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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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elaborates on the worstase cluster schedulinthat is,the
ti me
worst-case endo-end delayfor a message to be rmal to
the sink.

3.1 Cluster-Tree Topology Model

Clustertree WSNs featurea treebasedogical topology,
where nodes are organized different groups, called
clusters Each node is connected widhmaximumof one
node at lower depth, callegarent node and can be
connected with multiple nodes at upper depth, caltatt

nodes This topology needs also corresponding routing
algorithm to realize the data transmission through multiple
levels. The transmission using multiple hops is easy and

sequence e@driodsiehdingtd éhe s [deptho [C t i V

Q

depth 2 = H = Hgjnk

’/
Y08
D

ol

. =i Ro ! /

STy

fast because eachode can interact only with its

pre-defined parent and child nodes.

ConsiderFigure 3. The clusteitree topology contains
two maintypes of node First, the nodes thatan associate
with previously associated nodes arahparticipak in the
multi-hop routingare referred to asouters (R;, i.e thej™
routerat depthi). Second, théeaf nodesthat donot allow
associatiorof othernodesanddo not participate in routing
are referred to asndnodes(N). The routerthat hasno
paentis calledroot (it might hold special functiomsuch
as identification, formation and control of the entire
topology). Routers and endodes carboth have sensing
capabilities Thereforethey aregenerally referred to as
sensor nodesachrouterforms its cluster and is refeed
to as clusterhead of this cluster All child nodes (i.e.
endnodes and routers) of given clustead are associated
to its cluster, and the clustead handles all of their data
transmissions. It results that each routecépt the root) is

a member in two clusters, once as a child and once as &

parent (i.e. a clustdread). Hence, the data communication
in clustertree topology can be considered to be
clusteroriented.

In this paperwe aim at specifying the worstcase
clugertree topology, i.e. the network topology
configuration that leads to the woisise performance
This means that dynamically changing clustéree WSN

3~ sensory data

— data link between an end-node and a router
— upstream data link between two routers
--D downstream data link between two routers (Bii:: sink router

J 2 40

> clustery,
Udata

clusterzs

® end-node

router j at depth i

Figure3. The clustettreetopology and data flow models.

Note that he sinkis a special type of nodbat gathes
the sensory data from all sensor nodes inside the network.
Unlike previous work we relax the assumption that the
sink is only associated with the root and consitiersink
to be an autonomousand topologyindependentmobile
node. The mobilebehaviour means that a sink moves
arbitrarily within a clustetree WSN and cahe associated
with any router within communicatiorange. The router,
to which the sink isin a given moment associated, is
ferred to assink router There can be morthan one
mobile sink in a WSN, butve assumehat only oneis
active (i.e. gathers the semg data) ata giventime. We
specify anotherparameter Hg;,,,. € (0, H), to represent the
depthat a given momerntf the sink router in a clustéree
topology. Note that if the sink is associated with the root,
i.e. Hgne = 0, the network contains only upstream flows
This simpler case hadready leenanalysedn [5]. In this

can assume different configurations, but it can neverPaper, we anage the case wherg, > 0.

exceed the worstase topology, in terms of arimum
depth and number of child routers/emddes. Thus,hie
worstcaseclustertree topologyis graphically represeatl
by a rooted balanceddirected tree [15] defined by the
following three parameters:

- H: Height of the tregi.e. the maximum number of
logical hopsfor a messagfrom the deepest routén
reach the root (idading the root as a final hoph
tree with only a root has a height of zero.

- NMAX ode: Maximum number of endodes that can
be associated to eouter and have been allocated
resource guarantees (e.g. time slots or bandwidth).
NMAX - Maximum number of child routers that can
be associated to a parent rout@nd have been
allocated resource guarees (e.g. time slots or
bandwidth).

The depthof a node igefined aghe number of logical
hops fromthat node to the rootThe root is at depth zero
andthe maximum depth & endnode isH+1.

