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Abstract—Message Ferrying is a mobility assisted scheme in l:%
which a special node, called a message ferry, is tasked with T
delivering data among a set of disconnected wireless nodes. One Q __________
key challenge for such scheme is to design the ferry route in a way d !
that improves certain network characteristics such as average Q O nNode
data delivery delay or data loss ratio. Previous work has proposed S e =[] Ferry
solutions to the ferry route design problem in cases where a single OD > Route
or multiple message ferries were used, and in cases where nodes
were mobile or stationary. That work optimized ferry travel time, Fig. 1. Message ferry routing scheme
rather than directly optimizing message delivery performance
metrics. In this paper, we revisit the basic ferry route design

problem for stationary nodes with the goal of providing a ) )
framework for optimizing delay performance. We start with a  the Euclidean Traveling Salesman Problem (TSP) to the ferry

Markovian Decision Problem (MDP) formulation which produces  route design problem. They also proposed a two-phase soluti
the optimal ferry route that minimizes the average data delivery o the problem. In the first phase they generated an initistero
delay. While this formulation, in principle, enables optimal ferry ., \,sing an algorithm from the well studied TSP literature. |
route design, it is numerically intractable for moderate to large d in bandwidth . h lied
size problems. Solutions to small problems, however, yield insight order to meet certain bandwidth requirements, they E}pp e
into the properties of optimal ferry routes. These insights, in @ second phase where they extended the amount of time the
turn, lead us to propose a ferry route design algorithm that ferry spends at each node by solving a linear optimization
takes advantage of the similarity between our problem and the proplem. This solution and other solutions like [5], [6] are
link scheduling problem in traditional networks. Our algorithm commonly based on graph traversal algorithms and mainly

is inspired by the Deficit Round Robin (DRR) algorithm which L
has provable properties for delay optimization when applied to approach the problem as a variation of the TSP. Although

link scheduling. Using simulations we show that our DRR-based this approach is appealing because of the richness of the TSP
algorithm produces ferry routes that are close to optimal when literature, it does not actually allow for optimizing spici
compared to the MDP-derived solutions for small problems. Our  network characteristics such as the average data delietay.d
results also show that our algorithm produces ferry routes for .o ig mainly because this approach does not take into
moderate to large problems that significantly out perform existing . . . . . .
solutions. consideration the non-uniformity of distances and traffites
between different nodes in the network. For this reason,age s
I. INTRODUCTION the need for developing a new ferry route design algoritham th
Message ferrying is a networking paradigm that was dBas the capability of optimizing given performance metrics
veloped to perform data routing in intermittently conneélcte To this end, we revisit in this paper the basic problem of
or completely disconnected wireless networks [1]-[3].Hist ferry route design for stationary sparsely deployed wssle
scheme, a set of mobile nodes calleéssage ferrietake re- nodes which was originally studied in [4]. Our goal is to
sponsibility for carrying messages among disconnecte@sodlevelop a scheduling algorithm geared towards minimizing
(see figure 1). This approach is very attractive especially €nd-to-end message delays. First, we formulate the problem
cases when nodes are sparsely deployed with limited contasta Markovian Decision Problem (MDP), and then solve the
opportunities. It is also the only feasible connectivitpagach MDP to get a route for the ferry that minimizes the average
when nodes are stationary and sparsely deployed. end-to-end delay. One major problem we encountered with
A key challenge when using the Message Ferrying schemging MDPs was the exponential growth of the state space
is the design of the route of thmessage ferriegr a manner with the size of the network. Because of this we were able to
that achieves desirable performance characteristics agchget optimal ferry route solution only for small size netwsrk
minimizing the average end-to-end delay or the packet dréjowever, studying these solutions provided us with insight
rate. Previous work proposed solutions to this problem gesa regarding the properties of the structure of optimal feoytes.
where single or multiple ferries were used, and also in casBsided by these insights, we next propose a ferry route desig
where the nodes were mobile or stationary. A special caalgorithm that, takes advantage of the similarity between
of the ferry route design problem was studied in [4]. In thisur problem and the link scheduling problem in traditional
case all the nodes were assumed to be stationary and amiyworks. As a preview, the ferry acts as the shared resource
one message ferryvas used. The authors in [4] proved thaheeded for delivery, just as the link is the shared resource
the ferry route design for this case is NP-hard by reducing link scheduling. Our algorithm is based on the Deficit
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Round Robin (DRR) algorithm which has provable desirab[8]. Different than previous ferry algorithms, this alghii
throughput and delay properties in traditional networks.  assumed no coordination between the nodes and the ferry. As
mentioned previously, the most relevant work to ours is [2],
<—
1 lm

