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Abstract. The key challenge in the design of wireless sensor networks is maxi-
mizing their lifetime. The information about the amount of available energy in
each part of the network is called the energy map and can be useful to increase
the lifetime of the network. In this paper, we address the problem of constructing
the energy map of a wireless sensor network using prediction-based approaches.
We also present an energy dissipation model that is used to simulate the behav-
ior of a sensor node in terms of energy consumption. Smulation results compare
the performance of the prediction-based approaches with a naive one in which
no prediction is used. The results show that the prediction-based approaches
outperformthe naivein a variety of parameters.

Resumo. O maior desafio enfrentado no projeto de redes de sensores sem fio
€& maximizar o seu tempo de vida. A informagéo sobre a quantidade de ener-
gia disponivel em cada parte da rede & chamada de mapa de energia e este
mapa pode ser Gtil para maximizar o tempo de vida da rede. Neste artigo, é
avaliado o problema da construcdo do mapa de energia para redes de sensores
sem fio utilizando abordagens baseadas em predicdo. Ummodel o de dissipacéo
de energia também & apresentado e utilizado para simular o comportamento
de um nodo sensor em termos do consumo de energia. Resultados de simulacéo
comparam o desempenho das abordagens baseadas em predi¢cdo com uma abor-
dagem simples na qual nenhuma predicao € utilizada. Os resultados mostram
gue para uma variedade de parametros, as abordagens baseadas em predicéo
sao0 mais eficazes que as abordagens simpl es.

1. Introduction

Since their emergence in the 1970s, wireless networks have become increasingly popu-
lar in the computing industry. Currently, there are two variations of wireless networks

*Thiswork has been partially supported by DARPA under contract number N-666001-00-1-8953 and a
grant from CISCO systems.
tSupported by CNPg - Brazil.

715



|

INDICE

XXI Simpésio Brasileiro de Redes de Computadores

[Royer and Toh, 1999]. The first is known as the infrastructured network. The bridges
for these networks are known as base stations. A mobile unit within these networks con-
nects to and communicates with the nearest base station that is within its communication
radius. Asthe node travels out of range of one base station and into the range of another,
a“hand-off” occurs from the old base station to the new, and the node is able to continue
communication seamlessly throughout the network. Typical applications of this type of
network include cellular network and office wirelesslocal area network.

The second type of wireless network is the infrastructurel ess network, commonly
known as ad hoc network. An ad hoc network has no fixed routers, all nodes are capable
of movement and can be connected dynamically in an arbitrary manner, acting as routers,
discovering and maintaining routes to other nodes. Typically, each node is a personal
information appliance such as a personal digital assistant (PDA) outfitted with afairly so-
phisticated radio transceiver. The main goal of an ad hoc network isto form and maintain
a connected multi-hop network capable of transporting multimedia traffic between nodes
[Sohrabi et al., 2000].

Up to now, ad hoc networks have been studied in the context of high mobility
and high power nodes and, furthermore, its size is moderate, typically tens to hundreds
of communicating nodes [Sohrabi et al., 2000]. However, recent advances in integrated
circuit technology have contributed much to the introduction of wireless micro sensors
[Pottie and Kaiser, 2000] which are low-cost devices that can communicate with each
other in a wireless manner, have limited computing capability and memory and oper-
ate with limited battery power. These sensors can produce a measurable response to
changes in physical conditions, such as temperature, pressure, magnetic field, humidity,
noise levels, lighting conditions and soil makeup. A network of such sensors linked by a
wireless medium or “wireless sensor network” forms akind of ad hoc network with anew
set of characteristics and challenges. The main goal of such network is to perform dis-
tributed sensing tasks particularly for applications like environmental monitoring. Their
main advantage is their ability to be deployed in amost all kinds of terrain with a hostile
environment where it might not be possible to use traditional wired networks.

Unlike conventional wireless ad hoc networks, a wireless sensor network poten-
tially comprises of hundreds to thousands of nodes [Sohrabi et al., 2000]. The sensors
have to operate in noisy environments and, in order to achieve good sensing resolution,
higher densitiesarerequired. Therefore, in asensor network, scalability isacrucial factor.
Different from nodes of acustomary ad hoc network, sensor nodes are generally stationary
after deployment. Although the nodes are static, these networks still have dynamic net-
work topology. During periods of low activity, the network may enter a dormant state in
which many nodes go to sleep to conserve energy. Also, nodes go out of service when the
energy of the battery runs out or when a destructive event takes place [Park et al., 2000].
Another characteristic of these networksisthat the sensors have limited resources, such as
limited computing capability, memory and energy supplies, and they must balance these
restricted resources in order to increase the lifetime of the network. In addition, the sen-
sors will be battery powered and it is often very difficult to change or recharge batteries
for these nodes. Therefore, in sensor networks, we are interested in prolonging the life-
time of the network, and then the energy conservation is one of the most important aspects
to be considered in the design of these networks.
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Figure 1. Example of an energy map of a wireless sensor network.