E IPP Hurray! Research
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Our terminologyand conventios are as illustrated in
Figure 3, corresponding to a configuration whefe= 2,
NYAX pae =3, NMaX, =2, and Hg, =2. Note that a
clustertree WSN may contain additional nodes per router
than those defined bywX4% . and NM4X parameters.

end_node
However, thee additional nodescannot be granted
guaranteed resources.

3.2 Data Flow Model

In this paper, w assume thatll sensorydata is
exclusivelysentto the sink.All sensor nodeare assumed
to senseand transmitdata upper bounded by the arrival
CUVEe aggra(t) = baata + Taata ' t, Where byya IS burst
toleranceandr g, iS average data ratkn case of different
data flows, ag4...(t) is considered to represetite upper
bound of the highest flow ianetwork. This may introduce
some pessimism to the analysis if the variance between
data flowsis significant.

Each enehodeis granteda service guarantee from its
parent router corresponding to the rhtency service
CUIVe Buara(t) = Raara * (t — Taata)*, WNEIER 41 = Taata 1S
the guaranteed link bandwidth afig,,, is the maximum
latency of the service. The same service cusyaovided

5
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to all endnodes by their parent router8y applying
Eqg.(9) to a flow onstrained by the arrival cureg;,,,(t)
andthatis granted aservice curveBy,..(t), we obtainthe
output arrival curve aj,.,(t), which upper bounds the
outgoingdata flowfrom any endnode

Agata(t) = Aaara(t) + Taata * Taata (11)

On the other hand, themount of bandwidthallocated
by eachrouter dependsn thecumulativeamount of data
at its inputs, which increases towards the sinkhus, the
total input functionR(t) of each router depends ohet
depth, andconsists othe sum of theoutput functionsR'(t)
of its endnodes and child routers. Additionally, the router
itself can be equipped with sensing capabititpducing a
traffic bounded by agq.(t). Thus, the arrival curve
constraiing the total input functiorR(t) of a router at
generaldepthi is expressed as

NYGter
Q; = Qagta + Ngly_(node ' a;ata + Z a:outer(i+1,j) (12)

j=1

This result can then be used Hy. (9). The outgoing
flow of a router at depthi, that guarantees service curve
Bi—1, is upper bounded by theutput arrival curve as
follows:

ai = a;Ofi—1 13

Hence, the data flow analysis consists in the
computatbn of the arrival cung @; and «j, using
iteratively Egs. (12) and (13), from the deepestrouters
until reaching the sink. After that the resource
requirement®f each router, in tens of buffer requirement
Q' and bandwidth requiremenR, and the worstcase
endto-enddelay bound of WSN areomputed

In clustertree WSNs where the sinkcan beassociated
with a router otherthanthe root, data flowsmay then be
redirected in the dovatream directions. Datflows over
upstream links dalled upstreamflows) havealready been
analysedn [5]. Dataflows over downstream link&alled
downstream flows wheredatais sentfrom a parent router
to its child route, areanalysedn this paperNote that in

referred to agslownstream routerge.g. Ry; or Ryj). In the
same way, the wireless links are referred to as upstream or
downstream.

3.3 Time Division Cluster Scheduling

In general the radio channés a sharedommunication
medium where more than one node can transatitthe
same timeln clustertree WSNs, messages ar@rwarded
from clusterto clusteruntil reaching the sinkThe time
periodof each cluster iperiodicallydivided intoanactive
period (AP), during whichthe clusterhead enables data
transmissionsnside ts cluster, andh subsequentnactive
period during which all cluster nodes mayenter
low-power mode to save energy resourddste that a
router must be awake during its active period and active
period of its parent routefTo avoid collisions between
multiple clustersit is mandatorto schedule active periods
of different clusters in an ordered sequencalled Time
Division Cluster Schede (TDCS). In other words, TDCS
is equivalentto a permutation of active periods of all
clustersin a WSNsuch that no intecluster interference
occurs In case ofonecollision domain(i.e. all nods hear
each other)the TDCS must be newoverlapping, i.eonly
one cluster can be actiat anytime. Hence, the length of
TDCS is given by the number of clusters and the duration
of their active periodsOn the contrary,n a networkwith
multiple collision domains, the clusterfrom different
nonoverlappingcollision domains may be acévat the
same time.