1 1 in which the authors presented a solution to the same problem
_ )v@ % — @ of ferry route design with stationary nodes and a singleyferr
bps = T, ~7 N Similar to message ferries, Data MULES were introduced in
N\ - NN [7] as wireless mobile agents that move randomly on a grid to
éji_ —> éi o -~ N\ facilitate connectivity Wi_th sparse_ly deployed_ stf'itiqpaensor
~ . 35 ~ @ nodes. A load balancing algorithm for distributing sensor
(b)

nodes over multiple data mules was introduced in [5]. Sugiha
(a) et al. introduced an algorithm in [6] for finding an optimatipa

Fig. 2. Example of two different networks, distance in kiloaret fo_r a data m_UIe .tO_ minimize data delivery latency. Altho_th

this problem is similar to our problem, the proposed aldonit

To illustrate the difference between our approach and pas designed specifically for sensor nodes environmentsawhe
vious solutions we present the following example. Figure Rower efficiency is significantly important, and nodes areeno
shows two different geographical configurations for a fouAense unlike the sparse environment we are consideringsin th
node network. In network Figure 2(a), the nodes form a squat@Per- _ _
whose side is is 1KM long. Each node sends data to each othef e rest of the paper is organized as follows. The MDP
node at a rate of 10Kbps, except for traffic going betweégrmulgtlon for the ferry route design problem is presented
nodes 1 and 3 which is 1Mbps in both directions. In this cad®, Section II. In section Ill we present our DRR-based route
intuitively we think that in order to minimize the averagetala d€sign framework. We present some simulation results in
delivery delay, the optimal route for the ferry should visif€ction IV and then we conclude the paper in section V.
nodes one and three more often than nodes two and four.
However, a TSP based solution such as [2] will produce a ) . S
cyclic route of the form{1,2,3,4}. Since the new technique In this section we formulate a simplified instance of theyferr
developed here generally does not produce cyclic routes, {@té design problem as a Markovian Decision Process and
use relative frequencies of node visits to describe they feiSCUSS our experience in producing optimal ferry scheslule
that will have the following relative node visit frequensie "ender the state space manageable. Furthermore, an MDP
{2 :1:2: 1}, which means that on average notlayets formulation requires us to make Markovian and exponential
visited twice as much as node This route gives about5% assumptions that may be unrealistic. Recall, however, that
improvement in the mean data delivery time over the TSPUr goal here is to learn features of optimal ferry routes
based route. from solutions we obtain from the MDP formulation. We

Another case is illustrated in Figure 2(b), where three of tihen apply these insights to the construction of a heuristic
four nodes have the same placement as the previous examfdich is applicable to systems without constraining Mafaav
while the fourth node (node 3) is placed significantly farthetSSumptions. _ _
away, see distances in figure. The traffic among all nodes isThe system we model consists of a set /of stationary
equal to 100Kbps. Again one should expect that the optim‘é(|reless nodes. Each node has a wireless device with arcertai
route in this case should visit nodg less often than the connectivity rangeR. These nodes are assumed to be sparsely
other three nodes because as the ferry travels to node liftributed over a certain area and they do not fall in the
increases the delay for other traffic. A TSP based soluti§@mmunication range of each other. It is also assumed that
will again produce a cyclic route of the fordil,2,3,4}. any of these nodes can be a data source or destination. In
Our technique, however, produces a route with the followirgfdition, there is a single message ferry that can be moved
relative visit frequencieg3 : 2 : 1 : 2} which gives about ON demand by a controlling party. Our objective is to dgvelop
76% improvement in average data delivery delay over the TSPStrategy that can control the movement of the ferry in such
solution when tested through simulations. a way that we can achieve low end-to-end delay for traffic