The information about the remaining available energy in each part of the network
is called the energy map and could aid in prolonging the lifetime of the network. We
could represent the energy map of a sensor network as a gray level image as the oneil-
lustrated in Figure 1, in which light shaded areas represent regions with more remaining
energy, and regions short of energy are represented by dark shaded areas. Using the en-
ergy map, a user may be able to determine if any part of the network is about to suffer
system failures in near future due to depleted energy [Zhao et al., 2002]. A monitoring
nodeis aspecial noderesponsibleto collect information from the sensor nodes. Typically,
this node is named observer or end user and it isinterested in obtaining information from
the sensor nodes about the observed phenomenon. The choice of the best |ocation for the
monitoring node can be made based on the energy map. We know that nodes near the
monitoring node probably will spend more energy because they are used more frequently
to relay packets to the monitoring node. Consequently, if we move the monitoring node
to areas with more remaining energy we could prolong the lifetime of the network. The
knowledge of low-energy areas can also aid in incremental deployment of sensors be-
cause additional sensors can be placed selectively on those regions short of resources.
Routing protocols can take advantage of the available energy information in each part of
the network aswell. A routing algorithm can make a better use of the energy reservesif it
selectively chooses routes that use nodes with more remaining energy, so that parts of the
network with small reserves can be preserved. It can also form avirtual backbone based
on connecting high energy islands. Therefore, the energy map isan important information
for sensor networks. However, the naive approach, in which each node sends periodically
only its available energy to the monitoring node, would spend so much energy due to
communications that probably the utility of the energy information will not compensate
the amount of energy spent in this process. For that reason, better energy-efficient tech-
niques have to be devised to gather the information about the available energy in each part
of a sensor network.

In this paper, we focus on proposing mechanismsto predict the energy consump-
tion of a sensor node in order to construct the energy map of a wireless sensor network.
We believe that in many instances the node can predict its energy consumption based on
itsown past history. If a sensor can predict efficiently the amount of energy it will dissi-
patein the future, it will not be necessary to transmit its available energy often. Thisnode
can just send one message with its available energy and the parameters of the model that
describe its energy dissipation. With this information, the monitoring node can update
often its local information about the available energy of this node. Clearly the effective-
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ness of this paradigm is dependent on the accuracy with which prediction models can be
generated. We analyze the performance of probabilistic and statistical models, and com-
pare them with a naive approach in which no prediction is used. In order to evaluate the
approaches to construct the energy map, we have to have a clear idea of how isthe energy
drop in asensor node. Thus, we aso propose an energy dissipation model that is used to
simulate the behavior of asensor nodeintermsof energy consumption. Simulation results
show that the use of prediction-based models decreases the amount of energy necessary
to construct the energy map of wireless sensor networks.

The remainder of this article is organized in the following way. In section 2.,
we briefly survey the related works. Section 3. presents the model that we propose to
describe the behavior of a sensor node and consequently to simulate its energy drop. In
section 4., we describe two approaches to construct a prediction-based energy map for
wireless sensor networks. We evaluate the performance of our approachesin section 5.
and conclude by giving directionsfor our future work in section 6..

2. Related Wor k

Some researches are exploring issues related to the design of sensors to
be as enegy-efficient as possible [Asadaetal., 1998], [Kahnetad., 1999,
[Pottieand Kaiser, 2000], [Rabaey etal., July]. In particular, the WINS
[Asadaet al., 1998], [Pottieand Kaiser, 2000] and PicoRadio [Rabaey et d., July]
projects are seeking ways to integrate sensing, signal processing, and radio el ements onto
asingle integrated circuit. Researchesinvolved in SmartDust [Kahn et a., 1999] aim to
design millimeter-scale sensing and communi cating nodes.

The energy efficiency isthe primary concern in designing good media access con-
trol (MAC) protocols for the wireless sensor networks. Another important attribute is
scal ability with respect to network size, node density and topology. A good MAC proto-
col should easily accommodate such network changes [Woo and Culler, 2001].

