problem Formulation. The problem of Energy-Balanced
Density Control (EBDC) is formalized as follows. Given a
set of N potential sensors, S = {s1, s2, . . . , sN}, find a subset
cov ⊂ S, which achieves a nonuniform sensor distribution
satisfying (6), and the number of sensors Kcov = | cov | is
minimized with a full coverage. The subset cov is named as
the energy balance working cover for the target area.

4.2. Density Control Based on Equivalent Sensing Radius. The
proposed algorithm, called EBDC, is inspired by the algo-
rithm introduced in [7]. As a contribution, we made major
modifications with the purpose of selecting sensors at varia-
ble densities according to (6).

Definition 2 (Equivalent sensing radius). It is defined as the
sensing radius when the given distribution density ρi is the
lowest one to maintain network coverage.

As the hexagonal distribution is the optimal sensor distri-
bution to fully cover the target area with the fewest sensors,

define Hex(i) to be the hexagonal area covered by sensor i
with the sensing radius Ri ·Hex(i) can be calculated as

Hex(i) = 3
√

3
2

R2
i . (12)

And the minimum distribution density ρi to fully cover
the area is

ρi = 1
Hex(i)

. (13)

Thus, the relationship of the equivalent sensing radius
and the distribution density ρi is

Ri =
√

2√
27 · ρi . (14)

Theorem 3. If the sensor selection algorithm uses the equiva-
lent sensing radius Ri according to the density ρi, the network
can achieve balanced energy depletion, where Ri satisfies

Ri = Rs

√
(2i− 1) · e1

(2i− 1) · e1 + (n2 − i2) · (e1 + e2)
,

R1 ≤ R2 ≤ · · · ≤ Rn.

(15)

Proof. According to the definition of equivalent sensing ra-
dius, we can combine it with the energy-balanced condition
in (6). Thus we have

ρi = 2√
27 · Ri

2

= 2√
27 · Rs

2 ·
[

1 +

(
n2 − i2

) · (e1 + e2)
(2i− 1) · e1

]
.

(16)

After transformation, we have

Ri = Rs ·
√

(2i− 1) · e1

(2i− 1) · e1 + (n2 − i2) · (e1 + e2)
. (17)

This concludes the proof of Theorem 3.

Therefore, by introducing the concept of equivalent sens-
ing radius, the problem of EBDC can be transformed into
a uniform density control problem with different sensing
radius, which gives the chance of using the existing schemes
to solve it. In this paper, the density control algorithm is com-
bined with OGDC approach, which only needs relative loca-
tion during node selection.

In order to make sure that the node selected in each
corona satisfies hexagonal distribution with its equivalent
sensing radius, first, each sensor needs to know which corona
is located. The calculation mechanism of corona number is
presented in Section 4.2.1. And then the optimal principle
for sensor selection is adopted [7]: anytime when a sensor in
corona Ci is active, the next active node with the distance of√

3Ri away from the first one will be selected, and a similar
selection method is used for the third node. Ideally, the cen-
tres of the three sensors should form an equilateral triangle
with edge

√
3Ri.
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4.2.1. Calculation of Corona Number. Since the sensors are
deployed with high density, there are challenges to calcula-
ting each sensor’s location and measuring the distance be-
tween sensor nodes accurately. Moreover, it seems to be
impossible for sensor si to calculate corona number based on
the distance dist(si, sink). On the other hand, as the corona
number is equal to the minimum hop count from each
sensor to sink, the corona number for each sensor can be cal-
culated simply on the basis of its minimum hop count
through routing. In our paper, this minimum hop count is
calculated by using DV-hop localization algorithm [16].

The calculation of minimum hop count in DV-hop lo-
calization algorithm is similar to classical distance vector
routing. At first, the sink node broadcasts a beacon to be
flooded throughout the network containing its position with
a hop-count parameter, which is initialized to be one. Then,
each receiving node maintains the minimum counter value
per anchor of all the beacons received and ignores those with
higher hop-count values. At every intermediate hop, beacons
are flooded outward with hop-count values incremented.
Through this mechanism, all of the sensor nodes can get the
minimum hops to the sink. The calculation of corona num-
ber based on hop count is shown in Figure 2.

4.2.2. Selection of the Starting Node. After all the sensors cal-
culated their corona number and the corresponding equiv-
alent sensing radius, they are powered on with undecided
status. Then the node volunteer whose energy exceeds a pre-
determined power threshold Pt will become a starting node
with probability p, where Pt is related to the length of the
round. In general, it is set to a value so as to ensure that the
sensor can remain powered on until the end of the round
with high probability. And then, a back-off timer of τ1

seconds is set, where τ1 is distributed uniformly in [0, Td].
When the timer expires, the node turns into the “ON” state
and broadcasts a power-on message meanwhile. The power-
on message is a quaternary array of 〈location, Ri, Coro-
na Num, α〉, indicating the location of sensor, the equivalent
sensing radius, the serial corona number, and the angle of
next node. Note that α is used to determine the direction
along which the second working node should be located. It
is uniformly distributed in [0, αd], where αd represents the
direction range of the next selecting nodes and is related to
the location of the first selecting node. In the next section,
we will give a detailed description of how to calculate αd. A
message-driven mechanism is used in the wake-up process. If
the initial candidate node receives power-on messages before
the back-off time finishes, its timer is cancelled and this node
cannot become a starting node. This method helps to avoid
many neighbours to become the starting node at the same
time effectively. If the node does not volunteer itself to be a
starting node, a timer of Ts seconds will be set to a sufficiently
large value, such that there is at least one node whose power
level qualifying to be a starting node and the selection of
working nodes can be completed in an early stage of each
round.

4.2.3. Actions Taken When Receiving a Power-on Message.
When a node receives a power-on message, it first checks
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Figure 2: The calculation of corona number.

whether the Corona Num are equal. If this message comes
from an adjacent corona, and the receiving node is not “ON”,
or there are not any uncovered crossings, it will omit this
message and sets itself to “OFF” state. Otherwise, it will be-
come a starting node of its corona and transmits a new
power-on message with new Corona Num and a new equiva-
lent sensing radius. If the power-on message comes from the
same corona, the subsequent actions taken are to ensure that
the working sensors selected form a hexagon distribution.

Similar to OGDC, Tc1, Tc2, and Tc3 are back-off timers
indicating the different retreated actions in different cases. In
any of the above three cases, when the back-off timer expires,
the node sets its state to “ON” and broadcasts a power-on
message with a new direction field α set to −1 (indicating a
message generated by a nonstarting node). The whole pro-
cedure of a node receiving a power-on message is shown in
Figure 3.

4.2.4. Direction Range αd in Power-on Message. The param-
eter α in power-on message indicates the direction along
which next working node hoping to be activated. In terms
of large coverage area, α is distributed uniformly in [0, 2π].
In order to distinguish the power-on message from starting
nodes or nonstarting nodes, we set the latter α to−1. In terms
of the node selection in different coronas with different
equivalent sensing radius, the ratio of corona width to equiv-
alent sensing radius Rc/Ri cannot be ignored. Therefore,
when the OGDC scheme is implemented in each corona with
Ri, the boundary effect must be considered. Furthermore, in
order to speed the dissemination of power-on message in the
same corona, it is also need to control the direction range αd.

Define the coordinate of candidate starting sensor as
A(xa, ya), and the sink as (x0, y0). Firstly, the distance be-
tween A and sink is calculated, and then the corona serial
number as well as the equivalent sensing radius Ri is deter-
mined according to dist(A, sink). Based on this point, we can
calculate the direction range αd as follows: if the sensing disc
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Figure 3: Flowchart of the actions taken after receiving a power-on message.

centred at A with radius
√

3Ri has at most one crossing point
with the inner or outer boundary of corona Ci, αd is set to 2π,
as shown in Figure 4(a). Otherwise, we have one of the three
cases, as depicted from Figure 4(b) to Figure 4(d): (i) there
exists two crossing points between the sensing disc and the
inner border of the outer adjacent corona; (ii) there exists
two crossing points between the sensing disc and the outer
border of the inner adjacent corona; (iii) there exists four
crossing points between the sensing disc and the border of
both inner and outer adjacent coronas.

If case (i) satisfies, we have
√

(xa − x0)2 + (ya − y0)2 +
√

3Ri > i·Rc and
√

(xa − x0)2 + (ya − y0)2−√3Ri > (i−1)·Rc,
as shown in Figure 4(b). The intersection coordinates can be
obtained by the following formulation:

(x − xa)2 +
(
y − ya

)2 = 3Ri
2,

(x − x0)2 +
(
y − y0

)2 = (i · Rc)
2.

(18)

Assuming the calculated crossing points as A1(x1, y1) and
A2(x2, y2), the direction range αd is given by tan−1((y1 −
ya)/(x1 − xa)) ∼ π + tan−1((y2 − ya)/(x2 − xa)).

If case (ii) satisfies, we have
√

(xa − x0)2 + (ya − y0)2 +
√

3Ri < i·Rc and
√

(xa − x0)2 + (ya − y0)2−√3Ri < (i−1)·Rc,
as shown in Figure 4(c). The intersection coordinates can be
obtained by the following formulation:

(x − xa)2 +
(
y − ya

)2 = 3Ri
2,

(x − x0)2 +
(
y − y0

)2 = [(i− 1) · Rc]
2.

(19)

Assuming the calculated crossing points as A1(x1, y1) and
A2(x2, y2), the direction range αd is given by (0 ∼ tan−1((y1−
ya)/(x1 − xa)))∪ (π + tan−1((y2 − ya)/(x2 − xa)) ∼ 2π).

If case (iii) satisfies, we have
√

(xa − x0)2 + (ya − y0)2 +
√

3Ri > i·Rc and
√

(xa − x0)2 + (ya − y0)2−√3Ri < (i−1)·Rc,
as shown in Figure 4(d). The intersection coordinates can be
obtained by the following formulation:

c(x − xa)2 +
(
y − ya

)2 = 3Ri
2,

(x − x0)2 +
(
y − y0

)2 = (i · Rc)
2,

c(x − xa)2 +
(
y − ya

)2 = 3Ri
2,

(x − x0)2 +
(
y − y0

)2 = [(i− 1) · Rc]
2.

(20)

Using A1(x1, y1), A2(x2, y2), A3(x3, y3), and A4(x4, y4)
to represent the calculated crossing points, we can get the
direction range αd:

(
tan−1

(
y1 − ya
x1 − xa

)
∼ tan−1

(
y2 − ya
x2 − xa

))

∪
(
π + tan−1

(
y3 − ya
x3 − xa

)
∼ π + tan−1

(
y4 − ya
x4 − xa

))
.

(21)

After the direction range αd is set, the nodes along αd will
be selected first, like nodes D and C in Figure 4(d). When
node A becomes the power-on node, D and C will be the
following active nodes to form a hexagonal distribution. We
should note that although the node selection along range will
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Figure 4: The possible intersection between sensing disc and the corona borders. (a) At most one crossing point. (b) Two crossing points
between the sensing disc and the inner border of the outer adjacent corona. (c) Two crossing points between the sensing disc and the outer
border of the inner adjacent corona. (d) Four crossing points between the sensing disc and the border of both inner and outer adjacent
coronas.

result in the region out of αd being uncovered originally, with
the dissemination of the power-on message in the adjacent
coronas, finally, it will be fully covered by the node in its
adjacent coronas. Take node B in Figure 4(d) as an example.
When node B receives a power-on message from node A, it
will become the new starting node in corona Ci−1 according
to Figure 2, thus to cover the shadow area in corona Ci.
To summarize, by calculating the direction range, we can
achieve a rapid selection of the working nodes in the same
corona and reduce the number of invalid power-on messages
effectively.

5. Simulations Results
In this section, we evaluate the performance of the proposed
density control algorithm. The basic simulation parameters
are listed in Table 1.

Initially, in order to deploy more nodes close to the sink
node, the deployment model of two-dimensional Gaussian
distribution is adopted. Given the coordinate of sink as
(x0, y0), the node deployment density follows:

f
(
x, y

) = f
(
x − x0, y − y0

) = 1
2πσ2

e−[(x−x0)2+(y−y0)2]/2σ2
,

(22)

where σ is the standard deviation of coordinate (x, y), and it
is equal to the communication radius Rc in our simulation.

As the finally selected nodes obey approximate uniform
distribution in the corona in each round, the sensing data
forwarding strategy is similar to [13]. Any node in corona
Ci can communicate with almost q nodes in the ring Ci−1

directly, where qi = ρi−1 · Ai−1/ρi · Ai. Among these qi can-
didate forwarding nodes, the node with most residual energy
will be selected as the forwarding node.

There are 1000 potential sensors randomly distributed in
the circular area of radius 60 using Gaussian distribution de-
ployment model, as shown in Figure 5(a). The target area is
divided into three coronas denoted by C1, C2, and C3. From
(17), we can calculate the equivalent sensing radius from C1

to C3 to be 2.8, 5.28, and 10.

Figure 5(b) shows the working sensors selected after
running NSGA-II 500 generations. The number of working
nodes selected from corona C1 to C3 is 24, 53, and 59.
Further, those working sensors in Figure 5(b) are renamed as
1, 2, 3, . . ., 136, where the sensors with the larger IDs belong
to outer coronas and those with smaller IDs are closer to sink
node.
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Figure 5: Distribution of wireless sensor network.

Table 1: Simulation parameters.

Parameters value

Initial energy of sensor node (ε) 1000 J

Energy consumed to send one bit of data (e1) 0.5/103 J

Energy consumed to receive one bit of data (e2) 0.25/103 J

The basic unit of data length (L) 1000 Bit

Monitoring area radius (R) 60

The number of nodes deployed 1000–3000

Communication radius (Rc) 20

Sensing radius (Rs) 10

Recombination rate 0.9

Working round T 1000 s

Monitoring cycle ΔT 3 s

The threshold of working node energy (used to
maintain the energy level of dormancy) (Pt)

900 s

Time of the initial node from timer (Td) 10 ms

Time of the initial node selection process (Ts) 1 s

Time of receiving the power-on message from the
first noninitial node and the working area of node
not covered by its neighbours (Tc3)

200 ms

Power-on message sending time 6.8 ms

Time of calculation Tc1 and Tc2 required constant C 10/rs2

In order to verify that the working sensors selected by
our algorithm can balance energy consumption, the energy
depletion of this working set in one round is investigated
especially. In our simulation, the working round is set as
1000 s, and the monitoring cycle is 3 s. The energy depletion
of those nodes in one working round is shown in Figure 6.