Due to the cumulative flow effecthe amount ofraffic
increases in the direction of the sirduch thatthe
maximumflow is reachedn the clusterto whichthe sink
is associatede.g. cluster; in Figure 3). Hence,the duty
cycles of the clusters closer to the sstiouldbe higher
(i.e. longer APs}han the further one$p ensureefficient
bandwidthutilization [17]. Note that the ratio of active to
inactive period is called duty cycle.

The TDCS significantly affects the resource
requirements and delay bounidsclustertree WSNs. The
number of feasible TDCSs ira network with n routers
inside one collision domainis equal tothe number of

the downstream case, the parent router must reserv@ermuytatios given byn factorial (n!). Note thatfor each
enough bandwidth for its own outgoing data, in contrast t0gata flow originaéd in a given node, there is a

the upstream case, where a parent router must reservgorresponding

enough bandwidth for the outgoing data of itildt nodes.

In what follows,the upstream and downstream flows are
marked by the subscriptd and D, respectively (e.gajy,,
ajp). We alsoassume twdypes ofservice curvegi.e. iy

for upstream flows ang;, downstream flowsjprovidedby
eachparentrouter at depthi to its child routersat depth
i+1, and expressed as

Biw(®) =Ry - (t = Tip)* Bip(t) =Rip - (t = Tip)* (14)

, whereR is the guaranteed link bandwidth, which must be
greater than or equal to the rate of outgoing data flow, an
T; is maximum latency that a data must wait for a service.
To ensuwe the symmety properies of the worstcase
clustertree topology assumed inour methodology the
same downstreamor upstreamservice curvesmust be
guaranteedo all downstream or upstredfhows at a given
depth respectivelyNote that, the routers foawding data
flows in the upstream direction are referred tapstream
routers (e.g. Ry» or Ry3 in the example inFigure 3),
whereas the routers forwarding the downstream flows ar
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bestase/worstase @ TDCS  that
minimizes'maximizes the endto-end delay of that flow,
respectively. Thus, it iimpossible to determine general
bestcase or worstase TDCS meeting the requirements of
all dataflows. On one handthe besttase TDCSf a data
flow originated in node r comnprises the consecutive
sequence of active period®rresponding tahe ordered
sequenceof the clusterdraversedalong therouting path
fromr to the sink.On the other handhe worstcase TDCS
compriseghe samerderedsequence of active perigdsut
in the reverse orderwhich means starting from the sink
ackward tothe noder. The active periods of other
clusters which are not on the routing patire appended to
the previously formed sequenicearbitrary ordesuch that
a complete TDCS is produced Using our methodology
based on theymmetricproperties otlustertree topology
the network resourcesf a WSNare dimensionedor the
worstcase TDCS of dataflow originatedin the endnode
that is farthesfrom the sink (i.ea flow along the longst

epathin a WSN.
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Let us consider example Figure3, where an end node
of routerRy, sends sensgmata to the sink associated with
the routerR,,, i.e. a flow along the longest path in WSN.
The besttase TDCS of aforementionfldw compriseghe

continuous sequence of active periods in the following

order: AP,4, APiy, APy, APy, where AP, is the active
period ofcluster. On the contrary, the worsase TDCS
comprise the same sequence in reverse ordBr;, APy,

The outputboundfor the upstream datflow from each
child router at depth, receivinga servicecurve g;_,(t)
from a parent router at depthl, is then expressed as:

. =
iy = Ay + 0iq

H-i
- (Z v @
=0

s CTi+j—1)

H-i
V) + ) (V)
j=0

AP, AP, The active periods of other clusters are ¢o i o<iOH
appended in arbitrary order such that the complete '

worstcase TDCSs the sequenceéAP,;, AP, APy, APy,
APy, AP,y AP, for example.

