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Abstract

Modelling the fundamental performance limits of Wireless Sensor Networks (WSNSs) is of paramount importance to
understand thbehaviourof WSN under worstcase conditions and to make the appiedp design choices. In that direction,

this paper contributes with a methodology for modelling clustsr WSNs with a mobile sink. We propose clofmtn
recurrent expressions faomputing the worstaseendto-end delays, buffering and bandwidth reeqments across any
sourcedestinationpath in the clustetree. We show how to apply our theoretical restdtshe specific caseof IEEE
802.15.4/ZigBee WSNsFinally, we demonstrate the validignd analyse the accurac§ our methodology through a
compehensive experimental studysing commercial technologytherefore validating thetheoretical results through
experimentgon.
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Abstract - Modelling the fundamental performance limits
of Wireless Sensor Networks (WSNs) is of paramount
importance to understand the behaviour of WSN under
worst-case conditions and to make the appropriate design
choices. In that direction, this paper contributes with a
methodology for modelling cluster-tree WSNs with a mobile
sink. We propose closedorm recurrent expressions for
computing the worstcase endto-end delays, buffering and
bandwidth requirements across anysourcedestination path
in the clustertree. We show how to apply our theoretical
results to the specific caseof IEEE 802.15.4/ZigBee WSN
Finally, we demonstrate the validityand analyse theaccuracy
of our methodology through a comprehensive experimental
study using commercial technology,therefore validating the
theoretical results through experimentation.

1. INTRODUCTION
Wireless Sensor Networks (WSNs) emerge as enablin
infrastructures for largescale distributed embedde

systems.Timeliness is an important requirement to be
fulfilled in these systemd-However, issues such as large
scale and computing/communication and energy
limitations pose important difficulties in guaranteeing a
correctbehaviour of these systems.

Evaluating the performance limits of WSNstierefore

a crucial task, particularly when the network is expected to

operate under worgtase conditiong1]. For achieving

reattime communications over sensor networks, it is
mandaory to rely on deterministic routing and MAC
(Medium Access Control) protocols. Usually, these

networks use hierarchical logical topologies such as

clustertree or hexagondk.g.[2-4]). Issues such as the use
of contentionfree MAC protocols (e.g. timaivision or
token passing) and the possibility of performing-¢me&nd
resource reservation contrast with what can be achieved i
meshlike topologies, where contentidobased MACs and
probabilistic routing protocols are commonly used.

In a previous work[5], the authors have provided a
methodology and closed form expressions to dimension th
network resources in a clusteee WSN with a static sink.
The sinki a central point that collects all sensory data
was assumed to bstatically attached to the roothat
work aimed at evaluating the worstcase network
performance assuming a symmetric clustee topology.
This symmetry property was explored to derive-ipap
and eneto-end resource requirements in addition to the
worg-casedelaysof upstream flows (i.e. from child nodes
to the root).

However, while the static sink behaviour is adequate for
root-centric WSN applications (e.g. a surveillance system
delivering alarms to a central station), other applications
may impose b benefit from collecting data at different
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network locations (e.g. a doctor with a hameld computer
collecting patientsd status) .
investigate the worstase resource dimensioning and
analysis of clustetree WSNs with mobilsink behaviour.

We consider the sink as an autonomous entity that does
not make part of the clusttnee WSN, but can be
associated to any of its routers through any (wired or
wireless) communication meariBhus the sinks mo b i | i f
doesnot impact the W topology, but affectsthe data
flow destination (anyouterin the WSN). Contrarily t¢5],
now not only upstream flows (sink in the root) but also
downstream flows (sink not in the root) must be considered
in the analysis, tning it more complete, yet more
complex.