From Figure 6, we can see that although the nodes in
corona C1 and C2 behave as both data originator and router,
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Figure 6: Energy consumption of the working nodes in one round.

the energy consumption of the whole working set is almost
equal, thus to enhance the power efficiency of sensors in
outer coronas. This is mainly because the inner sensors’ sens-
ing pixels are much smaller than those of the outer sensors
by adopting nonuniform sensor distribution and pixel-based
transmission mechanism.

Figure 7 shows the relationship between the total energy
left and working rounds. From Figure 7, we can see that the
total energy left with working rounds has an approximate lin-
ear relation. When the network runs to 150 working rounds,
the remaining energy is 102300. Continuing to run algo-
rithm, we can see that the energy attenuation with the work-
ing cycles becomes more flat. That is because the remaining
survival nodes can no longer establish communication with
the sink node, and the energy consumption is mainly caused
by network sensing with little data forwarding. Although
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there is about 10% of the residual energy, due to the uneven
distribution of these final survival nodes, they cannot meet
the needs of the network coverage and connectivity any
more.

We further compare the performance of EBDC with
OGDC, PCP, and the nonuniform distribution in [13]. In
those series of simulations, we vary the deployed nodes den-
sity from 1000 to 3000 nodes in the circular area with radius
60. The round length is set as 1000 s and the monitoring cycle
is 3 s.

Figure 8 shows the network lifetime comparison with dif-
ferent node deployments. Although OGDC focuses on how
to select the optimal cover set, it does not consider the im-
balance consumption of energy near the sink. This mainly
causes the nodes near the sink node to forward data more
frequently and finally gets a much shorter network lifetime.
As PCP uses a probabilistic detection model, it needs fewer
active sensors to cover the target area completely and thus has
more working rounds than OGDC. However, the problem
of imbalanced energy depletion is not solved effectively in
PCP. Although literature [13] adopts a nonuniform node dis-
tribution, the energy imbalance still exists because of con-
stant data acquisition, which inevitably leads inner sensors
consume more energy than outer sensors. As the pixel-based
transmission mechanism is imported in our scheme, the to-
tal transmitted messages in each round are much smaller.
Our algorithm can achieve the energy balance by selecting
suitable nodes to work and thus has a much longer network
lifetime.

Figure 9 shows the comparison of the energy unused
ratio with different deployed nodes, which refers to the ratio
of the residual energy to the total energy at the end of the
network lifetime. With the increase of deployed nodes in the
network, the energy unused ratio shows a downward ten-
dency using our algorithm. This is because that the energy
consumption of each node selected by our algorithm in each
working cycle is almost equal. The energy unused is mainly
caused by the initially uneven distribution of nodes. The
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Figure 8: The number of nodes deployed versus working cycles.
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Figure 9: Comparison of energy unused ratio with different de-
ployed nodes.

more nodes deployed, the more chance can be got for the
survival nodes connecting to the sink and thus reduce the
energy unused ratio. Since OGDC and PCP adopt a uniform
node selection strategy and do not consider the phenomenon
of energy imbalance consumption, both of them have a large
energy unused ratio. Actually, as the nonuniform distribu-
tion strategy does not take the pixel-based data transmission
mechanism, the energy imbalance cannot be avoided. Com-
pared with the above methods, our density control algorithm
based on energy balance has the higher-energy efficiency,
which verifies the effectiveness of the algorithm.

6. Conclusion

In this paper, we have investigated the density control prob-
lem to select the energy-balanced working nodes for sensor
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networks. We analyze energy attenuation in nonuniform
distribution strategy theoretically and prove that when the
pixel-based transmission mechanism is adopted, a full energy
balance can be achieved through the rational node distribu-
tion density. Contributively, a distributed nonuniform den-
sity control algorithm with the concept of equivalent sensing
radius is proposed. Simulation results show that our algo-
rithm has a better performance than the existing algorithms
and can prolong the network lifetime effectively.

In the future, as our work requires that each node knows
its relative locations, we plan to investigate more deeply the
impact of location on the performance of the proposed ap-
proach. We also intend to extend EBDC to the probabilistic
sensing models and investigate some potential applications
of EBDC such as topology control, distributed storage, and
network health monitoring.
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A major application of a distributed WSN (wireless sensor network) is to monitor a specific area for detecting some events such
as disasters and enemies. In order to achieve this objective, each sensor in the network is required to collect local observations
which are probably corrupted by noise, make a local decision regarding the presence or absence of an event, and then send its local
decision to a fusion center. After that, the fusion center makes the final decision depending on these local decisions and a decision
fusion rule, so an efficient decision fusion rule is extremely critical. It is obvious that the decision-making capability of each node
is different owing to the dissimilar signal noise ratios and some other factors, so it is easy to understand that a specific sensor
contribution to the global decision should be constrained by this sensor decision-making capability, and, based on this idea, we
establish a novel linear decision fusion model for WSNs. Moreover, the constrained particle swarm optimization (constrained PSO)
algorithm is creatively employed to control the parameters of this model in this paper and we also apply the typical penalty function
to solve the constrained PSO problem. The emulation results indicate that our design is capable of achieving very high accuracy.

1. Introduction

Owing to the low cost and ease of operation, wireless sensor
networks are ideal for a wide variety of applications such as
environmental monitoring, smart factory instrumentation,
intelligent transportation, and remote surveillance [1–3].
When a WSN is used to monitor an area, each sensor node
in the network should collect local observations and send
a summary (compressed or partially processed data) to the
fusion center. Then the fusion center uses these summaries
and a specific decision fusion rule to make the final global
decision, as shown in Figure 1.

Actually, WSN issues such as node deployment, local-
ization, energy-aware clustering, and data aggregation are
always considered as optimization problems. An optimiza-
tion method that requires moderate memory and computa-
tional resources and yet produces good results is desirable,
especially for implementation on an individual sensor node.
Bio-inspired optimization methods are computationally
efficient alternatives to analytical methods. Particle swarm

optimization (PSO) [4] is a popular multidimensional opti-
mization technique. Ease of implementation, high quality
of solutions, computational efficiency, and speed of conver-
gence are the advantages of the PSO. In literatures [5–9],
PSO is used to discover the optimal WSN deployment. Static
deployment is a one-time process in which solution quality is
more important than fast convergence. PSO suits centralized
deployment. Fast PSO variants are necessarily of dynamic
deployment, so PSO limits network scalability. Literatures
[10–14] apply PSO for WSN localization. Owing to energy
issues, the distributed localization is desirable. Though PSO
is appropriate for distributed localization, the choice is influ-
enced by availability of memory on the nodes. Besides, PSO is
also used for energy-aware clustering in literatures [15–17],
where clustering is a centralized optimization carried out in a
resource-rich base station and optimal clustering has a strong
influence on the performance of WSNs. Recently, some
researchers have begun to use PSO for WSN data aggrega-
tion. As discussed in literature [18], PSO has provided opti-
mization in several aspects of data aggregation as follows.
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(a) In [19], Wimalajeewa and Jayaweera address the
problem of optimal power allocation through con-
strained PSO. Their algorithm PSO-Opt-Alloc uses
PSO to determine optimal-power allocation in the
cases of both independent and correlated observa-
tions. The objective is to minimize the energy expen-
diture while keeping the fusion-error probability
under a required threshold.

(b) In [20], Veeramachaneni and Osadciw present a
hybrid of ant-based control and PSO (ABC-PSO) for
hierarchy and threshold management for decentral-
ized serial sensor networks. PSO is used to determine
the optimal thresholds and fusion rules for the
sensors while the ant colony optimization algorithm
determines the hierarchy of sensor decision commu-
nication.

(c) In [21], Veeramachaneni and Osadciw present a
binary multiobjective PSO BMPSO for optimal con-
figuration for multiple sensor networks. PSO is mod-
ified to optimize two objectives: accuracy and time.
The output of the algorithm is the choice of sensors,
individual sensor threshold, and the optimal decision
fusion rule.

As mentioned above, data fusion is a distributed repet-
itive process which is moderately suitable for PSO. Effec-
tive data fusion influences overall WSN performance and
demands quick-convergence optimization techniques that
assure high-quality solutions. Therefore, it is reasonable for
us to choose PSO to control the parameters of our fusion
rule.

In this paper, we design a linear decision fusion rule. In
this rule, a linear equation is used to compute the integrated
contribution of all the local decisions, and this equation is
made up with local decision weight ki and all local decisions.
Local decision weight ki can reflect a sensor decision-making
capability, and the result of this equation is the summation
of all the local sensor contributions. By comparing the result
of the linear equation with a threshold λg, the final decision
can be made in the fusion center. In order to get the smallest
error probability, constrained PSO is employed to find out
the optimal local decision weight ki and the threshold λg.

The rest of the paper is organized as follows. Section 2
discusses the constrained-PSO algorithm briefly. Section 3
describes our linear decision fusion rule in detail. The per-
formance of our fusion rule is evaluated in Section 4, and
Section 5 concludes this paper.

2. Brief Introduction of Constrained
PSO Algorithm

The particle swarm optimization (PSO) algorithm is
a population-based evolutionary computation originally
developed by Kennedy and Eberhart [4]. This algorithm does
very well in searching throughout a highly multiple modal
search space resulting in an optimized solution to an n-
dimensional problem. PSO, originally introduced in terms
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Fusion center Final decision
Local

decision

Internet
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Manager

Figure 1: A typical structure of a decentralized decision fusion
system.

of social and cognitive behavior, is widely used as a bottom-
up problem solving method in engineering and computer
science.

In the basic PSO algorithm, a swarm consists of m
particles flying around in an n-dimensional search space.
The position of the ith particle at the tth iterations is used
to evaluate the particle and represent the candidate solution
for the optimization problem. It can be presented as Xt

i =
[xti1, xti2, . . . , xtin], where xti j is the position value of the ith par-
ticle with respect to the jth dimension ( j = 1, 2, . . . ,n). Dur-
ing the searching process, the position of a particle is affected
by two factors: the best position visited by itself (pbest)
denoted as Pt

i = [pti1, pti2, . . . , ptin] and the best position of the
swarm found so far (gbest) denoted as Gt = [gt1, gt2, . . . , gtn].
The new velocity (denoted as Vt

i = [vti1, vti2, . . . , vtin]) and the
position of particle i at the next iteration are calculated as

vt+1
i j = w · vti j + c1r1 ·

(
pti j − xti j

)
+ c2r2 ·

(
gti j − xti j

)
,

xt+1
i j = xti j + vt+1

i j ,
(1)

where w is called the inertia parameter, c1 and c2 are, respec-
tively, cognitive and social learning parameters, and r1, r2 are
random numbers between (0,1). Relying on expressions (1),
the particles can fly throughout search space toward pbest

and gbest in a navigated way while still exploring new areas
by the stochastic mechanism to escape from local optimal.
The process for a particle to update its location is as shown
in Figure 2.

Further, a constrained PSO problem can be described as
follows:

min
x

f (x) (x ∈ Rn),

gj(x) ≥ 0
(
j = 1, 2, . . . , q

)
,

hp(x) = 0
(
p = 1, 2, . . . ,m

)
,

(2)

where f (x) is the objective function, gj(x) ≥ 0 is the jth non-
linear constraint, and hp(x) = 0 is the pth linear constraint.
In this paper, we just discuss the situation with the linear con-
straint. The most common approach for solving constrained
PSO problems is to take advantage of a penalty function.
The constrained problem can be transformed into an uncon-
strained one by penalizing the constraints and building a
single objective function, which in turn is minimized by
using an unconstrained optimization algorithm [22–24].
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Figure 2: The process of updating location for each iteration in
PSO.

Generally, penalty function can be classified into two
main classes: stationary and nonstationary. Stationary penal-
ty functions use fixed penalty values throughout the mini-
mization, while in contrast, in nonstationary penalty func-
tions, the penalty values are dynamically modified. In this
paper, we just use the stationary penalty function as expres-
sion (3), which is generally defined as [25]

F(x) = f (x) + MH(x), x ∈ Rn, (3)

where f (x) is the original objective function of the con-
strained PSO problem, M is a fixed penalty value, and H(x)
is a penalty factor. In this way, the constrained problem
becomes unconstrained and then we can use the basic PSO
to find out the smallest F(x).

Depending on the knowledge about the constrained PSO,
we would employ it to find out the optimal solution for the
parameters of our decision fusion rule. In the next section,
we would like to discuss this issue in detail.

3. The Linear Decision Fusion Rule

In this section, we plan to discuss this topic in three parts.
In Section 3.1, we formulate the decision fusion problem
regarding a binary hypothesis situation and the expressions
of some crucial parameters are discussed, including the local
error probabilities αi, βi, and threshold λi. In Section 3.2,
our linear decision fusion rule is introduced and, with the
expressions given by Section 3.1, the expressions of global
error probabilities αg , βg , and total error probability R can
be figured out. From Section 3.2, it can be seen that the total
error probability R mainly depends on weights k1, k2, . . . , kn
and λg , so we would like to discuss how to use PSO to
optimize the parameters (k1, k2, . . . , kn, λg) for our fusion
rule in Section 3.3.

3.1. Decision Fusion Problem Formulation. We consider a
binary hypothesis testing problem in an n-node distributed

wireless network. The ith sensor observation under the two
hypotheses is given by

H0 : zi = vi, ui = 0, i = 1, 2, . . . ,n

H1 : zi = xi + vi, ui = 1, i = 1, 2, . . . ,n,
(4)

where vi is zero-mean Gaussian observation noise with
variance σ2

i , xi is the signal to be detected, and ui is the
decision to be made. In this paper, we consider the detection
of a constant signal (e.g., xi = m). As a brief review, the
problem of radar detection can be formulated as a hypothesis
testing problem where the two hypotheses are

ui =
⎧⎨
⎩

0, the enemy does not exist in the network,

1, the enemy exists in the network.
(5)

The conditional probability density functions are p(zi | H1)
and p(zi | H0), so the decision could be made based on the
following likelihood ratio test:

ui =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1, when
p(zi | H1)
p(zi | H0)

> l0,

0, when
p(zi | H1)
p(zi | H0)

< l0,

(6)

where l0 is a threshold computed according to the Bayesian
framework as follows:

l0 = (C10 − C00)q
(C01 − C11)p

. (7)

Cij is the error cost (C10: we consider there is no enemy but
actually the enemy exists in the network; C01: we consider the
enemy exists but actually there is no enemy in the network;
C00 and C11 are the costs when we judge the existence of
the enemy rightly), and the prior probabilities of the two
hypotheses H1 and H0 are denoted by P(H1) = p and
P(H0) = q, respectively. In real applications, the value of C10

and C01 depends on what kinds of error would cause more
serious effect. Taking the radar detection mentioned above as
an example, in the real world the error that the radar misses
an enemy is much more serious than the error that the radar
considers something else as an enemy, so in this example
C10 > C01. In this paper, we set C10 = 0.8, C01 = 0.2, and
C00 = C11 = 0, so expression (7) becomes

l0 = C10q

C01p
. (8)

The values of prior probabilities p and q depend on prior
experiences, so we assume that they can be known before
applying this decision fusion rule. Let us consider the
detection of a constant signal xi = m, and the noise vi
mentioned above is zero-mean Gaussian observation noise
with variance σ2

i , so, for all i, the ith sensor observation obeys
Gaussian distribution as

H0 : zi ∼ N
(
0, σ2

i

)
, i = 1, 2, . . . ,n,

H1 : zi ∼ N
(
m, σ2

i

)
, i = 1, 2, . . . ,n.