Message ferrying was first introduced in [1], [4] as a neBMong the sparsely deployed nodes.
work paradigm for data dehyery in sparse MANETS. Th(_a_san]g Ferry movement
authors proposed an algorithm for controlling the mobibfy )
multiple message ferries in [2]. An algorithm for ferry reut 1he message ferry is assumed to move among nodes paus-
design with mobile nodes in sparse DTNs was proposed '} at each node for a period of time to allow data exchange.

Hence, the position of the ferry can be described as either
it may be possible to reformulate the TSP problem so that it equce  When the ferry is visiting nodé or i — j when then ferry is

non-uniform traffic considerations or non-uniform nodedtions, for example i transition from node to nodej, wherei,j € (1,...,N).
by artificially making nodes appear farther away when theyeHawer traffic Wh f .. Hethe ti he f
loads. We have not explored this option, preferring to deti wariability by en a message ferry visits nodlethe time the erry pauses

our more direct method. there before moving to a new position is assumed to follow an

II. MDP FORMULATION
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exponential distribution with meahy/y;. In addition, the time [(.os(Djrseasbjn)y ) (s fiye )i — jl tO
taken by the ferry to travel from nodeto nodej is assumed
to be exponentially distributed with medrn;,. [ s (bp =0,k = 0),0),

(fl+bj1?7fj77fN+ij>7.]]

. . . and the transition rate will be;;.

We assume that data arrival follows a Poisson process Wlth. Ferry visiting nodei starts moving towards nodg This
rate \. The proj\t{aabﬂﬁy that a message arrives at neds event will change the system state from:
p; such that) ;" p, = 1. The probability that a message (B By), (f I3 )il to
is destined to nodg given that it arrived at node is p;;, [(Bl""’BN)’(fl""’ff’;é N ’f Li - ] with a
i,j € (1,2,...,N), where }>.p;; = 1. We also assume tranls7i.ti.(;r’1 rz]avte7 Of/if"" ¢ IV
that each node has a buffer of a limited sige(messages). "
New messages arriving at a full buffer will be dropped. The