For the sake of simplicity and space, this paper does not
address neither how mobility is managed (namely how

Youtes must be updated upon mobility of the sink) nor how

this procedure may impact the wocstse analsis
(eventual network inaccessibility times). The paper
proposes and describes a system model, an analytical
methodology and a software tool that permit the woase
dimensioning and analysis of clusteee WSNSs. In this
way, it is possible to minimize he rout er sd buf
guarantee no overflovand t o mini mi ze e
duty cycl e ( miexdmeystllsatisfying thad d e s
messagesd deadlines are met.
Importantly, we show how it is possible to instantiate
our generic methodologly be used in the design tEEE
802.15.4/ZigBee[6, 7] systems which are the leading
technologies forwireless sensor networks(In fact, in
2007, 7 million IEEE 802.15-énabled chips were sold, an
increase of 1400% from 2004 and leading to roughly 50%
WSN market sharg7]). Finally, we assess the validity of

e
0

Bur theoretical model, by comparing wecstse results

(buffer requirements and message -sménd delays) with

the maximum and average values measured through an

experimetal testbed based o@ommercialOff The Shelf

e(COTS.)technologies.

Contribution s of this paper

(1) we provide a generic system model, encompassing
the clustettree topology modeand the data flow
mode| we also identify the worstcase cluster
schedulingor ary location of the sink (Sectics).
we present a methodology, based on Network
Calculus, to characterize input and output flows in
each router in the clustéree WSN (Section4) and
to derive uppebounds on buffer requirements and
perhop and endo-end delays (Sectiob).
we show how to apply our methodology to
dimension IEEE 802.15.4/ZigBee clustese
WSNs (Sectior6).
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(4) we demonstrate thealidity of our methodology
through an experimental telsed (Sectior6.3).

Other relatedwork

The evaluation of the fundamental performance limits of
WSNs hasaddressed irseveral research work§-3]. In
[2], the authors have evaluated the -tgak capacity of
multi-hop WSNs,identifying how much reatime data the
network can transfer by their deadlinéscapacity bound
has been derived fofideal) MAC protocols with fixed
priority packet schading mechanisms. I{8], the authors
haveanalysedhe fundamental limits for acceptable loads,
utilization, and delays in muttiop sensor networkaith
linear and grid topologiesin case of all sensor nodes
contribute equdy to the network load. Iifil], the authors
evaluated the asymptotiiehaviourof operational lifetime
and energyconstrained capacity of sensor networks.

The worstcase analysis and resource dimensioning of
WSNs using NetworkCalculus has beermpursued by
Schmittet al. ([10-12]), who proposed th&ensor Network
Calculus methodologyin [10], SensorNetwork Calculus
was introduced anflasiccomponentsuch as arrival and
service curves werdefined. The system model assumes
generc treebased topologs with nodes transmitting
sensor data towards the sithat is associated with the
root. The authors have alsoroposeda general iterative
procedure to compute the network internal flows ,and
subsequelhy, resource requiremengnd delay bound©n
the contraryour work provides recurrent equations so that
to avoid iterative computatigthatare complex and time
consumingand not suitable for largecale WSNsIn [11],
the previous Sensor Network Calculus framework was
extended to incorporate -imetwork processing featise
(e.g. data aggregatignto reduce the amount of data that
has to be transmitted. In our wonke abstract from the
computatioal resourcesn the networknodes and from
data aggregation In [12], the authorssearchedfor the
worstcase topology(i.e. the topology that exhibits the
worstcase behaviour in terms of buffer requirements,
delay bounds and network lifetiméh networls with
randomnodesdeploymentFinding the general worstase
topology is a complex task thus their methodology
explores the worstcase tree constrained on maximum
depth andnumber of child routerghat maximizes the
arrival curve of the rootAs compard to [10-12], our
system model is more accurdia the specificcase of
clustertree topologes andthe sink can beassociated with
any router in WSN.

concerned with worstase rather than averagase
behaviour, and may be applied to derivate deterministic
guarantees ometwork resourcesThis section briefly
introduces the aspects of the Network Calculus formalism
that are most significant to this paperFor additional
details please refer {0].