(9)
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Consequently, the conditional probability density functions
p(zi | H1) and p(zi | H0) can be calculated as

p(zi | H1) = 1√
2πσi

exp

[
− (x −m)2

2σ2
i

]
,

p(zi | H0) = 1√
2πσi

exp

[
− x2

2σ2
i

]
,

(10)

and then, with (6) and (10), the decision rule of the ith sensor
can be formulated as

ui =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1, when xi >
m

2
+ σ2

i ln
C10q

C01p
,

0, when xi >
m

2
+ σ2

i ln
C10q

C01p
.

(11)

According to (11), the threshold of the ith sensor is

λi = m

2
+ σ2

i ln
C10q

C01p
. (12)

From (12), we can see that the threshold of each sensor is
different owing to the different σi which represents the noise
character of a sensor. Accordingly, taking advantage of (10),
(12), and (13), the local error probabilities αi and βi can be
obtained as follows:

αi = P(ui = 1 | H0) =
∫∞
λi

p(zi | H0)dzi,

βi = P(ui = 0 | H1) =
∫ λi

0
p(zi | H1)dzi.

(13)

3.2. Our Linear Decision Fusion Rule. In this paper, we design
a novel decision fusion model and in this model, a linear
equation is used to denote the integrated contribution of all
the local decisions as

zg =
n∑

i=1

kiui, (14)

where ui is the local decision of the ith sensor and ki is
the corresponding weight which is able to indicate the ith
sensor decision-making capability. In order to understand
this model better, we take a group of workers who are work-
ing together to check an event for example. Firstly, all the
workers are required to try their best to draw a conclusion
for this event, and then they send their decision to their
leader. The leader makes a final decision depending on all
the conclusions given by the workers. During this decision-
making process, the decisions made by the more capable
workers would be paid more attention by the leader. In this
example, the workers correspond to the sensors in the mobile
sensor networks, the leader corresponds to the fusion center,
and the ability of the workers corresponds to the weight
ki. When a sensor decision-making capability is better, its
weight could be greater. In other words, if a sensor can make a
decision more accurately, its contribution to zg is considered
to be bigger, so it is reasonable to use zg =

∑n
i=1kiui to denote

the integrated contribution of local decisions in the fusion
center. Then, zg would be compared with a threshold λg , and
the final decision can be made according to the following
inequality expression:

ug =
⎧⎨
⎩

1, when zg > λg ,

0, when zg < λg .
(15)

Suppose all the local decisions are independent of each other;
then we can get (P(u1u2 · · ·un | H0) = ∏n

i=1P(ui | H0)
and (P(u1u2 · · ·un | H1) = ∏n

i=1P(ui | H1). Besides, the
error probabilities αg and βg take all the combinations of the
local decisions (i.e., u1u2 · · ·un = 00 · · · 0 ∼ 11 · · · 1) into
account. Therefore, the two kinds of errors that the fusion
center may make can be formulated as follows:

αg =
11···1∑

u1u2···un=00···0
Pu1u2···un

(
ug = 1 | H0

)

=
11···1∑

u1u2···un=00···0
Pu1u2···un

⎛
⎝

n∑

i=1

kiui > λg | H0

⎞
⎠

=
11···1∑

u1u2···un=00···0

⎛
⎝P(u1u2 · · ·un | H0)

×P
⎛
⎝

n∑

i=1

kiui > λg

⎞
⎠
⎞
⎠

=
11···1∑

u1u2···un=00···0

⎛
⎝

n∏

i=1

P(ui | H0)× P

⎛
⎝

n∑

i=1

kiui > λg

⎞
⎠
⎞
⎠,

βg =
11···1∑

u1u2···un=00···0
Pu1u2···un

(
ug = 0 | H1

)

=
11···1∑

u1u2···un=00···0
Pu1u2···un

⎛
⎝

n∑

i=1

kiui < λg | H1

⎞
⎠

=
11···1∑

u1u2···un=00···0

⎛
⎝P(u1u2 · · ·un | H1)

×P
⎛
⎝

n∑

i=1

kiui < λg

⎞
⎠
⎞
⎠

=
11···1∑

u1u2···un=00···0

⎛
⎝

n∏

i=1

P(ui | H1)× P

⎛
⎝

n∑

i=1

kiui < λg

⎞
⎠
⎞
⎠,

(16)

where

P(ui = 0 | H0) = q − αi,

P(ui = 1 | H0) = αi,

P(ui = 0 | H1) = βi,

P(ui = 1 | H1) = p − βi.

(17)
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According to (13), (16), and (17), the total error cost can be
calculated as

R = C10q

C01p
αg + βg . (18)

In order to understand this model better, we take the sit-
uation n = 2 for example. Suppose there are only two
sensors in the network and their local decisions are u1 and
u2, respectively. Then according to the linear decision fusion
model, the integrated contribution of the two local decisions
can be figured out as zg = k1u1 + k2u2.

It is obvious that there are four combinations of u1, u2,
and zg , as shown in Table 1.

Then referring to expression (16), we can have

αg = P
(
ug = 1 | H0

)

= P(u1 = 0 | H0)P(u2 = 0 | H0)P
(

0 > λg
)

+ P(u1 = 1 | H0)P(u2 = 0 | H0)P
(
k1 > λg

)

+ P(u1 = 0 | H0)P(u2 = 1 | H0)P
(
k2 > λg

)

+ P(u1 = 1 | H0)P(u2 = 1 | H0)P
(
k1 + k2 > λg

)
,

P(u1 = 0 | H0) = q − α1,

P(u1 = 1 | H0) = α1,

P(u2 = 0 | H0) = q − α2,

P(u2 = 1 | H0) = α2,

βg = P
(
ug = 0 | H1

)

= P(u1 = 0 | H1)P(u2 = 0 | H1)P
(

0 < λg
)

+ P(u1 = 1 | H1)P(u2 = 0 | H1)P
(
k1 < λg

)

+ P(u1 = 0 | H1)P(u2 = 1 | H1)P
(
k2 < λg

)

+ P(u1 = 1 | H1)P(u2 = 1 | H1)P
(
k1 + k2 < λg

)
,

P(u1 = 0 | H1) = β1,

P(u1 = 1 | H1) = p − β1,

P(u2 = 0 | H1) = β2,

P(u2 = 1 | H1) = p − β2,

(19)

and then we can achieve

R = C10q

C01p
αg + βg . (20)

Here, it can be seen that the value of the total error prob-
ability R depends upon k1, k2, and λg , so if the optimal k1,
k2, and λg can be found, the smallest error probability R can
be achieved. In the following content, let us discuss how to
get the optimal weights ki and threshold λg with the help of
constrained PSO.

Table 1: The combinations of u1, u2, and zg .

u2 u1 zg

0 0 0

0 1 k1

1 0 k2

1 1 k1 + k2

Table 2: PSO terminology and corresponding parameters of linear
decision fusion rule.

PSO
terminology

Linear decision fusion rule

Location (k1, k2, . . . , kn, λg)

Fitness R′ = (C10q/C01p)αg+βg+M(
∑n

i=1ki−1)2 (ki ≥ 0)

pbest
The location in parameter space of the smallest
R′ returned for a specific particle

gbest
The location in parameter space of the smallest
R′ returned in the entire swarm

Vmax
The maximum allowed velocity range in a given
direction [0, 1]

Xmax
The maximum allowed range in a given direction
[0, 1]

3.3. Using Constrained PSO to Control the Linear Decision
Fusion Rule. It is obvious that if all the local decisions are
H1(ui = 1, i = 1, 2, . . . ,n), the final decision must be H1(zg =
1), so we can consider that

∑n
i=1ki = 1 (ki ≥ 0), and then, it

becomes a constrained PSO problem which can be denoted
as follows:

R = C10q

C01p
αg + βg ,

n∑

i=1

ki = 1 (ki ≥ 0).

(21)

Here, R = (C10q/C01p)αg +βg is the initial objective function
and

∑n
i=1ki = 1 (ki ≥ 0) is the linear constraint. The penalty

function approach is used to solve this problem. According
to formulation (3) the penalty function can be established as

R′ = C10q

C01p
αg + βg + M

⎛
⎝

n∑

i=1

ki − 1

⎞
⎠

2

, (22)

where M is the fixed penalty value and (
∑n

i=1ki − 1)2 is the
penalty factor. Then we should try to find out the smallest R′

taking advantage of the basic PSO.
Basing on the analysis above, we can map from the basic

PSO to the linear decision fusion rule, as shown in Table 2.
After that, the PSO is carried out as follows.

(1) Firstly, the locations of all the particles are initialized
and the current location is considered as pbest.

(2) Secondly, the velocity and the location of each node
are updated in accordance with expressions (1) and
(3).
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Table 3: The simulation results with different inertia parameter w when the sensor number is 10.

Inputs (c1 = c2 = 2) Outputs

Inertia parameter w Total error probability R
Time consumed for

convergence (iterations)

w = 0.5 0.00181079 447

w = wmax − ((wmax −wmin)/Tmax)× t = 0.9− (0.5/1500)× t 0.00120768 123

Table 4: The simulation results with different learning parameters c1 and c2 when the sensor number is 10.

Inputs (w = wmax − ((wmax −wmin)/Tmax)× t) Outputs

c1 and c2 Total error probability R The number of iteration

c1 = c2 = 2 0.00120768 123

c1 = 0, c2 = 2 0.00274277 150

c1 = 2, c2 = 0 0.00121506 Cannot converge

Table 5: The inputs and outputs of the simulation.

Inputs (mean = 0, M = 10, P = 0.8, q = 0.2) Outputs

n Differences (k1, k2, . . . , kn) λg R = R′ −M(
∑n

i=1ki −m)2ki

5
(43.86, 52.63, 26.2, 39.39,

80.08)
(0.102567, 0.463625, 0.0806701,

0.019778, 0.333359)
0.704058 0.0342967

10
(43.86, 52.63, 26.2, 39.39,
80.08, 47.16, 45.09, 34.65,

67.89, 54.78)

(0.191843, 0.253623, 0.0650721,
0.00822591, 0, 0.158283,

0.0213777, 0.251185,
0.00907494, 0.0413086)

0.745094 0.00116502

15

(43.86, 52.63, 26.2, 39.39,
80.08, 47.16, 45.09, 34.65,
67.89, 54.78, 34.76, 56.34,

27.89, 47.89, 38.97)

(0.0244901, 0.157784, 0.368528,
0.10523, 0.0614695, 0.0173535,

0.0114619, 0, 0.00495967,
0.048092, 0.00231704, 0,

0.0210975, 0.127067, 0.0500054)

0.334601 0.0000403

(3) Thirdly, the new fitness is computed and the new pbest

and gbest are generated.

(4) Finally, if the number of iterations increases to Tmax,
then stop; otherwise, proceed back to step two. In
this way, the optimal (k1, k2, . . . , kn, λg) is discovered
and gbest is the smallest R′. Therefore, the smallest
total error probability can be computed as R = R′ −
M(
∑n

i=1ki − 1)2.

4. Performance Evaluation

In this section, we would like to demonstrate the perfor-
mance of our decision fusion rule. On the platform Matlab,
the basic PSO algorithm is realized and the objective function
is set as R′ = (C10q/C01p)αg + βg + M(

∑n
i=1ki − 1)2. In order

to obtain the smallest R′, a swarm consists of 25 particles
flying around in an (n + 1)-dimensional search space, where
n is the number of network sensors. In the end of searching
process, the gbest should be the smallest R′, and then, with
R′, the smallest error probability R for our fusion rule can be
obtained. Consequently, the corresponding ki and λg are the
optimal parameters of the fusion rule.

Firstly, whether the parameters of PSO can affect the
performance of our decision fusion rule is demonstrated in

Section 4.1. Then, in Section 4.2, let us show that what would
happen to our experimental results as the number of sensors
increases.

4.1. Choosing PSO Parameters w, c1, and c2. It can be seen
from expression (1) that the optimal performance of PSO
depends on the values of parameters w, c1, and c2. The inertia
parameter w controls the momentum of each particle. A
larger w can increase the global exploration ability while a
smaller w tends to improve the local exploration ability of
particles. The cognitive learning parameter c1 limits the con-
tribution of a specific particle pbest while the social learning
parameter c2 limits the contribution of the entire swarm gbest.

At first, let us discuss the performance of our fusion rule
when inertia parameter w is fixed or changes along with time.
In the first case, we set w = 0.5 while, in the second case, we
set w = wmax−((wmax−wmin)/Tmax)×t, where t and Tmax are,
respectively, the current and maximum number of iterations
and wmax and wmin are, respectively, the upper and lower
bounds of w. In this paper, we set wmax = 0.9, wmin = 0.4,
and Tmax = 1500. The inputs and outputs of this simulation
are as shown in Table 3.

From Table 3 and Figure 3, we can see that when the
inertia parameter w changes along with time, the total error
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Figure 3: The simulation results with time-variable and fixed inertia parameter w.

probability R is lower and the time consumed for conver-
gence is shorter than those when w is fixed. The reason is that
if we choose the time-variable inertia parameter, particles can
have good global exploration ability at the beginning phase
of the searching process and good local exploration ability
as the current number of iterations increases. Thereby, we
decide to choose the time-variable inertia parameter w.

After that, let us discuss the learning parameters c1 and c2.
If c1 = 0 or c2 = 0, it means that we do not take the cognitive

learning process or the society learning process into account.
Under this situation, the simulation results are as shown in
Table 4.

From Table 4 and Figure 4, it can be seen that when the
cognitive learning parameter c1 is not taken into account,
PSO still can get converged, but the total error probability R
becomes larger and time consumed for convergence is longer
comparing with the situation when c1 /= 0. When we do not
consider the society learning parameter c2, PSO cannot get
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Figure 4: The experimental results with different learning parameters.

converged at all. The reason is that each particle only has the
knowledge about itself, so the swarm can never evolve to the
same direction.