B. Data delivery

message ferry buffer is assumed to be of a finite capacity. ::I;
In our example we assume the ferry can hold upAfdv? —TInt —1n
messages. :D]:‘3
Ferry arrives at node Ferry leaves node @ _______ Tt
~~~~~~~~~ —12
' F—-time Qose —iwa(?)
[to tl . Ferry :]:IZ
Ferry downloads Ferry uploads 3
data from node data to node :| Queue ::lj
Fig. 3. Data delivery between ferry/node Fig. 4. Example of system state

When a ferry comes in contact with nodenve assume that  Figure 4 shows a simple network of three nodes and a
data exchange occurs according to the order in figure 3. At thiagle ferry. Each node has two queues for outgoing traffic; a
beginning of the contact duration, the ferry starts dowdilog queue for each destination. Likewise, the ferry has a separa
all messages in the node buffer that have been generatad prieeue for each destination. Queues are labeled with their
to timety. We follow this model to guarantee that the ferry willdestinations. As can be seen in the figure, the ferry is ctiyren
stay only a finite period of time at each node. Then, towards transition from node to node3. The current system state
the end of the contact period, the ferry starts uploading datan be written as
in its buffers that are destined to node [((0’2)’ (2,3),(3,1)), (1,1,1),2 — 3]

C. System state When the ferry reaches nod& the ferry downloads all

In order to model the above described system as a Markfiessages from queues of node 3, and the new system state
vian process we define the following system state that dgeacomes
scribes the system at any point in timiéB,, ..., By), F, L] [((0,2),(2,3),(0,0)), (4,2,1), 3]
where:
We now define the system decision process that specifies

o B; = (bj1,...,bi5,...,b;n),1 # j, whereb;; represents - .
the nu(mi)er of réessagej\;)iri ?Eé] buffer of ]n@'d?estined for each feasible system state what actions could be taken. |
to nodes; our case, the action simply means “where should the ferry go
F=(f ' fx) where f; is the number of messagesneXt?"' The decision could be that the ferry should staysn it
L[] — ge ey J

current position, or it should move from its current pogitio
lpa different positionj. The set of decisions for all feasible

« L is the position of the ferry, and it can take any valu . . o
of the set{w,w — g : w, g € (1 N) andw # g} system states forms a scheduling policy. The decision psoce
’ S T ' can be written in the following form

State transitions in this system occur due to one of the
following events:
d[(Bi,..,Bn), F,L] =

in the ferry buffer that are destined to noge

LF =i
« New message is generated at nad#estined to nodg. LFf=i—j,je(,.,N),i#j.
If the system is in state: o
[(Bla~--;(bila---abija---7biN)7--~BN)7FaL] then D. MDP definition
the system will enter statd(Bi,..., (bi1,...,bi; + We formulate the above described problem as a Markov
1,...,bin),... Bn), F, L] with transition ratep;p;;A. decision process and represent the cost function in terrigeof
« Ferry in transition from nodeé to nodej (in statei — j) delivery time. Generally, MDPs can have two types of costs;
reaches to its destination This event will change the state transition cost and state occupancy cost. In our model
system state from: the transition cost is equal to zero. The cost of occupying
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a state has a rate of per time unit, wheren is the total These observations about the relationship between relativ
number of messages waiting in all the buffers in the systeffnrequencies of node visits and both distances and traffesrat
orn =73 bij+>, fu If C(T) is the total cost incurred by were reminiscent of the fair link scheduling problem. Insthi
the system up to tim& andn(t) is cost rate at time instamt problem, it is required that packets from different flowsttha
then for a given scheduling policy we ha@&T) = fOT n(t)dt share the same link be scheduled in a way that achieves
and the average cost per unit time of using a certain politgirness among flows. Deficit Round-Robin (DRR) [9] is

becomes an algorithm that produces fair link schedules. With DRR
C= lim C(T) scheduling, flows with large packets tend to be serviced less
Tooo T frequently than flows with small packets. We explore this

gﬂ]alogy a little further in the next section where we use it

Sincen({) represents the number of messages in the SyStto to develop the DRR-based ferry scheduling heuristic.

at time ¢, it is easy to see thaC is the mean number

of messages in the system is related to the mean messagS K b tion in thi is that the f t
delay from Little’s theorem. More specifically, minimizitige ne key observation in this paper Is that the terry route