A lot of energy-aware routing schemes have been proposed for wirel ess sensor net-
works. Directed diffusion, proposed in [Intanagonwiwat et al., 2000], is a new paradigm
for communication between sensor nodes. The basic operation of the directed diffu-
sion can be described as following: a sensing task is disseminated throughout the sen-
sor network as an interest for named data. This dissemination sets up gradients within
the network designed to draw events. Events start flowing towards the originators of
interests along multiple paths. The originator of the interest reinforces one, or a small
number of these paths by which the data will be delivery. This work is extended in
[Intanagonwiwat et al., 2001] in which a more energy-efficient approach is proposed to
construct the data aggregation.

The work proposed by [Zhao et a., 2002] is the most similar to ours. The tech-
nique described in that paper tries to obtain the energy map of sensor networks by using
an aggregation based approach. A sensor node only needs to report itslocal energy infor-
mation when there is a significant energy level drop compared to the last time the node
reported it. Energy information of neighbor nodes with similar available energy are ag-
gregated in order to decrease the number of packets in the network. The main difference
between the approach proposed in that article and oursisthat, in that approach, each node
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sends to the monitoring node only its available energy, while in our work each node sends
also the parameters of a model that tries to predict the energy consumption in the near
future. Then, in our approach, each node sends to the monitoring node its available en-
ergy and also the parameters of the model chosen to represent its energy drop. With these
parameters, the monitoring node can update locally the current available energy in each
node of the network, decreasing the number of energy information packetsin the network.

3. Energy Dissipation M odel

In this section, we address the problem of modeling the energy dissipation in a sen-
sor node. To our knowledge, there is only one work that has addressed this problem
[Zhao et al., 2002]. In this work, two energy dissipation models are proposed. The first
oneisthe uniformdissipation model. During a sensing event, each node n in the network
has aprobability p of initiating alocal sensing activity, and every node within acircle of r
centered at n consumes fixed amount of energy e. The other oneis the hotspot dissipation
model. In this model, there are h fixed hotspots uniformly distributed randomly on the
sensor field. Each node n has a probability of p = f(d) toinitiate alocal sensing activity,
and every node within a circle of r centered at n consumes fixed amount of energy e,
where f is adensity function and d = minvi{|n — h;|} isthe distance from n to nearest
hotspot. The main drawback of these modelsis that they do not take into account that the
lack of energy of these networks will influence their behaviors. For example, to conserve
energy, some sensors have to sleep during some part of the time. Other problemsinclude
the assumption that all nodes working in a sensing event will consume the same amount
of energy and that all events have the same radius of influence. In this section, we propose
amodel that tries to represent more realistically the behavior of a sensor network.

The conservation of energy is the paramount issue to be considered in the design
of sensor networks. The best way to save energy is to make unused components inactive
whenever possible. This can be achieved in aframework in which the nodes have various
modes of operation with different levels of activation and consequently different levels of
energy consumption and, as soon as possible, they have to go to a mode that consumes
lessenergy. This approach has received much attention and probably, in al kind of sensor
networks, the nodes will have to change between different states of activation. Using this
idea, we propose a model to describe the behavior of a sensor node and consequently to
simulate its energy dissipation. In this model, each node has 4 modes of operation: state
1. sensing off and radio off; state 2: sensing on and radio off; state 3: sensing on and
radio receiving; state 4. sensing on and radio transmitting.

In this model, the following parameters are used: \: arrival rate of the events;
sleep_time: time in which the node will sleep; sleep_prob: when a node is not acting
in a sensing event, it will be in state 1 with probability sleep _prob, and in state 2 with
probability (1— sleep prob); event radius min and event radius max: the radius of
each event will be a random variable uniformly distributed between event_radius_min
and event_radius_max; event_duration_min and event_duration_max: the duration of
each event will be arandom variable uniformly distributed between event _duration_min
and event_duration_max; statei prob: probability of being in state i during an event;
dist_line: distance of influence when an information is relayed to the monitoring node.
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The behavior of the sensor node can be described by the diagram of Figure 2. At
the beginning of the simulation, each node goes to state 1 with probability sleep prob or
to state 2 with (1—sleep_prob).

There is START There is

sl eep_tifme

Figure 2: Diagram of the state transition model: 1,2,3 and 4 represent the node
modes of operation, ST is a synchronous timer and AT is an asyn-
chronous one.