In sum, from the analysis above, we can see that the
time-variable inertia parameter w is better than the fixed
one and the situation that both learning parameters c1 and
c2 are taken into account is better than the situation when
c1 = 0 or c2 = 0. Therefore, in the following simulation, the
parameters are set as

w = wmax − wmax −wmin

Tmax
× t,

c1 = c2 = 2.

(23)

4.2. The Performance of Linear Fusion Rule with Different
Sensor Numbers. Here, the number of sensors in the network
is set as n = 5, n = 10 and n = 15, respectively. According
to the experimental results, it can be seen that our decision
fusion rule can indeed get very high accuracy. The inputs

and outputs of our simulation are as shown in Table 5 and
Figure 5.

When n = 5, the decision fusion rule becomes

ug =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

1, when 0.102567u1 +0.463625u2 +0.0806701u3

+0.019778u4 + 0.333359u5 > 0.704058,

0, when 0.102567u1 +0.463625u2 +0.0806701u3

+0.019778u4 + 0.333359u5 < 0.704058,
(24)

and, with these parameters, we can get the total error
probability R = 0.0342967 which is very small. After about
more than 50 iterations, the PSO has already got converged,
so the time consumed is very short.

Similarly, from Table 5 and Figure 5(b), when n = 10,
we can see that the total error probability becomes R =
0.00116502 and after about 120 iterations the PSO gets
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Figure 5: The experimental results under different sensor numbers n.
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converged. When n = 15, R = 0.0000403 which is close to
zero and after 150 iterations the PSO gets converged.

As shown in Figure 6, along with the increase of n, the
error cost becomes smaller and smaller. This phenomenon
is easy to understand because the decision result is more
precise when there are more sensors working in the network.
However, as n increases, the time consumed for PSO to
find the optimized parameters becomes longer, so when this
fusion rule is used we should better get a balance between
accuracy and time.

In brief, this simulation indicates that our linear fusion
rule is capable of getting really small total error probability
under the control of the constrained PSO, also showing that
PSO does very well for the parameter optimization of the
linear decision fusion rule.

5. Conclusion

In this paper, we present a linear decision fusion model
and propose a way of controlling the parameters of the
model taking the advantage of the constrained PSO. In
the model, the integrated contribution of local decisions is
computed with a linear equation which is made up with local
decision weights and local decisions, and then the integrated
contribution is compared with a threshold in the fusion
center. After that, according to the comparison results, the
final decision can be made. Furthermore, the constrained
PSO is creatively employed to discover the weights and
the threshold. The simulation results show that our linear
decision rule and the way of parameter optimization are
efficient to get very high accuracy.
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A wireless sensor network is composed of large number of sensor nodes and they are densely deployed in the field to monitor the
environment, collect the data and route it to a sink. The main constraint is that the nodes in such a network have a battery of
limited stored energy the network lifetime gets reduced. There are various topology management schemes such as SPAN, STEM,
GAF, BEES and so forth, for improving network parameters such as capacity, lifetime, coverage and latency. These schemes do
not improve all the mentioned network parameters. Sustainable Physical Activity in Neighbourhood (SPAN) scheme, preserves
network capacity, decreases latency but provides less energy savings. Sparse Topology and Energy Management (STEM) scheme
does not preserve capacity resulting in great energy savings and high latency. In the proposed scheme, new coordinator rule is
implemented in SPAN, and then integrated with STEM. It is observed that the energy conserved increases by about 3.18% to
4.17% without sacrificing network capacity. Due to definite path in the proposed scheme the latency is reduced by almost half the
latency of STEM scheme.

1. Introduction

Sensor nodes consist of a processing unit, transceiver unit,
sensing unit, and power unit. A wireless sensor network [1, 2]
consists of large number of sensor nodes densely deployed
in the field. These nodes will monitor the environment and
detect if any event occurs and sends the corresponding
information to the sink. In sensor networks, the nodes
operate with battery of limited energy storage capacity.
The transceiver unit consumes more power compared to
other units and the sensor nodes can be used efficiently
by putting their transceiver units in an off state. Various
topology management schemes have already been proposed
[3–5] to use the transceiver effectively and improve the
network parameters such as lifetime at the cost of latency
and capacity. Sustainable physical activity in neighbourhood
(SPAN) [6] is a topology scheme in which a few nodes will be
in active state called coordinator and form a backbone path,
lowering the latency in SPAN. The drawback of SPAN is that

it has less system lifetime compared to sparse topology and
energy management (STEM). STEM [7], is another topology
scheme in which each and every node will have two radios, a
data plane radio, and a wake-up plane radio. Usually, the data
plane radio will be in off state, and if any event occurs, the
wake-up plane radio will send wake-up message and activate
the data plane radio of another node. The main advantage of
STEM is that it has longer system lifetime. The drawback of
STEM is high latency and less capacity. In this paper, 80, 90,
100, 110, 120 nodes are deployed in various field sizes such
as 60 m∗ 60 m, 85 m∗ 85 m, 105 m∗ 105 m (15 scenarios),
and the interaction of STEM and SPAN is analysed in all
these scenarios.

Wireless sensor networks (WSNs) have wide applications
[8, 9] such as health, military, and environment monitoring
for detecting any hazards. This growth has led to widespread
popularity in wireless communication, and hence numerous
research works are being carried out in this field. In large-
scale wireless sensor networks or in hazardous applications,
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it is impossible to either recharge or replace the batteries.
Hence energy has to be used efficiently in order to improve
the lifetime of the network. This motivated us to propose a
scheme to improve the important network parameters.

The rest of the paper is organised as follows. Different
topology management schemes are discussed in Section 2.
Section 3 deals with the proposed scheme; in Section 4, the
performance analysis are discussed. Section 5 concludes the
paper.

2. Related Work

The main aim of topology schemes [3, 10–12] in wireless
sensor network is to reduce the energy consumption and
maintain connectivity to efficiently forward data to sink.
In STEM, [7, 13, 14] the wake-up radio is periodically on
for monitoring the environment. Typically, the data radio
in the next hop between a node and the sink will be in
the off state. To overcome this problem, each node will
periodically turn on their radio for a short time to check if
any other nodes want to communicate with it. In principle,
the communication capacity could be reduced to virtually
zero, by turning off the radios of all nodes (i.e., putting them
in the sleep mode). When a possible event is detected, the
main processor is woken up to analyze the data in detail.
The radio, which is normally turned off, is woken up if the
processor decides that the data needs to be forwarded to sink.
Now, the problem is the radio of the next hop to the data
sink is still turned off, if it did not detect that same event.
As a solution, each node periodically turns on its radio for a
short time to listen if someone wants to communicate with it
[7, 15].

In most of the applications, nodes are in the idle state and
waiting for the event to happen. STEM reduces the energy
consumption of the sensor node by switching its radio off
when it is idle. STEM with wake-up interval of 600 ms, which
reduces the energy consumption of the node by a factor of
about 2.5. STEM conserves energy at the expense of network
capacity and higher latency.

In sustainable physical activity in neighbourhood scheme
(SPAN) [6], only few nodes will be elected as coordinators. If
two neighbours of a node cannot reach each other directly,
then that node becomes a coordinator. The coordinators
are selected based on this coordinator-election rule such
that equal chance is given for all the nodes to become
coordinators. The coordinators will form a definite backbone
path in the network through which data is forwarded from
source to sink. Since there is a definite backbone path, the
latency is less. SPAN preserves network capacity.

In geographic adaptive fidelity scheme (GAF) [16, 17],
the network is divided into several grids, and in each and
every grid, only one node will remain in “on” state. Thus,
if there are “n” grids in the network, then there will be
only “n” nodes in “on” state in the network. Here energy is
conserved. The main drawback of GAF is that it typically uses
GPS to determine node location. In many settings such as
indoors or under trees, where GPS does not work properly,
location information is not available. The dependency on
global location information thus limits GAFs usefulness, and

also GPS is used for location information that is relatively
costly. GAF sizes its grid based on radio range R. In order
to reach the nodes in the neighbouring grid, the size of the
square grid is fixed as r ≤ (R/

√
5). With this definition nodes

in a grid can reach all the nodes in the horizontally and
vertically neighbouring grids. As a result, few nodes in the
corner of the diagonal grid is not reachable.

In the adaptive self-configuring sensor network topology
scheme (ASCENT) [18], nodes will be in active, passive,
test and sleep states. Active nodes participate in the data
transmission. The nodes in test and passive state are checked
continuously to become active for successful transmission of
data packets. The node that detects the loss of packets sends
help message to neighbouring nodes to join the network. The
nodes in passive state receive these messages and check to
become active node if needed. Hence data loss is reduced and
successful transmission takes place.

In enhanced SPAN (E-SPAN) [19], directional antennas
are used. In this method, data is sent in directional mode and
“hello” message is sent in omni mode. The receiver was in
omni-directional mode, and transmitter was either in omni
or directional mode. Here only one antenna can be enabled
at a time. Reduction in energy should be of the order of 2.7
times of the energy gain at the best case. Hence E-SPAN is
more efficient than SPAN.

2.1. System Model. The following assumptions and notations
are used in the proposed model shown in Figure 1.

Assumptions made:

(i) both uniform and random deployments of nodes;

(ii) fixed transmission radius;

(iii) sensing range is less than transmission range;

(iv) dual radio;

(v) homogeneous network;

(vi) boundary effects are negligible.

2.2. Problem Description. Wireless sensor nodes have a
battery of limited energy, and therefore the network lifetime
depends on how wisely the energy is used. In critical
applications such as chemical plants, forest fires, and nuclear
reactors, it is often not possible to replace or recharge the
battery. Our objective was to improve lifetime and reduce
the latency without scarifying the capacity. We achieve this
by integrating the definite backbone of SPAN and dual radio
approach of STEM to develop the network architecture with
low power consumption and low latency.

3. Proposed Scheme

In the proposed technique, two different topology manage-
ment schemes, namely, sparse topology and energy man-
agement (STEM) scheme and sustainable physical activity
in neighbourhood (SPAN) scheme are integrated. Each and
every node has two radios, namely, data plane and wake
up plane. The coordinators are elected using the proposed
coordinator eligibility algorithm. The noncoordinator nodes
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will be put in sleep state and coordinator nodes will be turned
on. These coordinators will form a definite backbone path
through which data is forwarded to sink. When the sensor
node detects an event, it will wake up its radio when it is
needed to transmit data to the sink. Here the problem is that
the radio of the next hop in the path to the data sink is still
turned off. To overcome this problem, each node periodically
turns on its radio at same time as shown in Figure 7, to check
whether any of the other nodes wants to communicate with
it. The wake-up plane will wake up the data plane radio,
and thus a connection is established between two nodes and
thereby data is sent. A node, which wants to communicate
with other node, is initiator node and node, which is been
communicated, is target node. The proposed scheme has
been tested by deploying various numbers of node such
as 80, 90, 100, 110, 120 in different field sizes such as
60 m∗ 60 m, 85 m∗ 85 m, 105 m∗ 105 m, and performance
was analysed. Due to definite backbone path and dual radio,
latency is reduced and more energy is conserved, preserving
the capacity of the network. Capacity is the number of
packets the network can successfully deliver per unit time.
It is inversely proportional to the network’s packet loss rate.
The proposed hybrid scheme does not degrade the network
capacity as that of SPAN. Hence, the capacity is preserved.

3.1. Uniform Deployment of Nodes. Nodes are deployed uni-
formly as shown in Figure 2. This uniform deployment of
nodes will form segments of hexagon. Uniform deployment
of nodes is used for many static applications such as precision
agriculture, car parking, and chemical plants [20, 21]. Nodes
are deployed uniformly with distance between two nodes in
horizontal direction as “r” and the distance between two
nodes in vertical direction as “h.” Here radio range is “R” =
20 metres.

3.1.1. Derivation of Mathematical Model for Node Deploy-
ment. Let, L∗ L be the size of the field,

“N” be the total number of nodes,

“Nx” be the number of nodes in the horizontal
direction,

“Ny” be the number of nodes in the vertical direction,

“Dx,” and “Dy” be the distance between two nodes in
horizontal and vertical directions, respectively;

“r” be the side of the hexagon;

“h” be the half the height of the hexagon in the
vertical direction;

“R” be the radio range.

For uniform deployment, the distance between the nodes
in the horizontal direction (r) and the distance between the
nodes in the vertical direction (h) are predetermined and
deployed accordingly.

Sensing range (rs)

Radio range (R ≥ 2rs)
Noncoordinator node
Coordinator node

Sink node

Figure 1: Proposed system model.
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40 41 42 43 44 45 46 47 48 49

30 31 32 33 34 35 36 37 38 39

20 21 22 23 24 25 26 27 28 29

10 11 12 13 14 15 16 17 18 19

0 1 2 3 4 5 6 7 8 9

Figure 2: Uniform deployment of 100 nodes.

The relationship of the distance between the nodes in the
vertical direction “h” and horizontal direction “r” is given by

h2 =
[
r2 −

(
r

2

)2
]

,

h = r
√

3
2

,

(1)

to ensure the connectivity r ≤ R.
The product of nodes arranged in horizontal and vertical

directions gives the total number of nodes. So

NxNy = N , (2)

Dx = L

Nx − 1
, (3)

Dy = L

Ny − 1
. (4)
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Figure 3: Calculation of location of nodes in uniform deployment.
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Figure 4: Random deployment of nodes (random waypoint
model).

The distance between two nodes is arranged as shown in
Figure 3, that is,

Dx : Dy = 1 :

√
3

2
. (5)

By using (2) to (5), we get,

1.155N2
x − 0.155Nx −N = 0. (6)

By solving this we get the number of nodes in horizontal
direction and by substituting this in (2) the number of nodes
in vertical direction can be determined (see Algorithm 1).

3.2. Random Deployment of Nodes with Mobility. Here the
nodes are deployed randomly in the field as shown in
Figure 4 using random waypoint mobility model, which is
the most widely used model [22]. Sensor nodes move
randomly in the field and the destination, speed, and
direction are all chosen randomly.

3.3. Coordinator Eligibility Rule. For more details (see Algo-
rithms 2 and 3 or Figures 5 and 6).

3.4. Theoretical Analysis: Coordinator Calculation. In uni-
form deployment of nodes, the nodes will be at the vertex
of hexagon [23]. Each hexagon has six vertices. Each node
at the vertex is shared by three hexagons. Therefore, each
hexagon has two coordinators. In order to find the number
of coordinators, number of hexagons in the given area has to
be known, which is given by

Nh =
Af

Ah
. (7)

Let the number of coordinator be “C” and non-
coordinator be Nc:

C = 2

[
Af

Ah

]
,

C = 2

[
L2

6
(√

3/4
)
R2

]
.