To reduce the resource requirementshsd routers we
introduce the followng priority rule: AWhen a router
handles the links in different directions (e.g. R in
Figure 3), the incoming flowsia upstream data links are
servedbefae the outgoing flowia downstream data link
Using ths rulg the endto-end delay of an incoming data
flow can be reducetb at most one TDCS8ycle duration

4. DATA FLOWS ANALYSIS

4.2 Downstream Data Flows

We evaluate thearrival curve of the total input
downstream flowa;, and theupperbound of the output
downstream flowa;, depth by depthusing the Network
Calculus methodologytarting from depth @.e. the root)
In ouranalysis, we consider the queummgdelin Figure4.

Analysis of depth O

At depth 0, there is only one routéngroot, and its total
input data flow comprises the sum of the output flows of
its endnodes, the sum of the outpupstream flows of its
(NMAaX — 1) child routers, angdoptionally, its own sensory

. In this section, we derive recurrent equatio_ns of the yata flow constrained bYaaea(H). Thus, the arrival curve
input and output downstream flows as a function of the ¢qnsiraining the total input data flow is expressed as:

rout er 6 s edirgphe tlustetreentgpolaygy model
for WSN presented in Sectich

In our mode| we assume that the emddes have
sening capabilities, buthe sensing capabilityf routersis
optional. For an improved analysisve introdicea binary
variableSwhosevalue is equal to 1 if routehavesensing
capabilities,otherwiseSis equal to0.

The total input data flow of each routas shown in
Eg.(12) comprises among otherterms, the sum of the
outpu flows of its endnodesand optionally, its own
sensorydata flow constrained by,,..(t). This partof the
total input flowis the same foupstreamand downstream
flows, hencewe introduce the substitution:

ay(t) =S+ agaa(t) + Ngzﬁi(node : a;ata ®

Thus usingEq. (11) we get

ay(t) =
(19
(Nel'\;llg}_(node + S) * adata(t) + Ngzﬁi(node *Tdata * Tdata
where 7y = (N4 o4e +S) *Taaea 1S the  resulting

aggregaterate of (NM4X .. +S) input data flows, and
by = (Noidwoae +5) - Paata + Notgnode * Taata - Taata 1S the
burst blerance Note thata, (t) is alsoequal tothe total
input upstream flow ofhe deepesbuters(at depthH).

4.1 Upstream Data Flows

In [5], the output and input upstream flows were
analysed and derivedin detail Thus hee we only
summarize the finalgeneral recurrent expressionsihe
arrival curve, constraining thetal input upstream flow of
each router at depthis expressed as follows:

H-i H-i
= — MAX j = MAX
Ay = Z(Nrouter - ay + Z((Nrauter
Jj=0 j=1

H—-(n+1)

J - Oi4j-1) (16

for"i,0 QOH, MAX \k | . =
where Oop = Z (Nrouter) Ty Tyy
k=0
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= — 7 MAX *
@op = @y + (Njgtter — 1) a1y

As a result, applyingg. (17) we obtain:

NMAX NMAX

Qop = ( router)H cay+ ( router — 1)- o

(19
H-1

where 8o = Z((N%ﬁ’fer)j - ;)
=0

The total input flev &, is forwarded by the root to one
of its child routers in the suttee where the sink is
associated. The root provides a service curve
Bop(t) = Rop + (t — Top)™. According toEg. (9), the output
flow from the root at depth 0 to a child router at depth 1 is
then upper bounded by the curve:

. = o
@op = AopOPop = &op + T

(19

where To = (Nauter) Ty - Top
Analysis of depth 1

The total input downstream flo of a router at depth 1
comprises the output downstream flow of its parent router
(i.e. theroot, at depth Ojn addition to the flowof its child
endnodes/routers, and its own (optional) traffidwus, the
arrival curve constraining the total input daflaw is
expressed as:

Tp = @y + (NJGE

router — 1) ‘ a;U + aaD
As a result, applyingags. (17) and(19) we obtain:
((N%ﬁi{er)H + (N%ﬁi{er)H_l) : &H +
Qip = (20

(NYater = 1) - (80 + 1) + 10

H-2
where 6 = Z((N%ﬁfer)j “Oj41)
=0
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depth=1 depth=0 depth=1

i i
(N%ﬁinode) Ugata (Nyn%inode) Ué(ala (N(%Adinode) Lgata
| |
| |

(Nrouer -1) Ty (Nrotier -2) Oy
— pstream flows —_—

(N3 -1) O

downstream flows =p

Figure4. The queuing system model for downstream flows.