A basicsystemmodel Sin Network Calculusonsiss of
a bufferedFIFO nodewith the correspondindransmission
link (Figure 1). For a given data flow, thaaput function
R(t) is a cumulative number of bits thdtave arrived to
systemS in the time interval (0, t). The output function
R (t) is the number of bits that have Itin the same
interval (0,t). Both functions are widsense increasing
i.e. R(tl) OR(tz) for all t; Otz

a(t) OQmax

R(®)~U1)

u

d(t) ODiax

Figurel. Thebasicsystemmodel in Network Calculus.

Definition 1 Arrival Curve a (t) (Figure?2). Leta (t) be a
wide-sense increasing function f6©0. Then an incoming
flow with input functionR is upper bounded by iff for
"s, 00sOt, R(t)-R(s) Oa(t-9). It is also said that R is
a-smooth or R is constrained layi.e. Rf) ~ a (t).

Definition 2 Service Curve b (t) (Figure 2). Conside
system S and a flow through S with input and output
functions R and R respectively. Then S offers to the
traversing flow a service curvé iff b is widesense
increasing function, withb (0) =0, and for" t existst, Ot
such thatR(t) - R (ty) Ob(t-t;). This means that an
outgoing flow with output functiorR during any period
(t-tp) is at least equal th (t - ty).

In brief, an arrival curve constraints the incoming data
flow into a node, and a service curve keeps the
characteristics with whichumulated flow is forwarded by
the node to the following node in the direction of the sink.

Now, the knowledge of the arrival and service curves
enables us to provide the performance bounds for a lossless
system, namely the delay boubg,,, which represats the
worstcase delay of the message traversing the sy§iem
and the backlog boundQ.., Wwhich represents the
maximum queue length of the flow, i.e. the minimum

On the other hand, several research works have dealPUffer size requirement inside the systm

with sink mobility in order to minimize energy
consimption in the network[13, 14]. The proposed
approaches esrandom, predictable arontrolledmobility

of one or moresinks [13]. Four strategies(random,
geographically, intelligent and genetic algoritiw@sed
strategies) focusing on optimal sink placement for
minimizing the worsicase delay as well as maximizing the
lifetime of a WSN have beerintroduced in [14].
Converselyin our work we compute the worsase delay
and resource requiremeatfibr given sinkposition

2. BACKGROUND ON NETWORK CALCULUS

Network Calculus[9] is a mathematicaimethodology
based on misplus algebrahatapplies to the deterministic
analysis of queuing/flogin communication networkst is
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Theorem 1 Delay Bound D, Let a flow with nput
function R(t), constrained by arrival cun (t), traverses a
system S that offers a service cu#é). Then the delay
bound is the maximum horizontal distance betweaet)
andb (t) and for allt O0, the delayl(t) satisfies:

d(t) < ssziop{inf{r > 0: a(s) < f(s +1)}} = Diax 1)
Theorem 2 Backlog Bound Q. Let a flow with input
functionR(t), constrained by arrival curv (t), traverses a
system S that offers a service cutvé). Then the backlog
bound is the maximum vertical distance betwedt) and

b (t) and for allt ©0, the backlogy(t) satisfies:

q(0) < ssgg{a(S) — B($)} = Qmax @)
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Theorem 5 Aggregate Scheduling Consider a node
multiplexing two data flows 1 and 2, in FIFO order.
Assume that flow2 is constrained by the arrival curve
a, (t) and the node guarantees a service cér({t} to the
aggregate of these two flows. Define the family of

;
Ll
X
¥}
.
3
5,
Z,
Z
®©

data [bits]

b+rT functions as
Bi(t,6) = (B(t) —ay(t — )7 - 1>y @)
Then for anyq OO0, B, (t,6) is a service curve guaranteed
b for flow 1.