(8)

Thus, the number of coordinators is calculated.
The total number of nodes (N) is

N = C + Nc. (9)

For N nodes, the coordinator node ratio is α and is given
by

α = C

N
. (10)

The noncoordinator node ratio is given by

β = 1− C

N
. (11)

Thus,

C = N
(
1− β

)
. (12)

Hence N(1 − β) nodes will be in on state and Nβ nodes
will be in off state. For a field size of L×L, the area is L2 (m2).

3.5. Theoretical Analysis: Latency Calculation. The initiator
node will first start to send beacons to target node, and
after receiving the beacons, the target node will respond
to it. Once both of the nodes turned their data radio on,
a link is established between them and data is transferred.
If the transferred data is not intended for this node, then
this becomes the initiator node and sends the packet to
the node in the next hop towards destination, and this
process is repeated. For simplicity, we did not use a location
service in our simulations. A node obtains the location of
the destination node from the general operations director
(GOD) module in NS2 [24]. The location is required once
per flow at the sender. Nevertheless, location services such
as grids location service (GLS) [25] can be used with the
hybrid scheme. To avoid the problem of interference between
the wake-up beacon and the data transmission, transceiver
uses dual radio and each radio operates at different frequency
bands.
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NoYes

NoYes

Start
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Figure 5: Flowchart for coordinator election.

The frequency band fw (wake-up plane radio) is used to
transmit the wake-up messages. Once the target node has
received a wake-up message, both the nodes will turn on its
radio operating at frequency band fd. The data packets are
transmitted in this frequency band, and they are called data
plane ( fd). The time taken for this process is set up latency.
The probability of the target node being turned on at the
same time as the initiator node during the time interval “T”
is given by

P(TS = BXY ) = TB − BX

T
. (13)

If the total time period (T) is greater than “ON” time
duration (Tb) of wake-up plane radio, then the average set
up Latency per hop is given by

TS = T + BXY

2
. (14)

If the total time period (T) is equal to “ON” time
duration (Tb) of wake-up plane radio, then the average set
up latency per hop is given by

Ts = Bxy. (15)

The total latency between source and sink is given by

Tl = Ts∗(C − 1) . (16)

4. Performance Evaluation

The proposed hybrid topology management scheme is
implemented and performance parameters like energy con-
servation, latency, and capacity are analysed and compared
with SPAN and STEM topology management schemes. It is
observed that the combined scheme has better performance
and overcomes the limitations of both STEM and SPAN.

4.1. Simulation Environment. In this work, network simu-
lator-2 (NS-2) tool is used, and both uniform and random
deployments of nodes are considered separately over the sen-
sor field. Here transmission range is fixed as R = 20 m, which
has the radio characteristics as shown in Table 1. The power
consumed by the node in transmit and receive mode is the
power required for transmission and reception, respectively.
Idle power is the power consumed when radio is on but no



6 International Journal of Distributed Sensor Networks

Given three nodes i, j, k
with j as the coordinator

If

Dik < R

Node j will withdraw from

coordinator after a delay If
Graceperiod >2 s

Node j will go to sleep state Node j continues as
coordinator

Yes No

Stop

Start

NoYes

Figure 6: Flowchart for coordinator withdrawal.

Step 1: Compute the number of nodes in x-direction by solving for Nx ,
1.55N2

x − 0.155Nx −N = 0
Step 2: Compute the number of nodes in y-direction,

Ny = N

Nx
Step 3: Compute the distance between two nodes in x and y-direction,

Dx = L

Nx − 1
, Dy = L

Ny − 1
Step 4: If (Dx > R) && (Dy > R) then communication capacity becomes zero.

else assign nodes as shown below.⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎛
⎝Dx

2
,0

⎞
⎠
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,2Dy

⎞
⎠

⎛
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⎞
⎠ ···

⎛
⎝
⎛
⎝Nx−

1
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⎞
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⎞
⎠

...
...
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...

...
(0,(Ny−1)Dy ) (Dx ,(Ny−1)Dy ) (2Dx ,(Ny−1)Dy ) ··· (NxDx ,(Ny−1)Dy )

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Algorithm 1: Node deployment algorithm.

data is transferred. Sleeping power corresponds to the power
consumed when the node is in sleep state.

In this simulation, traffic loads are generated by constant
bit rate (CBR) flows. Different number of nodes such as
80, 90, 100, 110, and 120 is deployed both uniformly and
randomly in 60 m∗ 60 m, 85∗ 85 m, 105 m∗ 105 m field
sizes separately. Here simulation time is set as 600 seconds.

4.2. Simulation Results. In uniform deployment of the nodes,
the location of the nodes is predetermined and deployed.

For random deployment of nodes, nodes are deployed
randomly, and random way point model is used as the
mobility model. The proposed scheme is implemented by
integrating STEM and SPAN topology management scheme,
and coordinators are elected using proposed coordinator eli-
gibility rule. The number of coordinators is observed in var-
ious field sizes (60 m∗ 60 m, 85 m∗ 85 m, 105 m∗ 105 m)
by deploying different number of nodes (80, 90, 100,
110, 120). Figure 8 shows the number of coordinators
for all these scenarios and it is inferred that combined
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Figure 7: Latency analysis Bx: Transmit time of beacon; By : Inter beacon spacing; Bxy : Time taken for initiator node to send the beacon and
receive response (Bxy = Bx + By); Tb: “ON” Time duration of target node (Tb = Bxy + Bx); and T : Total time period.

Step 1: Compute the number of neighbors for each node. Given nodes i and j in a wireless sensor network where all
the nodes have the same radio range (R). Dij denotes the Euclidean distance from i to j, and Dij ≤ R. Node j is node
i’s neighbor.
Step 2: Nodes having maximum neighbors waits for the following delay and later announces as a coordinator.

Delay=
⎡
⎢⎣

⎡
⎢⎣

⎛
⎜⎝1−

Ey

Ex

⎞
⎟⎠+

⎛
⎝1−

C

0.5n(n− 1)

⎞
⎠+R

⎤
⎥⎦∗n∗T

⎤
⎥⎦

Remaining nodes are put in sleep state.
Step 3: Let Ni, Nk are neighbors to Nj

If Nik > R, then Nj become coordinator after the delay in Step 2.
Step 4: For all Nc, checks whether it is within the radio range of any coordinator node C.

Else that Nc become coordinator C.
Step 5: If two or more nodes satisfies Steps 1 to 4, then each node check its distance to the sink.
Step 6: if (Nis < Njs)&& (Nis < Nks) then Ni becomes coordinator

else if (Njs < Nis)&& (Njs < Nks) then Nj becomes coordinator
else Nk becomes coordinator

Algorithm 2: Coordinator election algorithm.

Table 1: Radio characteristics.

Radio mode Power consumption (W)

Transmit 0.01488

Receive 0.01250

Idle 0.01236

Sleep 0.000016

Simulation Time 600 s

scheme has almost same number of coordinator as that of
SPAN.

Also, it is inferred that as the number of nodes increases,
the coordinator will almost remain constant because only
a smaller fraction of nodes will become coordinator. As
the field size increases, the distance between two nodes
will increase, but the radio range remains constant. Since
the distance between the nodes increases, the number of
neighbours getting benefited will reduce. In order to cover

all the nodes in the field, number of coordinators elected
increases for a constant radio range. Similarly, the number
of coordinators in random deployment is also analysed.

Figure 9 shows the number of coordinators in random
deployment for various scenarios as considered in uniform
deployment. Unlike uniform deployment, the number of
coordinators keeps varying to cover the entire field due to
mobility.

Figure 10 shows the total energy conserved in the
network for both combined scheme and SPAN scheme for
different scenarios in uniform deployment. It is inferred
that as the number of node increases, the total energy
conserved in the network also increases. This is due to
the fact that as the number of nodes increases, number
of coordinators will remain constant, whereas the number
of non-coordinator will increase. These non-coordinator
nodes are put in sleep state and thereby more energy is
conserved. It is also inferred that the combined scheme
conserves more energy compared to SPAN scheme because
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Step 1: Each coordinator checks periodically if it should withdraw as coordinator.
Step 2: Let Ni, Nk are neighbors to Nj

if Nik ≤ R, then Nj withdraws its coordinator after the delay
Step 3: graceperiod = current time-last withdrawn

if (graceperiod ≥2 s)
sleep state

Algorithm 3: Coordinator withdrawal algorithm.
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Figure 8: Number of coordinators in uniform deployment.
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Figure 9: Number of coordinators in random deployment.

80 85 90 95 100 105 110 115 120

Number of nodes

5

5.5

6

6.5

7

7.5

8

8.5

9

×104

To
ta

le
n

er
gy

co
n

se
rv

ed
in

th
e

n
et

w
or

k
(J

)

Combined scheme—60 m∗ 60 m
Combined scheme—85 m∗ 85 m
Combined scheme—105 m∗ 105 m
SPAN scheme—60 m∗ 60 m
SPAN scheme—85 m∗ 85 m
SPAN scheme—105 m∗ 105 m

Figure 10: Energy conserved in the network (uniform deployment
of nodes).

of low duty cycle radio concept and proposed coordinator
eligibility rule. Here each and every node has initial energy as
1000 J. Hence, total energy conserved in the network is given
as

Econserved = Etotal − Econsumed. (17)

Similarly, total energy conserved in the network in
random deployment for both SPAN and combined scheme
for different scenarios is shown in Figure 11. It is inferred
that the energy conserved in random deployment is less
compared to uniform deployment. In random deployment,
the combined scheme conserves more energy compared to
SPAN scheme as the number of nodes increases and when
field size is reduced.

Figure 12 shows the lifetime improvement factor of the
combined scheme and SPAN scheme in uniform deploy-
ment. It is observed that combined scheme extends the
network lifetime compared to SPAN. As the number of
nodes increases, the lifetime improvement factor of the
network increases for all the field size for both the schemes.
SPAN improves the lifetime by about 3.3 times when the
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Figure 11: Energy conserved in the network (random deployment
of nodes).

80 85 90 95 100 105 110 115 120

Number of nodes

3

3.1

3.2

3.3

3.4

3.5

3.6

3.7

3.8

3.9

4

L
if

et
im

e
im

pr
ov

em
en

t
fa

ct
or

Combined scheme—60 m∗ 60 m
Combined scheme—85 m∗ 85 m
Combined scheme—105 m∗ 105 m
SPAN scheme—60 m∗ 60 m
SPAN scheme—85 m∗ 85 m
SPAN scheme—105 m∗ 105 m

Figure 12: Lifetime improvement factor for uniform deployment
of nodes.

number of nodes is 120 in 60 m∗ 60 m field size. Compared
to SPAN, combined scheme improves lifetime further to
approximately 3.8 when the number of nodes is 120 in
60 m∗ 60 m field size. It is inferred that as the number of
nodes increases for a given field size, lifetime increases. Also

80 85 90 95 100 105 110 115 120

Number of nodes

3

3.5

2.5

4

L
if

et
im

e
im

pr
ov

em
en

t
fa

ct
or

Combined scheme—60 m∗ 60 m
Combined scheme—85 m∗ 85 m
Combined scheme—105 m∗ 105 m
SPAN scheme—60 m∗ 60 m
SPAN scheme—85 m∗ 85 m
SPAN scheme—105 m∗ 105 m

Figure 13: Lifetime improvement factor for random deployment
with mobility.

as the field size is reduced for a given number of nodes,
lifetime increases.

Figure 13 shows the lifetime improvement factor of
combined scheme and SPAN scheme in random deployment.
As the number of nodes increases, the lifetime improvement
factor of the network increases for all the field size for
both the schemes. SPAN improves the lifetime by about
3.2 times when the number of nodes is 120 in 60 m∗ 60 m
field size. Compared to SPAN, combined scheme improves
lifetime further to approximately 3.6 when the number of
nodes is 120 in 60 m∗ 60 m field size. It is observed that
as the number of nodes increases for a given field size,
lifetime increases. Also as the field size is reduced for given
number of nodes, lifetime increases. SPAN preserves capacity
to a great extent thereby exploiting the energy factor. STEM
conserves energy whereas it does not preserve capacity. Thus
by combining STEM and SPAN, capacity is preserved and
also energy is conserved. Capacity is the total number of
packets delivered successfully per unit time. Here, graph is
plotted between number of nodes and capacity by varying
the field size as shown in Figure 14. The combined scheme
preserves capacity without sacrificing energy and latency. It is
observed that as the number of nodes increases, the capacity
is reduced. Figure 15 shows the capacity in the network
where random deployment is employed for eight different
scenarios. The combined scheme preserves the capacity as
that of the SPAN in all the scenarios. Figure 16 shows
the latency for STEM and combined scheme by deploying
nodes uniformly in the field. It is observed that STEM
has more latency due to indefinite backbone path. This
increase goes further as the number of nodes increases in
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Figure 15: Capacity in random deployment network.

the different fields. Also the latency increases as the field
size increases. The latency decreases for all the scenarios in
combined scheme due to definite backbone path formed by
the coordinators. The data is forwarded from source to sink
through this path.

Figure 17 shows the latency of combined scheme and
STEM scheme by deploying nodes randomly in the field.
It is observed that the combined scheme has less latency
compared to STEM scheme.
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Figure 16: Latency in the network (uniform deployment).
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Figure 17: Latency in the network (random deployment).

5. Conclusion

In this paper, hybrid topology management scheme is pro-
posed by integrating STEM and SPAN and coordinators are
elected using new coordinator eligibility rule. Here various
parameters such as energy conservation, lifetime, capacity,
and latency are analysed by deploying 80, 90, 100, 110,
and 120 nodes in various field sizes such as 60 m∗ 60 m,
85 m∗ 85 m, and 105 m∗ 105 m using uniform and random
deployments of nodes. It is inferred that in both cases, as
number of nodes increases, the total energy conserved in the
network increases by keeping field size constant. Similarly,
as the field size is reduced, the total energy conserved in
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the network is increased for fixed number of nodes. Thus,
it can be concluded that deploying more nodes (120
nodes) in small field size (60 m∗ 60 m) conserves more
energy.

It is also inferred that the combined scheme results in
more energy conservation compared to SPAN, which reflects
in further improvement in lifetime factor of about 3.8 com-
pared to SPAN. The combined scheme has less latency
compared to STEM due to definite backbone path through
which the data is forwarded to sink. These improvements
in the network parameters such as energy conservation, life-
time, and latency are achieved without sacrificing capacity.
The critical application requires the data to be forwarded
quickly to the sink by conserving more energy without
any loss of data. Since the proposed scheme meets all
these requirements, it will be well suited for hazardous
applications.