When a node goes to state 1, it will be sleeping for sleep_time seconds. During
this period, this node will be saving energy but it will not be able to communicate or to
sense any event. After sleep_time seconds, the node wakes up and goesto state 3to seeiif
thereisany event for it or if thereis any node trying to communicate with it. If thereisan
event, the node will go to states 1, 2, 3 or 4 with probabilities statel_prob, state2_prob,
state3_prob and state4_prob, respectively. If thereis no event, the node will go to state 1
with probability sleep prob and to state 2 with (1—sleep_prob).

If anode goesto state 2, it will bein thisstatefor sleep_time seconds, but unlikein
state 1, anode that isin state 2 can see the occurrence of an event because in this state the
sensing ison. If an event occurs during the sleep_time seconds, the node will go to states
1, 2, 3 or 4 with probabilities statel_prob, state2_prob, state3_prob and stated_prob,
respectively. If the time slegp_time ends and no event has happened, the node goes to
state 3 to see if there is any node trying to communicate with it and again it will go to
state 1 with probability sleep_prob and to state 2 with (1—sleep_prob).

In this model, the events are simulated by a Poisson process with parameter .
Therefore, the number of eventsin each second of simulation is described by the random
variable:

. Ae

z!

P(X =) D

When an event occurs, a position (X,Y) is randomly chosen for it. The ra-
dius of influence of each event is a random variable uniformly distributed between
event_radius_min and event_radius_max and all nodes within the circle of influence of
an event will be affected by it. This means that when these nodes realize that there is an
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event for them (the nodes have to be in states 2, 3 or 4), they will go to states 1, 2, 3 or
4 with the probabilities statel prob, state2 prob, state3 prob and stated4 prob, respec-
tively. The duration of each event is uniformly chosen between event _duration_min and
event_duration_max seconds. After that time, the data have to be propagated to the mon-
itoring node. We simulate this behavior making all nodes distant dist_line for the straight
line between the point (XX, Y') and the monitoring node go for a short time to state 3 and
after to state 4.

The states transition described above triesto capture the behavior of a sensor node
specialy in terms of energy consumption. As there are no real large sensor networks
implemented already, we have no information about the real energy dissipation of a sensor
node. But, we believe that, for our purposes, this model can represent the energy drop in
an acceptable way.

4. Prediction-based Energy Map

As described earlier, the knowledge of the available energy reserves in each part of the
network isimportant information for sensor networks. In this section, we discuss the pos-
sibilities of constructing the energy map using prediction-based approaches. Basically,
each node sends to the monitoring node the parameters of the model that describesits en-
ergy drop and the monitoring node uses thisinformation to update locally the information
about the available energy in each node. The motivation that guided us to this work is
that if anodeis able to predict the amount of energy it will spend, it can send thisinfor-
mation to the monitoring node and no more energy information will be sent during the
period that the model can describe satisfactorily the energy dissipation. Then, if a node
can efficiently predict the amount of energy it will dissipate in the future time, we can
save energy in the process of constructing the energy map of a sensor network.

In order to predict the dissipated energy, we studied two models. In section 4.1.,
we describe a probabilistic model based on the Markov chains, and, in section 4.2., we
present a statistical model in which the energy level is represented by atime series and
the ARIMA (Autoregressive Integrated Moving Average) model [Box and Jenkins, 1976]
is used to make the predictions.

4.1. Probabilistic Modd

In this section, we claim that each sensor node can be modeled by a Markov chain. Inthis
case, the node modes of operation are represented by the states of the aMarkov chain and
the random variables represent the probability of staying in each state in a certain time.
Then, if each sensor node has M modes of operations, each node will be modeled by a
Markov chain with M states.

Using this model, in each node, we have a sequence of random variables
Xo, X1, Xo, ... that represents its states during the time. Then, if X,, = 4, we say that
the sensor node is in mode of operation i at time-step! ». In addition, at each time the
node isin state 4, there is some fixed probability, P;;, that it will next be in state j. This
probability can be represented by: P;; = P{X,,+1 = j| X, = i}. We can also define the

LA time-step is a small amount of time. We suppose that all state transitions occur at the beginning of
any time-step.
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n-step transition probability, Pi(f), that a node presently in state: will bein state j after n
additional transitions [Ross, 1998]: P = ¥} | PZ-(,:)P,S?_T), for any valueof 0 < r < n.