So far we have considered abstract network calculus
model. The accuracy of the worsise bounds depends on
how tight the selected arrival and service curves follow the
real retwork behaviour.Different types of arrival and

T time [sec] service curves have been proposed in Network Calculus
Figure2. Example ofa cumulativénput functionR(t) constrained by (e.g, [9, 10)). quever, the(b, r) arrival curve and
(b, r) arrival curvea(t) anda cumulativeoutputfunction R*(t) rate-latency service curveare the most used in such
constrained by ratatency service curva(t). network models.These curves lead to a fairadeoff

With Network Calculus is also possible to express anbetween computing complexity and approximation
upper bound of the outgoing flow with output function accuracy ofthe real systemrbehaviour as it will be seen
R (t), called output bound So far we have handled a throughout theest of thepaper.
system S as a single buffered noBiggre1). On the other The affine or(b, r) arrival curve (Figure2) is defined
hand, the system S might be also a sequence of nodes @s a(t) =b+rAfor "t>0 and O otherwisewhereb is
even a complete network, for example. Then the called burst tolerance, which is the maximum number of
concatenation theora enables us to investigate systems in bits that can arrive simultaneously at a given time to the
seguence as a single system. systemsS (in bits) andr is the average data rate (in bps).
This type of arrival curve represents a data floased on

i ; ; ; _ - the average sensing rate with skierm fluctuations given
wide-sense increasing functions af() = g(0) = 0. Then by the burst tolerance, i.e. it allows a node to dehds at

their convolution under miplus algebra is defined as ]
) once, but no more than an average bits per second over
(f®g)(t) = Olnft{f(t - S) + g(S)}, fOT vt=0 (3) |0ng run
<s< .
The rate-latency service curve is defined as

Definition 4 Min-Plus Deconvolution Let f and g be br (1) = RAHT)Y, whereR Or is the forwarding rateT is
wide-sense increasing functions af{@) =g(0)=0. Then  the |atency of forwarding data both depend on the

Definition 3 Min-Plus Convolution. Let f and g be

their deconvolution under miplus algebra is defined as processing speed and resource allocation mechanism, for
(fFOg () =sup{f(t+s) —g(s)}; for Vt ER (4) example, and X" = max0, x). If r >R, the bounds are

s20 infinite.
Theorem 3 Output Bound & (t). Assume a flow with Hereafter, we consider aysem S that offers a
input function R(t), constrained by arrival curve (t), ratelatency service curvé 1 (t) and that stores input data
traverses a system S that offers a service caifge Then in FIFO-order buffer. Then the performance bouritlsy
the output functiorR (t) is upper bounded by the following and Qmax (SeeFigure 2 for additional intuitior) guaranteed
arrival curve to the data flow, constraindxy the p, r) arrival curvea (t)

@ () = (@@B)(t) = a(t) (5) and traversing systef§) areeasilycomputed as:
b

Theorem 4Concatenation of NodesAssume a flow with Dmax =5+ T Omax =D 7T ®
input functionR(t) traverses systei® and$; in sequence, An application of(5) to a data flow constrained by, )
where S, offers service curveb (t) and S; offers b; (t). arrival curvea (t) and traversing systet® guaranteeing
Then the concatenation of these two systafiers the  ratelatency service curvég+ (t), the output bound of this
following single service curvé (t) to the traversing flow: data flow is expressed as (the proof can be foufitie])

B(t) = (B:1®B2) (1) (6) a'(t) = a(®)OPrr(t) =a(t) +7-T )

Due to the accumulation of the data flows in the  According to the aggregate scheduling theorem we

direction of the sink, the nodes offer a service cur¢ to assume that, (t) is a b, r) arrival curve andb (t) is a

this aggregated data flow. Using the afoentioned | aiejatercy service curvebrr(t), then an equivalent
expressiongl) and(2), the delay and backlog bounds can geryice curve for data flow (7) is expressed as

be computed for entire aggregate data flow at each node. +

Using the aggregate schedulingheorem, the tighter B.(t,6) = (R —1y) [t - <w+ T)] 1gsep (10)
bounds can be commd for individual flows traversing R—1

the network.In this paper, we use both approaches (i.e.

entire aggregate flow per node or individual flow over 3. SYSTEM MODEL

network) to compare the results This section defines the clustigee topology and data

flow models thawill be considered in the analysis. It also
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