Notations and Definition

R: Radio range
r: Distance between two nodes in horizontal

direction
h: Distance between two nodes in vertical

direction
fd: Data plane radio
fw: Wake up plane radio
Bx: Transmit time of beacon
By : Inter beacon spacing
Bxy : Time taken for initiator node to send the

beacon and receive response
Tb: “ON” Time duration of target node
Ts: Set up latency
C: Number of coordinators
N : Total number of nodes
Nc: Number of non-coordinators
α: Coordinator node ratio
β: Non-coordinator ratio
Econserved: Energy conserved in the network
Ex: Maximum amount of energy
Ey : Remaining amount of energy
Nh: Number of hexagons
Af : Area of the field
Ah: Area of the hexagon.
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In recent years, there has been significant concern about the impacts of offshore oil spill plumes and harmful algal blooms on
the coastal ocean environment and biology, as well as on the human populations adjacent to these coastal regions. Thus, it has
become increasingly important to determine the 3D extent of these ocean features (“plumes”) and how they evolve over time. The
ocean environment is largely inaccessible to sensing directly by humans, motivating the need for robots to intelligently sense the
ocean for us. In this paper, we propose the use of an autonomous underwater vehicle (AUV) network to track and predict plume
shape and motion, discussing solutions to the challenges of spatiotemporal data aliasing (coverage versus resolution), underwater
communication, AUV autonomy, data fusion, and coordination of multiple AUVs. A plume simulation is also developed here as
the first step toward implementing behaviors for autonomous, adaptive plume tracking with AUVs, modeling a plume as a sum
of Fourier orders and examining the resulting errors. This is then extended to include plume forecasting based on time variations,
and future improvements and implementation are discussed.

1. Introduction

The underwater environment itself is hazardous to humans,
as we cannot survive without air to breathe and our bodies
cannot withstand the ambient pressure deep underwater,
yet we could not exist without the presence of large bodies
of water on our planet. The health of the oceans has a
significant impact on both marine and human life. This
has been observed most recently through the impact of
offshore oil spill plumes and harmful algal blooms (HABs)
on coastal waters. However, even in healthy ocean conditions,
the ocean environment can be dangerous for humans, such
as near the extreme temperatures and chemicals spewing
out of hydrothermal vents into fluid clouds deep in the
ocean. These features of the ocean environment create a
challenge for underwater exploration and oceanographic
data collection. The use of autonomous (unmanned) under-
water vehicles (AUVs) in such environments is crucial to
safely and efficiently completing these tasks, as they can be
designed to withstand biological and chemical contaminants,
high pressures, and extreme temperature variations. AUVs

(especially actively propelled ones) can also be programmed
to react autonomously and adaptively to changes in their
environments by controlling their own motion, unlike
drifters, moored sensing arrays, or sensing buoys.

Oil spill plumes, HABs, and clouds of hydrothermal vent
fluid in particular can each be viewed as a type of underwater
plume (much like a cloud or plume of smoke), evolving in
3D space and over time. These plumes can range in scale
from tens of meters to hundreds of kilometers in horizontal
space at their neutrally buoyant depths and move with the
prevailing currents as well as spread and diffuse into the
surrounding water masses [1, 2]. Trying to track meso- and
large-scale features (as plumes often are) with relatively small
AUVs requires the coordinated effort of multiple AUVs,
due largely to both battery life and AUV speed limitations.
Willcox et al. [3] take a unique approach to this challenge
in which they determine an optimal AUV survey and
sampling strategy by quantifying an AUV’s energy efficiency,
quantifying the degree of synopticity with which an AUV
can measure an ocean process, and accounting for inherent
survey errors in the sampling strategy. Plume tracking also
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brings forth the problem of spatiotemporal aliasing of data
when the plume is too large and/or moving too fast for a
single AUV to collect a cohesive data set to accurately detect
and track the plume edges as the plume evolves in space and
time. That is, the samples taken by the AUV(s) must overlap
within the plume’s characteristic temporal and spatial scales
to collect a synoptic data set. The importance of an ocean
feature’s spatial and temporal scales to feature detection and
classification using AUVs is further emphasized by the work
of Zhang et al. [4]. Thus, in this paper, we address the moti-
vation for and challenges of constructing a network of AUVs
to perform plume boundary tracking over two dimensions in
space (horizontal) with time variations. We have chosen to
track the boundary of a plume, rather than its center or max-
imum concentration, because the boundary gives a complete
picture of the plume’s spatial extent in the horizontal plane,
where it is most likely to intersect a coastline or get entrained
by currents and carried to another part of the ocean. We also
present a simulated plume environment sampled by AUVs,
from which we attempt to reconstruct the plume as a sum
of Fourier orders as an initial estimate of the plume shape.
The example of an oil leak, such as that from the Deepwater
Horizon disaster in the Gulf of Mexico in 2010 [1], will be
used to motivate a number of numerical assumptions in this
paper, though we try to keep this first-pass plume simulation
as general as possible to other types of plumes as well.

In addition, it is useful to know a bit about the AUVs
we are using to guide numerical values for AUV simulation.
For most field trials and autonomy testing, our group in
the Laboratory for Autonomous Marine Sensing Systems at
the Massachusetts Institute of Technology uses two Bluefin
21′′ AUVs (21′′ hull diameter, ∼3 m in length), as shown
in Figure 1. These vehicles demonstrate the best motion
and stability control at speeds between 1 and 1.8 m/s,
with navigational error of about 1%–5% of the distance
traveled between surfacing to get a position fix via GPS. The
AUVs navigate using a Leica DMC-SX Magnetic Compass
and a Crossbow AHRS (attitude heading reference sensor).
The navigational error quoted above assumes the AUV
has constant DVL (Doppler velocity log) bottom lock, has
completed a compass hard iron/soft iron calibration and has
completed a compass star maneuver (for compass calibration
in the water). Beyond this, the Bluefin software on the AUV
also does some calibrations and math to improve the nav-
igational accuracy to achieve the range above. To maintain
reasonable stability control and navigational accuracy, the
AUVs are usually commanded to travel at 1.5 m/s (though
this speed varies due to autonomous adaptation to the
AUVs’ situations) and surface for a GPS position fix every
30 minutes, resulting in about 50–100 m of navigational
error. Other instrumentation currently on board consists of
a conductivity-temperature (CT) sensor, a pressure sensor,
and an acoustic modem with transducer; however, these
vehicles could also be equipped with sensors that measure
chemical tracer concentrations or biological (Chlorophyll-a,
colored dissolved organic matter, etc.) concentrations for the
purposes of detecting oil, hydrothermal vent fluid, or algal
concentrations. For communicating with the AUVs (Sections
3.3 and 4), we make extensive (and nearly exclusive) use of an

Figure 1: One of the Bluefin 21′′ AUVs operated by the MIT
Laboratory for Autonomous Marine Sensing Systems.

acoustic communication structure (AUV-to-AUV and AUV-
to-ship/lab) that has been actively developed and refined in
recent years to give virtually real-time updates (delays on the
order of minutes) of scientific and navigational data (more
details on this are found in the Goby project documentation
[5, 6]). Linking all of these pieces together is the autonomy
system on board each AUV. This includes the Mission
Oriented Operating Suite (MOOS) and the IvP Helm (IvP
stands for Interval Programming), which coordinate to
implement the execution of autonomy behaviors by the
AUVs. These behaviors autonomously and adaptively control
the heading, speed, and depth of the vehicle, depending on
the behavior the AUV operators have chosen to run (more
on this in Section 4 and [7, 8]).

2. Spatiotemporal Aliasing Problem

One of the most common challenges of working with AUVs
to track ocean features is that of spatiotemporal aliasing,
that is, when the samples taken are too far apart in space
and/or time to be able to resolve the boundaries or position
of a dynamic feature at a given point in space and time.
This is effectively a trade-off between data coverage and data
resolution. There are two extremes here (for example).

(1) A single AUV can survey a small area (∼O(1 km),
low spatial coverage) with very high spatial sampling
resolution (>O(1 sample/m)) to resolve small-scale
features in the water, such as pockets of turbulence.
However, this survey would not have great enough
coverage to determine the bounds of a 10 km wide
algal bloom encompassing the sampling area.

(2) A single AUV can survey an area once over a long
time period (≥O(10 hr), high temporal coverage)
for hydrothermal vent plumes. However, it may
take so long (>10 hours) to perform a spatially
comprehensive survey, as witnessed by Jakuba et al. in
[9] that the plume has advected away from its initial
surveyed position during that period (poor temporal
resolution), and the survey must be redone with less
coverage to resolve the motion of the plume.
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Somewhere in the middle of the above “coverage versus
resolution,” scenarios resides a delicate balance in which the
characteristic scales of a dynamic feature (say, a plume of
oil) coincide with (one-half) the rate at which the feature
is sampled. This is essentially a sampling of the plume at
its spatial and temporal Nyquist frequencies to maximize
both coverage and resolution of the plume within the data
set. Thus, it is necessary to know the characteristic spatial
and temporal scales of the feature of interest for more
intelligent path-planning purposes (see Figure 2), most likely
involving multiple AUVs for tracking mesoscale features that
are dominantly dynamic in two or more dimensions of space
or any feature highly dynamic in time (such that an AUV
moving ≤2 m/s could not keep up).

The necessity for designing a multi-AUV network to
implement more intelligent and efficient mission planning
is highly motivated by this aliasing problem, and relevant
methods used by Willcox et al. and Zhang et al. to optimize
AUV surveys and motivate the use of solo and multiple AUVs
in efficient spatiotemporal ocean sampling and feature track-
ing will be important to take into account in implementing
robust plume-tracking algorithms and techniques on board
AUVs [3, 4].

3. Advantages and Challenges of
an AUV Network

3.1. Working as a Team. An AUV network allows for the
dynamic interaction of multiple AUVs to better adapt to
dynamic features in the marine environment. That is, a
network of AUVs has the ability to distribute its nodes
around the entire boundary of a plume and move with the
plume boundary, whereas a solo AUV may be optimally
placed for sampling within a plume but could not determine
the horizontal spatial extent of a plume and track it
simultaneously on its own. Using the estimated characteristic
scales of the plume (from satellite imagery, past surveys, or
physics-based calculations) in guiding the AUV autonomy
behaviors (described in Section 4), the network of AUVs
can be distributed in space and time to detect and track the
plume boundary and avoid aliasing the data. This desire for
adaptive feature tracking also underscores the necessity for
using mobile (self-propelled) sensing platforms instead of,
or in conjunction with, fixed and drifting sensing platforms
(e.g., buoys, Argo floats), such that sampling is performed
more efficiently (minimizing overlapping data), and the
scientist can be certain that he/she has captured a complete
data set describing the plume.

3.2. Autonomous Coordinated Control. The brains behind
coordinating a sophisticated network of AUVs for plume
tracking is the underlying autonomy system that must run on
board each AUV. An autonomy system, such as that described
in Section 4, allows an AUV to adapt to its environment
in near real time, without human intervention. A few of
the minimum requirements of using and interacting with
a robust autonomy system are inter-AUV (acoustic) com-
munications, support for (user-supplied) adaptive autonomy
behaviors to be executed by the AUVs, and an intelligent

Blind mission planning (>1 AUV)
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Figure 2: This figure depicts the characteristic length scale (in km)
of an O(1 km) plume in the horizontal plane. A similar figure can
be drawn for the temporal dimension based on the characteristic
time scale of a plume (with units of time). If we assume a plume
has an approximate Gaussian distribution over its characteristic
length scale, as shown here, we must plan AUV missions, such
that the collective sampling of our AUVs overlaps with the primary
length scale of the plume to optimize over coverage and resolution
(“feature-/scale-driven” mission planning). This will improve the
range of resolvable length scales in the resulting data set over that of
“blind” mission planning, especially when the AUVs’ distribution
is “driven” by the characteristic spatiotemporal scales of the plume.
Adapted from [12].

(autonomous) means of deciding which behaviors have
priority during a given mission. We propose a tiered mission
planning structure for this system in which the large-scale,
overall mission drives the initial formation of the AUVs
(assigning each an initial position) and then allows each AUV
to use individual autonomy behaviors to follow the plume
edge in its local vicinity. After a period of time, the local data
collected by all AUVs is then exchanged across the network
to update the plume model and, subsequently, the large-scale
mission of the AUVs. From here, the overall mission, to local
missions, to data collection, exchange, and reprocessing loop
continues for as long as required by the scientist/user.

3.3. Acoustic Communication. One of the primary challenges
of using multiple AUVs simultaneously in the underwater
environment is that of communication. Radio frequency
(RF) waves are quickly attenuated in the water within a
few meters of the surface, leaving acoustics as the primary
method of real-time underwater communication. Until now,
there have been few (if any) options for intelligent multi-
AUV (>2 AUVs) acoustic communication schemes, though
the Goby underwater communication and autonomy project
(version 2.0) strives to remedy the need for coordinated
message queuing and passing between multiple (and poten-
tially an unknown total number of) AUVs [5, 6]. This
will allow each AUV to discover and communicate with
neighboring AUVs and share data and knowledge with the
sensing platforms in its underwater network. As this part of
version 2.0 of the Goby project is still in development, it is
currently undergoing initial field testing and will hopefully
come into use in the next year.



4 International Journal of Distributed Sensor Networks

It is important to note, however, that plumes are often
mesoscale features or larger, and AUV-to-AUV and AUV-
to-ship/lab acoustic communication (at least in the public
domain and on power-limited AUVs) is only possible up to
a range of about 10 km. Our group at MIT has found that
our equipment is usually limited to about 2 km of acoustic
communication range in the coastal ocean and lake environ-
ments we have performed most experiments in recently. Our
Bluefin 21′′ AUVs and lab setup, which are each equipped
with a WHOI Micromodem and model WH-BT-2 28 kHz
transducer, transmit data in the frequency band of 23–
27 kHz, centered around 25 kHz [10]. There are two realistic
solutions to the acoustic communication range restriction we
experience. The first and more complex solution is to imple-
ment a multihop acoustic communication scheme in which
data from one AUV is passed down through a chain of AUVs
to its destination. This is time consuming due to the nature
of sending and listening for transmitted data packets, one at
a time between communicating AUVs. Given that AUVs will
often be hundreds of meters apart or more and sound speed
propagation is about 1500 m/s in the ocean, data packets
take an observable amount of time to transmit through the
water (O(1 sec)). This method would also require extensive
research into data routing on dynamic and time-scheduled
messaging networks. The second and more immediately fea-
sible (potentially more reliable) solution would be to restrict
communication of large environmental data sets to RF or
satellite methods while an AUV is on the surface and utilize a
delay tolerant network rescheduling scheme. Although this
method removes much of the real-time underwater data
passing between AUVs (with the exception of basic position
updates of nearby AUVs for avoiding collisions), it would
take a large burden off of the acoustic channel and still allow
each AUV to be redirected based on the most current overall
picture of the plume while still performing solo autonomous
and adaptive plume boundary tracking in its local vicinity
in real time. Periodic surface communication would work
best in the case that the AUVs can surface with great enough
frequency (within the characteristic time scale of the plume)
to be re-directed to a more optimal sampling position but
with low enough frequency that the plume tracking mission
is not significantly disrupted by the AUV taking the time to
come to the surface more often.