With the knowledge of the probabilities P\ for all nodes and the value of X,
(initial state of each node), it is possible to estimate some information about the network
that can be useful in many tasks. In this work, we will use these probabilities to predict
the energy drop of a sensor node. The first step to make this prediction is to calculate for
how many time-steps a node will be in a state s in the next 7" time-steps. If the node is
current in state i (X, = i), the number of time-steps anode will stay in the state s can be
caculated by: 7, Pij). Also, if E, isthe amount of energy dissipated by a node that
remains one time-step in state s, and the node is currently in state ¢, then the expected
amount of energy spent in the next 7" times, E7, is.

ET = f)(i PY) + B, @)

s=1 t=1

Using the value E7', each node can calculate its energy dissipation rate (AFE)
for the next T' time-steps. Each node then sends its available energy and its AE' to the
monitoring node. The monitoring node can maintain an estimation for the dissipated
energy in each node by decreasing the value A E' periodically for the amount of remaining
energy of each node. The better the estimation the node can do, the fewer the number
of messages necessary to obtain the energy information and consequently the fewer the
amount of energy spent in the process of getting the energy map.

4.2. Statistical M odel

In this section, we present the statistical model used to forecast the energy level in the
sensor nodes. In this model, we represent the energy drop of a sensor node as a time
series. A time series is a set of observations x;, each one being recorded at a specific
time ¢ [Brockwell and Davis, 2002]. A discrete-time time series is one in which the set
T, of times at which observations are made is a discrete set. Continuous-time time series
are obtained when observations are recorded continuously over sometimeinterval. There
are two main goals of time series analysis [ StatSoft, 2002]: identifying the nature of the
phenomenon represented by the sequence of observations, and forecasting (predicting
future values of the time seriesvariable). In thiswork, we are interested in using the time
series analysis to forecast future values of the available energy in a sensor node. We will
use the discrete-time time series in such a way that each node will verify its energy level
in adiscretetime interval.

We can observe that the time series which represents the energy drop of a sensor
node has a clear decreasing trend? because we suppose that thereis no replacement in the
battery and no seasonality® because no periodic fluctuation with awell defined frequency
will be present in this time series. The decreasing trend will also imply in a decreasing
mean and then the energy level will also be a nonstationary time series®.

2Trend refersto a gradual, long-term movement in the data.

3Seasonality refers to periodic fluctuations that are generally related to weather factors or to human-
made factors such as holidays and vacations.

4A stationary time seriesis one whose statistical properties such as mean, variance, autocorrel ation, etc.
are dl constant over time.
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In this work, we will use the ARIMA (Autoregressive Integrated Moving Aver-
age) model to predict future values of thetime series. The ARIMA modelswere proposed
by Box and Jenkins [Box and Jenkins, 1976] and they consist of a systematic methodol-
ogy for identifying and estimating models that could incorporate both autoregressive and
moving average approaches. This makes ARIMA models a powerful and general class of
models [Nist, 2002]. The “Integrated” part of the model is due to the differencing step
necessary to make the series stationary.

Thefirst step in developing an ARIMA model is to determineif the seriesis sta-
tionary. When the original series is not stationary, we need to difference it to achieve
stationarity. Given the series Z;, the differenced seriesisanew series X; = 7, — Z; ;.
The differenced data contain oneless point than the original one. Although one can differ-
ence the data more than once, a small number of differencesis usually sufficient to obtain
a stationary time series [Nist, 2002]. The number of differencing applied in the original
seriesis represented by the parameter d.

The next step in the construction of the ARIMA model isto identify the AR terms.
An autoregressive model is simply alinear regression of the current value against one or
more prior values of the series. The value of p is called the order of the AR model. Then,
an autoregressive model of order p can be summarized by the equation:

Xe =01 Xisi + Xy o+ .. + 0, X p + 24 3

where X, isthetime series, ¢1, ¢o, ..., ¢, are the autoregressive model parameters, and 7,
represents normally distributed random errors.

After defining the differencing and the autoregressive parameters, we have to iden-
tify the MA terms. A moving average model is essentially a linear regression of the cur-
rent val ue of the series against the random shocks of one or more prior values of the series
[Nist, 2002]. The random shocks at each point are assumed to come from the same distri-
bution, typically anormal distribution, with constant location and scale. Thedistinctionin
thismodel is that these random shocks are propagated to future values of the time series.
A moving average model of order ¢ is represented by the equation:

Xt - Zt + 91Zt71 + HQZt,Q + + qutfq (4)

where X, is the time series, 6,, 0, ..., 6, are the moving average model parameters and
the Z; are random shocks to the series.