system average cost per unit time will minimize the meacli]eggn problem is analogous with the link scheduling pnoble

L : : traditional networks. This, in principle, allows us toeuany
delay. We use theolicy iteration algorithm developed by n . .
Howard [8] to solve the resulting MDP problem, which resultgnk scheduling algorithm to solve our problem [10]-{12]eW

. ) . LY oose to use the Deficit Round-Robin [9] algorithm because
in an optimum policy that minimizes the mean system delag? its simplicity and desirable provable throughput andaglel

E. Optimal policy properties properties. In this section we describe the ferry routegiesi
. process. We start by briefly describing the DRR operation
We were able to solve the MDP and get the optimal fery; aqitional networks, then we show the analogy between

route for small size networks (3 or 4 nodes) with limiteqyg jink scheduling problem and the ferry route problem, and
size buffers. However, even with such small networks Whally we describe our algorithm in detail.

still had a state space explosion problem. Hence, we decided
to use an alternative state space description that aggeeg#t. Deficit Round-Robin Scheduling and Message Ferry Rout-
some of the details in the original system state. We triédg
multiple alternative state descriptions and decided to Usepeficit Round Robin (DRR) is a scheme that allows fair
aggregated node buffertn this case, the buffer of each nod&chequling of multiple flows over a single shared link. It
is represented by a single number which is the total numhgrgesigned to deal specifically with the case of flows with
of messages in that node’s buffer. This state descriptias dQJnequaI and unpredictable packet lengths and does noreequi
not hide much of the details of the original state and reducgspriori knowledge of average packet sizes for flows.
the number of system states significantly in the same time. The details of DRR can be found in [9]. A router that
An optimal route can be thought of as the set of paifg,plements DRR has a separate queue for each incoming
(state, decision), where state represents the state of thefow, For each queue there is a deficit counter that keeps
system as described in II-C antkcision is the next node track of the amount of service granted to that flow. Before
to visit. Basically, this pair means that if the system is@#& e DRR algorithm starts, all deficit counters are initiediz
state, the ferry should move to nodcision. When applying o zero, and in each round a flow is allocated a quan@m
optimal routes to ferry movement, it does not necessardylte \yorth of bits. In the simplest cas@; = Q, for all flows
in cyclic routes. Hence, we choose to characterize optimal; \hich will result in equal shares of the link bandwidth
ferry routes with relative frequencies of node visits. for all flows. However, each flow can be assigned a different
We obtained the optimal ferry routes for many small netgjative bandwidth by having different values 6f. Queue
works that have different distance and traffic configurations zjiocation is accumulated in a deficit counte;. When
(including networks in Figure 2). Studying relative freqo@s 5 queue is visited one or more packets are serviced with the
of node visits for these routes, we came to the followingondition that their total size is less than the accumulated
observations: deficit counter. IfB; bytes are serviced then the deficit counter
« Nodes that have higher traffic rates (in, out, or both) terid decremented bys; bytes and the scheduler moves on to the
to have higher relative frequency than nodes with lowerext queue.
traffic rates. This observation means that a node that send¥Ve consider using a DRR-based scheduling heuristic as
or receives more data gets to be visited more frequentlye basis of a message ferry route design that embodies the
than other nodes. insights we learned from solutions to our MDP formulatian. |
« Optimal routes tend to favor travelling shorter distanceis straightforward to see an analogy between link schedulin
meaning that nodes that are located relatively far froomsing DRR and message ferry route design. Observe that
other nodes usually have lower relative frequencies. Qine ferry itself represents a resource (analogous to a link)
the other hand, nodes that are closer to other nodes hatared among a set of stationary nodes (analogous to flows).
higher relative frequencies. The distance between the current location of the ferry and a
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n getNextLocation (credits)
if getDRRCandidatesgrr_loc) # () then
[* Continue with the current round */
candidate_list = get DRRCandi dat es(curr_loc);