3.4. Data Fusion. The fusion of data both from multiple
sensors on a single AUV and all sensors across all networked
AUVs is crucial to the success of coherently adapting a fleet
of AUVs to track an ocean feature and collect a synoptic
data set. When fusing data from a single vehicle, the largest
concerns are keeping all data accurately time and position
stamped. Across multiple AUVs, the data must also be quality
checked for corruption during transmission after passing
it from one vehicle to the next. It is proposed that on-
board each AUV, the computer must mesh the data sets
from all AUVs into a single data set, sorted over the times
and positions at which each data point was taken, for each
variable (i.e., temperature, salinity, etc.). Upon processing of
these data on board (as on board processing is the only way
to adapt to a dynamic environment in real time), for each

variable, probability weighting functions over time and space
must be applied to each data point based on the characteristic
spatiotemporal scales of that variable. We prefer to use a
basic Gaussian-shaped weighting function for this task. This
will associate, say, all temperature readings taken in the last
few minutes and within a radius of a kilometer horizontally
(assuming the AUV can resolve its position with even better
accuracy), but will ignore any temperature readings that fall
outside of these ranges as independent from those inside.
This essentially creates an overlap of data within a radius of
one standard deviation about the sample point, as sketched
in Figure 3, that can be used to prevent insufficient sampling
in a data set. This data fusion method could be implemented
using an SQLite (or similar) database on each AUV to com-
pound and sort all of the environmental data from all AUVs,
which may then be processed in a mathematics program
such as MATLAB or Octave, or by a simple C++ parser with
algorithms utilizing C++ vector math libraries. This is simi-
lar to creating an evidence grid of the AUVs’ environmental
data [11]. The resulting ocean environment reconstructed
through data fusion with weighting can guide the mission
planning for a fleet of AUVs tasked to track a plume. The
AUVs can survey an area with high enough resolution to find
the boundary of the plume, approximate the plume shape
(see Section 5) with higher weighting near the actual sample
points, and revise their coordinated survey strategy based on
this new estimate of the plume boundary position.

4. Adaptive Behavior Implementation

When conducting field experiments with AUVs (usually only
1 or 2) in the water, our group at MIT runs the Mission
Oriented Operating Suite (MOOS) as the underlying auton-
omy system on board the AUVs and on our topside mission-
command computer. MOOS provides a publish-subscribe
architecture that essentially deals with information sharing
between autonomy processes and behaviors on board each
AUV, as well as through the water between the AUVs and
the topside computer [7]. To add some intelligence to the
system, the IvP Helm (IvP stands for Interval Programming)
is used in conjunction with MOOS to implement the use
of autonomy behaviors (e.g., vertical yo-yos, trail-an-AUV,
horizontal racetracks, and safety behaviors) on the AUVs,
optimizing over a vehicle’s speed, heading, and depth [7, 8].
The acoustic communications are handled through the Goby
(stable version 1.0) autonomy software on all platforms,
where it schedules the transmissions of each node (AUVs,
communication buoys, topside operator, etc.) in the network
[5, 6]. Goby encodes data on one node, initializes the data
transmission through the acoustic channel, and then decodes
the data when they are received on another node. All of these
pieces to our autonomy architecture allow our AUVs to adapt
their motion based on sensor readings, without a human in
the loop. This allows for ocean feature detection and tracking
by AUVs to occur both autonomously and adaptively, as
demonstrated in the following examples.

4.1. Thermocline Tracking as a Proof of Concept. The afore-
mentioned autonomy system has been put to the test in
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Figure 3: Blue circles around AUV sample points represent the
range of significant data association possible (the radius of standard
deviation of the Gaussian distribution). For any two AUV samples
with overlapping range circles, an arrow is drawn to represent the
fusion of data between those positions, which may be used to
construct a larger-scale ocean data model when chains of fused data
are combined to form a web of unaliased connections.

performing autonomous, adaptive thermocline tracking in
the Tyrrhenian Sea (Italy) and Lake Champlain (Vermont,
USA ). As described in [13], a simple thermocline-tracking
algorithm, which also accounts for the characteristic scales
of the thermocline, has been developed and tested over the
past few years using single AUVs of varying manufacture.
Figure 4 is a conceptual sketch of the adaptive thermocline-
tacking process, while more detail can be found in [13]. The
idea here is that the thermocline, which is a feature only
qualitatively defined in most oceanographic literature, must
be quantitatively defined using actual data in real time for
more efficient and adaptive oceanographic sampling. Here,
it is assumed that the thermocline is relatively homogeneous
in horizontal space within the AUV’s operational region (for
our vehicles, usually about 25 km2 or less). That is, given
an AUV’s temperature measurements through the water
column, on-board processing of the temperature data is
accomplished spatially in 1D by binning the temperatures by
depth ranges smaller than the characteristic (vertical) length
scale of the thermocline in the experimental area (O(10 m)
in shallow water) and using finite differences to determine
the region of greatest change in temperature over change
in depth. The characteristic time scale of shallow water
thermoclines (in the regions this algorithm has been tested)
was determined by observation during our field trials to
be O(1 hr). Thus, temperature measurements were averaged
over windows of 30 minutes to smooth out small local
variations and spurious data points. Once the thermocline
region has been determined by the AUV, the AUV will
autonomously adapt its depth range to stay within the
current boundaries of the thermocline and continue to
collect a synoptic data set through the thermocline without
expending extra energy to dive unnecessarily deeper or
shallower.

Temperature

D
ep

th

Thermocline

Figure 4: A conceptual sketch of an AUV performing thermocline
tracking. The AUV completes a dive from the surface to as deep
as allowable, collecting temperature data. The depth range of
maximum temperature change per unit depth is determined as the
thermocline region. The calculated upper and lower bounds of the
thermocline region are then used to bound the vertical yo-yos of
the AUV, essentially tracking the thermocline region. Used with
permission from [13].

The successful field testing of this thermocline tracking
process serves as a proof of concept for the feasibility of
performing adaptive, autonomous feature tracking with an
AUV, guided by the feature’s spatial scale in 1D (vertically)
and temporal scale to drive intelligent and efficient data col-
lection. Thermocline tracking provides a solid first stepping
stone into the field of multidimensional oceanographic fea-
ture tracking, from which we can move on to implementing
applications with more complex features (dynamic in 2D or
3D space, and time) such as underwater plumes.

4.2. Plume Tracking. Plume detection and tracking using
AUVs has come to the forefront of the oceanographic
research community in recent years through the impacts
of HABs and oil spills on coastal populations and the
intrigue of studying the alien environment in the vicinity of
hydrothermal vents. Smith et al. use a regional ocean model
to predict the advection of a patch of water representing a
HAB off the California coast, which is tagged by an actual
Lagrangian drifter to passively mark and track the centroid
of the imaginary HAB. AUVs (gliders) are then deployed to
arrive at waypoints on the approximate boundary of the HAB
when the HAB is predicted to reach that point. The calculated
arrival paths of the AUVs are based on the plume boundary
predictions from a regional ocean model, and the waypoints
of the gliders are updated every few hours based on the
previous dive’s data and the model’s predictions of the future
boundary location of advecting the patch of water [14]. Sim-
ilarly, Das et al. use satellite and high-frequency (HF) radar
data sets to determine the location of high-concentration
HAB patches and target these “hotspots” using AUV- (glider-
) path-planning algorithms guided by the paths of the drifter
tags for finer resolution sampling [15]. In a second paper, Das
et al. expand this HAB tracking method further to perform
Lagrangian observation studies in which the AUVs’ (gliders’)
survey paths are precalculated to survey an advecting patch
of water in its Lagrangian frame of reference to maintain
sufficient spatial and temporal data resolution [16].

The difference between the aforementioned works and
the implementation methods in this paper lie in the ability
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of the propelled AUVs we propose to use to exhibit much
better navigation control, faster speeds, limited but sufficient
acoustic communication while underwater, entirely on-
board data processing, and real-time feedback and reaction
to sensed changes in the ocean environment without a
human in the loop (no path-planning algorithms or pre-
determined paths/waypoints fed to the AUVs by scientists),
which makes the AUVs truly autonomous and adaptive.
This is, of course, at the cost of the battery duration of the
AUVs, which must be recharged much more frequently. Since
complex dynamic ocean models are often very large, it is
not realistic to run them on board AUVs that must be fully
autonomous. Satellite and HF radar images are only useful
for detecting plumes with surface expressions, eliminating
their usefulness in detection of neutrally buoyant plumes
below the top 10 m of water. Thus, we seek to develop
a method of plume tracking that can rely solely on the
environmental data collected over space and time by the
AUVs. The only caveat here is the assumption that a single
initial large-scale survey has already been done by an AUV or
other sensing platform (or a recently updated regional ocean
model has been run) in the region encompassing the plume,
such that an approximate plume boundary location at the
plume’s neutrally buoyant depth is known at the time of
AUV deployment. The details of obtaining this initial plume
boundary location are beyond the scope of this paper.

As mentioned in Section 3.1, it is useful to approach
plume tracking by knowing something about the general
dynamics and characteristic scales of the plume as well as any
information about its source (for oil leaks or hydrothermal
vent sites) or ocean conditions necessary for occurrence
(for HABs), and what data values from various sensors
might signal that a measurement was taken inside a plume.
As mentioned above, since there are many approaches to
first detect a plume that are beyond the scope of this
paper, we will assume here that the initial 2D boundary
of the plume in the horizontal plane has been detected
or approximated via satellite imagery, recent oceanographic
surveys, or the physics of the region of interest before any
AUVs are deployed to track the plume. We will start by
concerning ourselves with the horizontal extent of the plume
at its neutrally buoyant depth, over a time span shorter
than the plume’s characteristic time scale (over which the
plume boundary displays only minor variations in position).
From here, we can sample the plume boundary (defined
by a threshold chemical or biological concentration value
during field experiments) with varying numbers of AUVs
and estimate the plume shape as a sum of Fourier orders.

With an estimation of the location of a plume boundary
at a given depth, multiple AUVs (preferably enough to main-
tain slightly overlapping one-standard deviation spatial-
scale range circles along the plume boundary within the
plume’s characteristic time scale, similar to the range rings
in Figure 3) can be deployed within the plume, and an
algorithm can be used to assign each AUV a starting position
near the estimated plume boundary with approximate equal
spacing azimuthally between AUVs about the estimated
plume center point. This initial AUV spacing can be written
into an IvP Helm “equal azimuth angle” autonomy behavior

that would attempt to maintain equal azimuthal spacing of
the AUVs, even as they progress along the plume boundary
and the boundary shifts position, adjusting the speed of
each AUV to compensate if any one gets too far ahead or
falls behind. A second tier of autonomy control will govern
the reactions of each AUV to its local environment with a
“plume boundary tracking” behavior. This behavior will have
a threshold concentration value set for whatever tracer is
used to signify levels of chemicals or biological productivity
indicative of the plume of interest. The plume boundary
tracking behavior will direct the AUV to zigzag horizontally
back and forth across the position of this threshold (as it
travels azimuthally around the plume center) to maintain an
up-to-date position of the local plume boundary. Finally, on
a time interval sufficiently small (less than the characteristic
time scale of the plume) to average these data over time
from each vehicle, each AUV will share its collected plume
boundary position data with the other AUVs in the vicinity
via acoustic (or RF or satellite) communication, and each
vehicle will sort and process the collective data to determine
the most current plume boundary position by estimating it
as a sum of Fourier orders. Each AUV can then determine if
it needs to adjust its speed and big-picture position about
the plume edge using the equal azimuth angle behavior.
Not only will this method of plume tracking capture the
shorter/smaller-scale variations of the plume from one time
interval to the next, but also create a continuously evolving
track of plume evolution in space and time for a given depth.

With further development to track a plume over longer
time scales, we will be able to detect the radial expansion
rate of the plume boundary (if any) and its development
due to advection, diffusion, and/or biological processes and
thus forecast its motion to improve forward-looking mission
planning. The best way to develop this plume-tracking pro-
cess is through simulation, as described in Section 5. Once
the simulation is complete, we will be able to initialize imple-
mentation of autonomous and adaptive plume tracking with
our autonomy architecture by simulating AUVs, (acoustic)
communication, and data fusion as described in Section 3
until the plume tracking algorithms and their supporting
autonomy behaviors are robust enough for field testing.

5. Plume Simulation Environment

Towards the goal of developing plume-following strategies
for AUVs, we must first get a sense of the characteristics
of a plume and what the best method is in distributing
AUVs about the plume. This requires examining the results
and errors associated with reconstructing the shape of a
simulated plume from simulated AUV sample points along
the plume’s edge. Instead of diving into incorporating a more
robust or dynamic plume model developed by an outside
group, we choose to simulate a very simple plume boundary
in horizontal space using Fourier orders (a rough 2D plume
approximation) such that we could exactly reconstruct
the original plume (again by using Fourier orders) under
ideal (though very unrealistic) conditions. This gives us
validation that our plume reconstruction algorithms were
derived correctly. Though we introduce a few sources of
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Figure 5: A progression of simulated plume shapes (black) of R = 5 km, building up to Mhi = 20 (blue).

plume reconstruction error in the plume simulation and
reconstruction process described in this and subsequent
sections, we expect to incorporate a more realistic, already
developed plume model in the near future such that we
are not setting up a situation in which our simulation is
doomed to (mostly) succeed. As this is a first-pass simulation
experiment, the effects of advection, dispersion, diffusion,
holes in the plume shape, multiple plume sources, algal life
cycle dynamics, and other complexities that may influence a
plume’s development over time are beyond the scope of this
paper. To test our algorithms and experimental setup over
a simulated characteristic plume time scale, we expand the
plume in the horizontal plane over a short period of time,
sample the plume boundary with varying numbers of AUVs
(approximating navigation errors), and then reconstruct the
plume from these time-varying sample points. This process
is described below.