Then, in order to usethe ARIMA model we haveto identify the values of p (order
of the autoregressivemodel), d (number of differencing required to achieve stationarity), ¢
(order of the moving average model) and the coefficients of the autoregressive and moving
average models. So, atime series 7; can be represented by an ARIMA(p,d,q) model if,
after differencing this series d times, we find a stationary time series X, such that for
every t:

Xt = ¢1Xt_1 + ...+ ¢pXt—p + Zt + Hth_l + ...+ Hth_q (5)

When using equation (5), we can predict the value of the time seriesin time ¢
using the previous values and some random variables that represent the errors in the se-
ries. In general, estimation of these parameters is not a trivial task. In [Nist, 2002],
[StatSoft, 2002], the authors describe some techniques to help in the process of parame-
tersidentification.
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5. Simulation Results

In order to analyze the performance of the proposed schemes, we implemented the
prediction-based energy maps in the ns-2 ssimulator. The approaches implemented were:
the Markov, in which each node sends periodically to the monitoring node its available
energy and its predicted energy consumption rate; and the ARIMA, in which each node
sendsto the monitoring node its available energy and the parameters of thismodel. These
approaches are compared with the naive one in which each node sends periodically to the
monitoring node only its available energy.

In our simulations, we use the energy dissipation model, presented in section 3.,
to describe the behavior of sensor nodes and consequently to ssmulate their energy dissi-
pation. Therefore, each node has four modes of operation: state 1 (sensing off, radio off),
state 2 (sensing on, radio off), state 3 (sensing on, radio receiving) and state 4 (sensing on,
radio transmitting). Thevaluesof power consumption for each state were cal cul ated based
on information presented in [Hill et a., 2000]: state 1: 25.5 yW, state 2: 38.72 m\W, state
3: 52.2 mW and state 4: 74.7 mW. These values will be used throughout all simulations.

In the Markov model, each node sends its avail able energy and its energy dissipa-
tion rate to the monitoring node. To obtain its energy dissipation rate, each node locally
calculates its own probabilities, P”. In this case, P;; will be the number of times the
node was in state : and went to state j divided by the total number of time-steps the node
was in state ;. With these probabilities, each node uses equation (2) to find its energy dis-
sipation rate. If each node can predict efficiently its energy dissipation rate, this approach
can save energy compared with the naive, because no more energy information packet has
to be sent while the energy dissipation rate describes satisfactorily the energy drop in this
node.

In the implementation of the ARIMA model, we haveto identify the parameters p,
d, g and to estimate the coefficients of the AR and MA models. Thefirst step in fitting an
ARIMA model isthe determination of the order of differencing needed to stationarize the
series (parameter d). Normally, the correct number of differencing is the lowest order of
differencing that yields a time series which fluctuates around a well-defined mean value
and whose autocorrelation function plot decays fairly rapidly to zero, either from above
or below [Fuqua, 2002]. If the series till exhibits a long-term trend, lack of tendency to
return to its mean value, or if its autocorrelations are positive out to a high number of
lags, it needs a higher order of differencing. In general, the optimal order of differencing
is often the one at which the standard deviation is lowest [Fuqua, 2002]. In addition, if the
lag 1 autocorrelation is -0.5 or more negative, the series may be over-differenced. In our
simulation, we choose the smallest value of d that produces the lowest standard deviation
in such away that the lag 1 autocorrelation is not more negative than -0.5. The number
of AR and MA terms was found using the autocorrelation and partial autocorrelation
functions. The lag at which the partial autocorrelation function cuts off indicates the
number of AR terms, and the number of MA terms is determined by the lag at which
the autocorrelation function cuts off. The values of the coefficients of the AR and MA
models were calculated based on a CSS-ML (minimize conditional sum-of-squares and
maximum likelihood) method implemented in [R-Project, 2002].

In all ssimulations we use the parameter threshold that determines the accuracy re-
quired or the maximum error acceptable in the energy map. If we define a threshold of
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| Par ameter | Value | Par ameter | Value |
A 0.5 statel_prob 0.01
sleep_time 10 sec state2_prob 0.2
sleep_prob 0.7 state3_prob 0.45
event_radius.min | 10m stated_prob 0.34
event_radius max | 30m Threshold 3%
event_duration_min | 10 sec Initial Energy 100J
event_duration_max | 50 sec | Communication Range | 20m
dist_line 20m Time-steps 1sec

Table 1: Default values used in the simulations

3%, a node will send another energy information to the monitoring node only when the
error between the energy value predicted by the monitoring node and the correct value is
greater than 3%. Each node can locally determine this error by just keeping the param-
eters of the last prediction sent to the monitoring node. Then, adjusting the value of the
threshold, we can control the precision at which the energy maps are constructed.