next_location =t i eBr eak(candidate_list);
credit[next_location] = 0;
return next_location;
else

/* Start a new round */

particular node is analogous to the size of the packet vgaiti
in a flow’s queue — the distance should be traversed only if
the node has accumulated enough credit. A ferry visit to a
node can be considered in this analogy equivalent to serving
a packet from a certain flow.

To illustrate this analogy, we apply it to the network in figur
2(a). In this case we have four “flows” labelédhrough4, one
representing each node. If we assume the ferry to be cwrentl
at nodel, it means that “flow”1 has just been served and updat eCr edi t s (credits);
the DRR algorithm will have to decide which “flow” to serve b ; Do

) get Next Locat i on(credits);
next. That also means that packet lengths coming from flowsend "
(nodes)2, 3,4 are represented by their distances from nbde
which arel, v/2,1 respectively. Fig. 5. getNextLocation function, it gets called each time firry makes a

We emphasize that this is only an analogy that inspirgscision to select a new destination
our heu.rlstlc and is not a formal mapping between the I|n!< getDRRCandidates ¢urr_loc):
scheduling problem and the message ferry route problems,,. It candidate_list — {}
nevertheless, useful as it provides guidance for the cactiin for all nodei £ curr_loc do
of an efficient heuristic. Furthermore, there are enoughes=g if credit[i] > dista_nceaﬁurr loc, i) then
of freedom in the DRR scheduling framework that allows us candidate list L= -
to incorporate ferry route design features that were lehrne end if - '
from our MDP formulation. end for

B. Ferry Route Scheduling Heuristic Fig. 6. getDRRCandidates function, it computes thedidate_list

Figure 5 shows the high level pseudo-code for the DRR-
based route scheduling process. The details of the subesutiye finally settled on for our heuristic, and the rationaleibeh
are explained in text. The functioget Next Location is  choosing them.
called by the ferry each time it concludes a visit to a node and
needs to find its next destination.The operation of our alggpdateCredits. This function is called at the beginning of each
rithm can be explained as follows. As in traditional DRR, w&€ew roundk. It generates the quantum service valagsfor
maintain a service quantum counter for each stationary nog@ch node and updates each node’s credit counterdit|i]
i, we call itcreditli]. Initially, credit[i] is set to zero for alf. by addingQ} to the counter’s old value. We compute the
Each time the ferry needs to make a decision it computes a ¥@uesQ} as follows. Letr;; be the traffic rate going from
of nodes that can potentially be the next destination, we cApdei to nodej, ands; be the total aggregated traffic rate
this set thecandidate_list. Functionget DRRCandi dat es ~ Originating from and destined to nodgthens; can be written
in Figure 6 computes this list. It simply returns all nodes as N
that satisfy the conditionredit[i| > d(curr_loc, 1), where the o — Z (r__ i T__)
latter is the distance between nodand the current position ’ v
of the ferry. The ferry then applies a tie breaking algorithm _ o
to select a destination from themndidate_list. After that, We also defines = m}n(si) as the minimum aggregated data
the credit value of the selected nodecredit[i], is reset to rate for all the nodes. Now, let;; be the distance between
zero. The tie breaking algorithm is implemented in functionodesi and j, and letd; = Efil d;j/(N —1) be the average
t i eBr eak which will be explained in detail later. distance between nodeand all other nodes. If we assume that
When the functioget DRRCandi dat es returns an empty the ferry was at node at the beginning of round, then we
candidate set, it means we reached the end of a round anda@@pute the quantum valu@’ for node; using the following
beginning of a new round in the algorithm operation. At thiformula
point, the credit counters of all nodes;edit[i], have to be Q? = d; x %
updated. This can be seen in Figure 5 in the function call s
updat eCr edi t s. The details of the approach we follow toThe reason behind making the credit quantum directly propor
update credit counters will be explained shortly. tional to the average distance is to ensure a candidate atet th
Looking at the algorithm pseudo code, it is clear that its big enough to give the ferry flexibility in choosing its ex
operation can be controlled by the two functionpdate- destination. This makes the credit increase consistenthehe
Credits andtieBreak. Using different approaches in these tw@ node is close or far while favoring nodes whose distance