5.1. Modeling a Plume. A rough estimate of a plume
boundary in the horizontal plane is achieved using Fourier
orders of the form

ΦMhi =
Mhi∑

m=0

[
Am ∗ cos

(
mθ + φm

)]
+ R, (1)

where Mhi is the highest Fourier order of the series (here,
we will solve for a plume of Mhi = 20 orders by estimating
it with up to 8 Fourier orders from AUV sample points), Am

is the radial amplitude perturbation of the plume boundary
for the mth order, φm is the phase shift of the mth order, and
R is the unperturbed radius of the plume. The angles, θ, are

in the range [0, 2π) rad about the center of the plume, and
ΦMhi is the radial distance to the edge of the plume from the
center at each angle, θ, for a maximum Fourier order, Mhi.
Generating coefficients A and φ at random for each m results
in the progression of plume development shown in Figure 5,
leading to the overall “actual” plume in Figure 6. We have
bounded Am to±R/2m, placing the most energy in the lower
orders to somewhat realistically represent the amplitude
variations of the plume and minimize sharp radial inversions
in the boundary shape.

Although it is possible to solve for a very large number
of Fourier orders (given enough AUVs over time), this is
not computationally efficient and (as seen in Section 5.4)
has diminishing returns. Using a sum of many Fourier
orders, however, is the most realistic approach (in this
simulation) to adding complexity to the simulated plume
shape. Time variation (within the characteristic time scale of
the simulated plume) is also incorporated into this model,
providing more total sample points per AUV (Section 5.2).
Over time scales greater than the characteristic time scale
of the simulated plume, it is also possible to simulate the
development of the plume through turbulent and diffusive
processes as well as represent the effect of dominant currents
and algae life cycles on the plume shape. Though the effects
of long-term time variation have yet to be incorporated into
the plume simulation, we describe a means of simulating,
detecting, and forecasting basic longer-time-scale radial
variations in Section 6.

5.2. Sampling a Plume. First, it is important to backwards-
engineer the simulated plume as follows to be sure that the
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Figure 6: The “actual” plume of Mhi = 20 (R = 5 km).

AUV-sampled plume boundary reconstruction algorithms
are correct. In a perfect world (with obviously unrealistic
assumptions) in which a plume is exactly delineated by a
finite sum of Fourier orders and AUVs are evenly spaced
around the center of this sharply defined plume at a radius
that is on the exact boundary (no navigational error), theory
suggests that 2(Mhi + 1) AUVs are necessary to exactly solve
(1) for its 2(Mhi + 1) unknowns (here, we assume that we can
approximate R as the average of all AUV distances radially
from the plume center, Φavg). However, since the 0th order
is of constant radius, we incorporate cos(φ0) into A0 and
say φ0 = 0 rad, reducing the number of unknowns (and
AUVs) to 2Mhi + 1. Noise may be added to the angular and
radial positions of the AUVs to simulate navigation error
and the imperfection in trying to coordinate multiple AUVs
spaced at exact angles about a circle, on the exact radius of
the plume. Further error will arise from the use of a finite
number of AUVs and the necessity of approximating a high
order plume with an often relatively low number of Fourier
orders calculated from AUV sample points. Since plumes in
the ocean and in more robust plume models cannot be fully
characterized in closed form as a sum of Fourier orders, error
will inherently be added to the AUVs’ Fourier order plume
reconstruction when real data or data from a more robust
model are used.

Time steps (within the characteristic time scale of
the plume boundary position) may be added to increase
the number of sample points available, giving Nsamples =
Ntimesteps ∗ NAUVs, and to increase the maximum number
of Fourier orders, MAUV,max, that can be used to solve for
the plume boundary shape. In this implementation, we
applied a bounded, random, linear rate of (positive) radial
expansion to the amplitude of each Fourier order in the
“actual” plume, examining time steps of 2 minutes over a

sufficiently small period of 10 minutes for a plume expanding
radially at a rate of up to 0.5 m/s. In real-world applications,
this expansion rate is based upon the vertical flow rate from
the plume’s source (if present, counteracted somewhat by
buoyancy changes with depth) and horizontal spreading (via
advection) and diffusion of the plume at the sampled depth
[2]. If dealing with a HAB, the life cycle of the algae must also
be considered.

5.3. Reconstructing a Plume from AUV Sample Points. Given
NAUV AUVs located about the plume boundary at an instant
in time, at radii, ΦAUV, at known angles, θAUV, a fast
Fourier transform algorithm, f f t(•), is applied to these
data to determine the unknown coefficients of the plume
with Fourier orders M ≤ �(NAUV − 1)/2�. The following
algorithms are then used to extract out the coefficients:

R ≈ Φavg = ΣθAUVΦAUV

NAUV
,

AAUV,m=0 = 1
2
∗
∣∣ f f t(ΦAUV,m=0|θAUV

)∣∣
NAUV/2

−Φavg,

AAUV,m=1:M =
∣∣ f f t(ΦAUV,m=1:M|θAUV

)∣∣
NAUV/2

,

φAUV,m=0:M = angle
[
f f t

(
ΦAUV,m=0:M|θAUV

)]
.

(2)

From coefficients AAUV,m and φAUV,m, we reconstruct the
AUV-derived estimation of the plume boundary, ΦAUV,M , as
we constructed it in (1):

ΦAUV,M =
M∑

m=0

[
AAUV,m ∗ cos

(
mθAUV + φAUV,m

)]
+ Φavg.

(3)

The reconstructed plume should match the original Mhi-
order plume exactly (except for numerical round-off error)
when all of the following criteria are met:

(i) Mhi ≤ MAUV,max = �(NAUV − 1)/2�, that is,
the maximum Fourier order used to construct the
original plume is less than or equal to the maximum
Fourier order used to reconstruct it from AUV data
(in reality Mhi = ∞, so this could never be achieved),

(ii) Φavg = R,

(iii) there is no AUV navigation error,

(iv) there is no time variation,

(v) all AUVs are evenly spaced about the plume center
and exactly on the boundary, and

(vi) there is instantaneous all-to-all communication of
data.

Obviously, some error is introduced when any one of
these criteria is not met. If time steps are used to increase the
number of sample points, thus increasing MAUV,max, NAUV

should be replaced by Nsamples in all equations in this section
(Section 5.3), and the spacing of the clustered AUV samples
must be interpolated to equal angular spacing about the
plume edge to perform the fast Fourier transform (we have
used a cubic interpolation function).
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Figure 7: Plume estimates (blue line) of MAUV = 1, 2, . . . , 8 for an “actual” plume of Mhi = 20 (black lines, time varying), R = 5 km,
navigation error = 100 m, and time steps = 0, 2, 4, . . . , 10 min. For the 5 AUVs, the noninterpolated (blue stars) and interpolated (cubic
interpolation, red stars) AUV sample points are also shown for reference.

5.4. Results. A set of plume estimates of Fourier orders
1 through 8 are plotted in Figure 7 in contrast to the
“actual” time-varying plume. These plots also show the
noninterpolated (with navigation error) and interpolated
AUV positions. The “actual” plume was chosen to have
Mhi = 20 to keep the high-frequency variations in boundary
radius to a minimum while maintaining more higher-order
variation that a reasonable number of AUVs (<10) can
exactly resolve. Other numerical assumptions had to be made
for the sake of simulation testing and evaluation based on
the Bluefin 21′′ AUVs that our lab group operates and the
approximate area and expansion rate of a mesoscale plume
(similar to that of the Deepwater Horizon disaster in the Gulf
of Mexico in 2010 [1]). Specifically, we take R = 5 km, AUV
navigation error= 100 m, and time steps= 0, 2, 4, . . . , 10 min
within the characteristic time scale of plume evolution.

A set of Monte Carlo simulations was used to quantify the
overall mean percent error in the model based on the number
of Fourier orders solved for, varying the number of AUVs
while keeping the time steps consistent over all trials. This is

accomplished by comparing the boundary of the estimated
plume to the time-averaged boundary of the actual plume as
follows:

%Errorplume =
∣∣∣Φestimated −Φactual,time−avg

∣∣∣
Φactual,time−avg

. (4)

These results are shown in Figure 8 for each set of Fourier
orders, with MAUV,max determined by Nsamples.

It is interesting to note that, for a fixed number of AUVs,
the general trend appears to be an exponential decrease
in error as a larger number of Fourier orders is solved
for. However, upon closer examination of the error values,
the order of lowest error is approximately MAUV,min error =
2NAUV. This result will help minimize the error while
reasonably limiting the amount of data processing necessary
to estimate the plume boundary. Alternately, for a given
Fourier order MAUV, as the number of AUVs increases, the
percent error decreases, as is expected.
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6. Forecasting Long-Term Variations

Having simulated and analyzed a plume over a short time
span, we will now explore expanding the plume simulation
to longer time spans to enable plume shape forecasting.
There are two formulations here for the basic time expansion
approximation. We may either assume that the plume
expands linearly in time in the radial direction, with a
constant coefficient of expansion, dΦ/dt (5), or that both
the amplitude and phase coefficients change linearly in time,
with constant coefficients dA/dt and dφ/dt (6). These are
the most simplistic cases, which may be built upon in the
future into nonlinear coefficients to account for further
complexities from real ocean dynamics:

ΦMhi (θ, t) =
Mhi∑

m=0

[
Am ∗ cos

(
mθ + φm

)]

+
dΦ

dt
∗ (t − t0) + R,

(5)

ΦMhi (θ, t) =
Mhi∑

m=0

[(
Am +

dA

dt
∗ (t − t0)

)

∗ cos

(
mθ +

(
φm +

dφ

dt
∗ (t − t0)

))]
+ R.

(6)

Assuming one of the above plume formulations and
sampling it with AUVs over a number of large time steps, we
can determine the differences in overall plume shape from
one point in time to the next and back out the constant
coefficients from there. If the formulation in (5) is assumed,
we may simply find the mean difference (over all θs) in radius
between the estimated plumes at times t0 and t1, as shown in
(7):

dΦ

dt
≈ mean

[
ΦAUV,M(θ, t1)−ΦAUV,M(θ, t0)

t1 − t0

]
. (7)

Solving (6) for formulation coefficients is more complex.
Given estimated plumes from AUVs at times t0 and t1 suffi-
ciently far apart in time, we must maximize the correlation
between ΦAUV,M(θ, t1) and ΦAUV,M(θ, t0) over radius and
azimuth angle. The tool for this will be a matched filter
applied to ΦAUV,M(θ, t1) and ΦAUV,M(θ, t0), allowing us to
back out the constant coefficients once we determine the
phase and amplitude changes between t0 and t1. Repeating
either of the above processes over multiple time steps will
further improve the accuracy of the coefficients.

Once we solve for the constant coefficients using either
of the above methods, a forecast can be made for the
plume shape by simply applying the linear changes to the
estimated plume shape at the last known time slice and
projecting it forward to the next time step(s). As with any
forecasting, however, the accuracy of the forecast decreases
with time steps further into the future. A weighting function
(potentially the right side of a Gaussian) should be included
with the forecast to account for this.

7. Looking Ahead

It is important to take what we have learned from this
exercise and apply it to a more robust plume simulation,
such as a theory- and data-derived dynamic plume model,
as well as to prepare for taking this application into the
field. Following the first iteration of this plume simulation,
the next step is to use the plume estimated by the AUVs
over progressive time steps to estimate the linear time
perturbation coefficients of each Fourier order and use these
coefficients for future prediction.

Jumping ahead to prepare for realistic implementation of
plume tracking in the field, we plan to use our IvP Helm and
Goby autonomy to move the AUVs along the actual plume
boundary (in “follow-the-leader” fashion) as described in
Section 4.2, autonomously adapting their tracks to their
real-time measurements by zigzagging across the boundary,
and keeping their angular spacing relatively constant. As
AUVs travel along the boundary azimuthally, all at the same
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speed, the radial excursions in the boundary may cause
the azimuthal spacing of adjacent AUVs to degrade. To
counter this effect, we will employ autonomy behaviors to
change speed and maintain azimuthal distribution when a
significant degradation in spacing is detected. This will first
be implemented in simulation to work out any bugs before
taking it into the field with the AUVs.

Other features to add to the plume simulation will
account for the effects of advection by currents and turbulent
diffusion. A good estimation for diffusion, used widely in
the underwater community, is Fick’s Law [17], and examples
of current effects can be found in [1, 9]. These effects may
be best incorporated into the simulation as time-varying
coefficients similar to those in Section 6, only nonlinear in
time and space. Another option would be to take advantage
of a commercial computational fluids simulator to simulate
these effects. It will also be important to account for the
direction of motion of a plume, as this may or may not cause
the leading edge of the plume to be more distinct than the
trailing edge. Again, however, we do not want to reinvent
the wheel and may prefer to research and take advantage
of already existing plume models and data that account for
some of these effects with greater detail and accuracy than
achievable by the above method. In the case of the evolution
of HABs, we must also account for life cycle evolution of
the algae, and testing with historical data of algal bloom
evolution would be useful here [15].

Finally, it is important to gain a knowledge of how each
source of error (i.e., navigation error, higher modes and
sharper inversions in plume shape, overall plume radius,
cubic interpolation of AUV spacing about the plume, etc.)
affects the overall error in the estimated plume boundary.
Such an error review will require a wide range of tests,
changing only one variable at a time. The cubic interpolation
of AUV position alone will be evaluated against other
interpolation techniques, such as the Lomb-Scargle method
[18], to minimize errors.

8. Conclusion

This paper provides a conceptual outline of the requirements
for implementing adaptive, autonomous plume tracking
using a network of AUVs, including a first-pass simulation of
detecting and reconstructing plume shapes solely from AUV
sample points, with the example of a plume of oil originating
from the sea floor. Using a sum of Mhi Fourier orders to
represent a plume shape at its neutrally buoyant depth, we
added noise in the AUV positions to represent navigation
error. We also incorporated linear radial expansion of the
plume over time to simulate plume spreading due to the
continuous influx of oil. Reconstruction of the plume from
the time-varying AUV samples was seen to result in errors in
the estimated versus original plume shapes ranging from 9 to
20% (for 1 through 7 AUVs, Mhi = 20, R = 5 km, navigation
error = 100 m, and time steps = 0, 2, 4, . . . , 10 min), largely
decreasing with an increase in the number of Fourier orders
being solved for, keeping the number of AUVs, navigation
errors, and time steps constant. The errors also decrease as
the number of AUVs is increased. With this knowledge and

technology, we will be able to improve the plume simulation
further based on the physics of plume spreading via currents
and diffusion and employ adaptive autonomy behaviors with
the AUVs to progress them along the plume boundary. In
the end, the plume tracking process presented here will
provide a synoptic data set describing the plume based on
the spatiotemporal scales of the feature, using a network of
AUVs to prevent data aliasing.
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