The numerical values chosen for the base case of our simulations can be seen in
Table 1. Unless specified otherwise, these values are used as the parameters throughout
the remainder of this work. Moreover, in all ssmulations, the monitoring node is posi-
tioned at the middle of the field at the position (50, 50), all nodes are immobile and can
communicate with other nodes within their communication range.

In Figure 3, we plot the correct value of the available energy in a sensor node
and the values found using the naive, Markov and ARIMA models during a 1000 second
simulation, when the value of ) is 0.1. The other values are the default parameters of
Table 1. The scenario used consists of 200 nodes in a 100x100m? field in which the
average degree of each nodeis 22.7. This figure shows that making the prediction using
the Markov model, during the 1000 seconds of simulation, this specific node had to send
four energy information packets (at times 21, 128, 397 and 793 seconds) in order to keep
its energy information in the monitoring node with an error no greater than 3% (value of
the parameter threshold). Using the ARIMA model, it was necessary to send five energy
packets (at times 21, 129, 296, 776 and 889 seconds) and using the naive approach the
node sent 11 packets (at times 21, 118, 174, 260, 401, 536, 642, 718, 790, 880 and 946
seconds). Then, in this sensor node, the performance of the ARIMA model was similar to
the Markov. We will see in other simulations that the capacities of making prediction of
these two models are similar but, in term of energy efficiency, the Markov model is better
due to its simplicity and also because, in this model, we only need to send the available
energy and the current dissipation rate, while, in the ARIMA, we have to send alot more
information in order to permit the monitoring node to make the prediction.

In order to analyze the performance of the approachesin situationswhereit is nec-
essary an energy map with very low error (small threshold) and also when we can tolerate
a greater error (big threshold), we changed the value of the parameter threshold. We ran
the naive, Markov and ARIMA algorithms for 200 nodes in the same scenario described
above. Figure 4-ashowsthe average number of energy information packets that each node
had to send to the monitoring node, during 1000 second simulation, in order to construct
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Figure 3: The correct available energy in a sensor node and the values found
using the naive, Markov and ARIMA models when the value of A is 0.1.

an energy map with an error no greater than the corresponding threshold. These results
correspond to an average of these values for five different runs and the confident interval
showed correspond to a 95% confidence level. We can see that the Markov approach is
better than the other two for all values of threshold. But its performance is very close to
the ARIMA model, meaning that both approaches have similar power of prediction for
all values of threshold. However, the graph of Figure 4-ais not a fair way of comparing
the three approaches because when a node, running the naive algorithm, has to send an
energy information packet, the size of the extra information required is only 4 bytes (its
available energy). In the Markov algorithm, the overhead is of 8 bytes (its available en-
ergy and its current power consumption) and in the ARIMA model the overhead is about
40 bytes (with the parameters p, d, ¢ and the coefficients of the AR and MA models). In
order to perform afair comparison between the three approaches, we have to analyze the
average number of bytes that each node has to send when running the naive, Markov and
ARIMA agorithms. So, the metric used to define energy efficiency will be the number
of bytes transmitted. Figure 4-b compares the average number of bytes that each node
had to send to the monitoring node if the normal packet size of a sensor network is 30
bytes. In this situation, each time a node has to send its energy information, it will have
to send 34 bytes (30 bytes of the normal packet plus 4 bytes of the naive overhead) in the
naive algorithm, 38 in the Markov and 70 bytesin the ARIMA. We can see that when we
compare the number of bytes instead of the number of packets, the performance of the
ARIMA is closer to the naive, and the Markov is till the best of the three. Figures 4-c
and 4-d show what happens when the normal size of a packets is 60 and 120 bytes, re-
spectively. Asthe normal packet size increases, the naive becomes even worse because, in
these situations, the overhead of the large amount of information required by the ARIMA
has a smaller impact in the total number of bytes sent. Then, for all values of threshold
analyzed, the Markov model was more energy-efficient than the other two models, and
for sensor networks whose size of the packet is small, the performance of the ARIMA is
very close to the naive approach.