functions can change the performance of the algorithm fsignfrom the current node is below average.
icantly. We have considered many possible implementationsWe also used the square root in the above equation because
for these two functions. Below we present the functions thatf the resemblance we found between the ferry scheduling

j=1
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problem and other problems that proved to have optimal soia-a 4km x 4km area. There is one additional mobile node
tions when using square roots of similar ratios. For exampl@hich acts as a message ferry. Every node has a wireless
in [13] it was shown that in a teletext broadcast system, tlirgerface with a radio range @0 meters and a bandwidth of
optimum mean response time can be obtained if the ratioMbps. The ferry is assumed to move in straight lines and
between the probabilities of selecting any two differenggm at constant speed a6 m/sec. All stationary nodes are strictly
for transmission was equal to the square root of the rawonfigured to communicate only with the ferry, which means
of the probability of these pages getting requested by usefstwo stationary nodes fall in radio range of each other they
In a different context, a similar result was found in optimallo not communicate or exchange data. Each point in the plots
replication strategies in unstructured peer-to-peer otsv In  in this section was averaged ov& simulation runs. In these
[14], it was proved that for any two data items, the optima6 runs we use9 different node placements generated with
ratio of allocation is the square root of the ratio of the guerifferent random seeds, and we use each of these placements
rates, where allocation of an item means the number of @pliavith 4 different traffic traces again generated with different
of the item in the peer-to-peer network. random number seeds.

As mentioned earlier, nodes can be either uniformly placed

t|$I?r:eak. r;[:('js tfunnctl(;)n IS c?kllledn b)if[ ;he tfiﬁ”t)i/ tno _T_el(:::t konfn the area or clustered. Random uniform allocation is sympl
or the ca ate nodes as the next destination. 10 make g, by selecting botlhr andy coordinates of any node as a
decision, we go through multiple levels of filtering, rechugi

. . _uniform random variable in the intervéd, 4 . Cl rs ar
the size of the candidates set after each level. In the f|u ° andom variable in the interved, 4000). Clusters are

f‘a‘med in the following manner. Assume we haveclusters
filter, we select thew least recently visited nodes by the g '

. ) th first selectM lust t iforml
ferry. The ferry can easily do that by keeping track of the la: en we frst se'ec random cluster centers uniformly

Tistributed over the area. We do that in the same way we

time it visited each node. In our |mplgmentatlpn we Chos(ﬁd with the uniform random nodes. Then, for each of ffie
w = Neandidates/2 Where Negndgidates 1S the size of the

candidates set. After applying the first filter, if the caradés nodes, we first assign a node randomly to any of the clusters

set still has more than one node then we apply the secoa}ln then compute its andy coordinates using the formula
. P = X .+ Z x4 vM =« Nandy =Y.+ Zx4 VM x N
filter where we select half of the nodes that are closest to e+ 24000/ « IV andy e+ 24000/ *

current position of the ferry. In the third stage, if needed, ere 7 ~ N(0,1), and (X, Y) are the coordinates of the

. : . cluster center.
select the node with the maximum out traffic ratewhere . . . .
N . : Message arrivals follow a Poisson process in our sim-
r; = ;1. If multiple nodes have the same maximum

value R; we select the one that has more messages in ttlgnons. If a flow sends traffic at a rate af bps then

: . . . hé corresponding Poisson arrivals flow will have a rate of
ferry buffer, and finally if we still have a tie we randomly ) . L
w/msg_size, Wheremsg_size is the message size in bits.
choose one of the nodes.

. o . N .. Since we are interested in measuring the mean and the stiandar
Using these levels of filtering gives us significant flexiyili o .
. . . ._deviation of the data delivery delay, we assume that the ferr
in choosing the node from the candidate set that satisfies o
. . : .~ and all nodes have infinite buffers and that messages have an
multiple properties at the same time. For example, insight. . : .
. o Infinite TTL (Time-To-Live).
gained from our MDP solution indicates preference for the We use both uniform and non-uniform traffic distributions
selection of least recently visited nodes, and this is ssgreed . . . ‘
Ijg uniform traffic, every node sends traffic to every otherenod

by the first filter. The same applies for the next filters whe X :