The total input flowa,, is forwarded by the router at H—(n+1)
depth 1 to one of its child routers in the gtde where the 5 = z ((NMAX e .5
. . . . . n router k+n
sink is associated. The parent router provides a service =

curvep;p(t) = Ryp - (t — Typ)* for this child router at depth
2. According to Eq(9), the output flow from the router at = vax -k =
depth 1 providing a service curgg,(t), to a child router Tn = (Nrouter) Ty Top
at depth 2 is then upper bounded by the curve: k=0

@iy = GipOBip = 1p + 71 1) The upper bound of the output downstream flow from a

parent router at depth providing a service curvg;,(t),
where 7 = ((NMAX OH + (NMAX VH=1) .7y - Typ towards its child router at depithl is expressed as:
Analysis of depth 2 “ip = &ip + T (29
Similar to the previous case, the arrival curve i i i
constraining the total input downstream flow of the router = Z(N%ﬁ’fer)”_j @y + (NMAX 1) z 8 + ij
at depth 2 is expressed as: = = =
Typ = Ay + (NYEer — 1) - azy + aip

As a result, applyingl7) and(21) we obtain:

for " i, 0 Oi < Hgjpk-
Note thatthe sinkcan be associated the router at@a

Qzp = depth lower than the height of the clustaee, i.e.
((NMAX YH 4 (NMAX YH=1 4 (NMAX YH=2) . g 4\ (22) Hlsmkt <tH (I':Igl;.;e S.E)Ho'r:_equasl bto the height of the
(NMAX 1) . (80 + 8, +8,) + 70 + 74 clustertree,i.e. Hg;, = H (Figure5.b).
Hsink = 1<H Hsnk=2=H
H-3 | (depth=1) | : (depth=2)
where 8, = Z((N%ﬁfer)’ *0j42) i ) 1 )
]'=o (’}\Imﬁinode) u;(a(a / gnlk ('}\‘gﬂnﬁinode) LEala
The output flow from the router at depth 2, providing a ¢ ¢ o[
Service curves,,(t) = R,p - (t — T,p)*, to a child router at ““ ?1,0 |
depth 3 is upper bounded by the curve: (NS, 1) U8 =N = * Ry
x _ _ Ulata
A3p = AapOPap = dap + T2 (23 1 |
where (l\lrouler ':‘l-) O a) | 3 b) |
_ - — Figure5. Thelocationsof asink router andorresponderdata flows
T, = (VML )H + (NMAX YH 4+ (WYX, YH2) 7y - Ty 'y ! i router andorresp s
. _ In the caseof Hg;,, < H, the arrival curve constraining
Analysis of general depth the total ipput downstream flow is expressed as:

In this subsection, we generalize the analysis for a
general depthi by recurrence. The arrival curve
constraining the total input downstream flow of a router at If Hy,, = H, the arrival curve constraining the total
a given depth, fori =0, A AHA.-1), is then expressed as: input downstream flow is expressed as:

Qip = ®(H)p = An + aEHsink_l)D (27)

—_ —_ = A * *
6{(Hsink)D - aH + N%u{er ’ a(Hsink+1)U + a(Hsink_l)D (26)

i i i-1
Z(Nr";’,ﬁ{er)lf—f @y + (NMAX 1)-25]. +zrj (29 5 WORST-CASE NETWORK DIMENSI ONING
j=0 j=0 Jj=0 Supportingtime-sensitiveWSN applicatiors implies to
Ho(nt1) predict _ a_nd guarantee maximum  endto-end
for " i,00i < Hymie, 5 — Z max yi |z 7 communicationdelays. To ensure bounded etolend
where " router B nU delays and toavoid buffer overflow, network resources
k=0 must be known in advanc@nd dimensioned along the
path from a source to a sink.
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