Next we altered the value of the parameter A in order to study the behavior of
each approach when the number of events increases. We executed the three approaches
using the same scenario described above, during 1000 seconds of simulation. Figure 5-a
shows the average number of packets when we increase the number of eventsin the net-
work. In these simulations, the threshold was fixed in 3%. These results correspond to
an average of these valuesfor five different runs and the confident interval showed corre-
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Figure 4. Comparison between the three approaches when we change the value
of the threshold.

spond to a 95% confidence level. We can see that the power of making prediction of the
Markov isvery similar to the ARIMA, but still better for all valuesof . Also, asthe net-
work becomes more active, the difference between the number of packets required by the
naive and by the prediction-based approachesis getting bigger. Nevertheless, as described
above, to do a fair comparison, we have to analyze the number of bytes transmitted by
each approach. These results are shown in Figures 5-b, 5-c and 5-d. We can see that the
Markov approach is still better than the other two for all values of packet size, and also
that when the size of the packet increases, the difference between the number of bytes
transmitted by the prediction-based approaches and the naive increases. One interesting
fact is that the prediction approaches have a better behavior when the number of eventsis
very small or big. The worst case of these approaches happens for medium values of .
This means that the fact of having more events does not make the problem of prediction
more difficult. The more difficult situations for the prediction approaches are when there
is amedium number of events. On the other hand, in the naive approach, as more events
happen, more energy will be spent by a node and more often it will have to send energy
information packets to the monitoring node. Then, the prediction approaches scale well
when the number of eventsincreases or, the power of making prediction does not decrease
when the activity of the network increases.

Due to the nondeterministic characteristic of the sensor networks, it is better to
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Figure 5: Comparison between the three approaches when we change the value
of the parameter .

perform predictions that are ssmple both in terms of the computation required to find the
parameters of the prediction model, and mainly in terms of the number of parameters that
have to be sent to the monitoring node. This feature becomes clear when we compare the
two prediction techniques. Even though both present similar capacity of making predic-
tion, the Markov approach is better because, in this model, only one parameter describes
the energy dissipation in a sensor node, and consequently only the available energy and
the current dissipation rate have to be sent to the monitoring node. So, in the construction
of prediction-based energy maps, it is better to use simple modelsinstead of sophisticated
predictions that demand alot of communication between the sensors and the monitoring
node.

6. Conclusionsand Future Directions

In this article, we have studied the problem of constructing the energy map of wireless
sensor networks. We analyzed two prediction-based energy maps based on probabilistic
and statistical models. I1nthe prediction-based energy maps, each nodetriesto estimatethe
amount of energy it will spend in the near future and it sends thisinformation, along with
its avail able energy, to the monitoring node. Using the energy dissipation model proposed
in this work, simulations were conducted in order to compare the performance of two
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prediction-based approaches with a naive one, in which only the available energy is sent
to the monitoring node. Simulation results indicate that the prediction-based approaches
are more energy-efficient than the naive, and also that these approaches are more scalable
with respect to the number of sensing events.

Asdiscussedinthiswork, we believe that prediction-based techniqueis agood ap-
proach to construct the energy map of wireless sensor networks. We intend to extend this
work in two main directions. The first one is to decrease the amount of energy necessary
to construct the energy map. Asit is expected that sensors in close proximity are likely
to have correlated energy dissipation, it is not necessary that all nodes in the network
send their energy information to the monitoring node. We can sample the energy infor-
mation in some nodes and estimate that the neighboring nodes have correlated behavior.
Sampling this manner, we could decrease the amount of energy spent in the energy map
construction. In this case, there is a trade-off between the accuracy of the energy map
and the amount of energy used to construct it. If we need only alow resolution map, we
can sample a small number of nodes, and then little communication will be necessary to
construct the map. On the other hand, if we sample lots of nodes, we will have a very
accurate energy map but, more energy will be spent in this process.

Our other objective is to determine the length of time for which a sensor node
will be able to sense, rather than merely being concerned with the amount of energy a
sensor node has. In other words, we would like to verify what is the expected lifetime
of each sensor node. This information can be easily obtained from the prediction-based
energy map proposed in this work. However, more valuable is the expected lifetime of
each geographical area of the network. For example, we could make the question: “For
how many hours will the sensor network be able to sense atarget at the position (z, y)?
To answer this question, we will work in the direction of constructing the lifetime map of
a sensor network.
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