we chose the nodes that are closer to the ferry then the no@”%1 the same data rate. If nodés sending data at a total rate

with higher traffic rates, and so on. We have tried to chan e’ Kbps, then the traffic rate from nodelo any other node

the order of these filters and even tried other filters, but t eWIII be r/(N —1) Kbps. In non-uniform traffic distribution,

above described set of filters gave us the best results wrgsgrlqi'tnlggwifh?r\]’: :‘}I(?vcgr;satsi r?]te dsaiga?a?éhﬁ;i\'/swgn:janfezmIy
tested through simulations. y 9 P

the rest of the flows sending at rates similar to the uniform
IV. SIMULATION RESULTS traffic case. In all the experiments below, high data ratedlow

In this section we evaluate the performance of our DRave rate of500Kbps. Note that a flow is defined here by a
based ferry route design algorithm and compare it to tHeource, destination) pair.
performance of the TSP-based solution in [2], [4]. We use
the mean and standard deviation of data delivery delay Bs
our performance metrics. We perform the evaluation underWe start our evaluation by the uniform node allocation case.
different node placement and traffic patterns. For nodeepladVe compare the performance of the DRR-based algorithm
ment, we use both random uniform and random clustered nagligh the TSP-based solution in [2]. We perform this study
allocations. We also evaluate the performance under unifousing uniform and non-uniform traffic distributions.
and non-uniform traffic distributions.

Uniform node allocation

) ) Uniform traffic . We vary the total traffic rate going out from

A. Simulation setup each node, from0 kbps t0250 kbps. Figures 7(a) and 7(b)
We used the ONE simulator [15] as our simulation enviespectively show both the average and standard deviafion o

ronment. We use a network @b stationary nodes distributeddata delivery delay versus node traffic rate. Our first olesserv
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tion is that our solution and the TSP-based solution have veE. Clustered node allocation

similar performance at low data rates (upte0 kbps), with |, this section we evaluate our algorithm with the nodes
the TSP-based solution being slightly better. When nodédrafyeing clustered intd clusters. Clusters are randomly created

increases td50 Kbps, we observe a significant improvemeng explained earlier in the section. Evaluation is perfatiioe
in our scheme over the TSP solution. The improvement |31 uniform and non-uniform traffic.

approximately80% in the mean delivery delay arB0% in
the delay standard deviation. Our explanation for that tieha Uniform traffic . Figure 9 shows the results for the 4-clusters
is as following. In the case of uniform traffic, queues atase with uniform traffic. We can observe that at lower data
nodes fill up at the same rate with messages waiting to tafes (0 — 50 Kbps), similar to the uniform node allocation
sent. The TSP-based solution serves these queues at the szase, our algorithm and the TSP-based solution have similar
rate because the ferry visits a node only once in a cyclerformance. After that, our algorithm improves signifigyan
Our solution, on the other hand, takes advantage of the n@ver the TSP solution. For example,1#0Kbps and200Kbps
uniformity in distances between node pairs and favors nod&s get about150% and 200% better delay respectively.
that are relatively closer to other nodes. Improvement in the standard deviation is even larger, we can
] _see in Figure 9(b) that in our case the standard deviation is
At node traffic rate 0f200 Kbps, the TSP-based solutiong |ow constant until we reach traffic rate 50 Kbps then it
performance improves significantly. In order to explain thgjigntly increases after that. Looking closer at the feoytes
reason for that, recall that the solution in [2] is a 2-phasgith clustered nodes, we observe the following.
solution. In the first one a TSP route is obtained, and in the The ferry goes more frequently to clusters with more

rswiszn:ar?hiixiﬁ dzznt(c))d;ec;ft gg:fai:'\hsarcjr;\)//i d?ﬁ ?gdjirgni?\?ﬁ nodes. In such clusters, the ferry will collect and deliver
9 q ) more data specially with uniform traffic. This helps

Before 200 Kbps, phase-2 of the TSP solution gives zero o e average data delivery delay for the whole

extended periods, however, 2860 Kbps or above it gives network

E?StggleTg)sentie?oEerlfgs Wg"cgl;gnﬂgvesd;he _tpe:(;rmance. The ferry goes less frequently to clusters that are rela-
solution. However, pPS despite having tively far from the other clusters. This behavior is similar

ngtg':/fhzﬁt?r?:?%ge;'cggﬁér?ur solution performs aliig to our observation with single nodes in the uniform node
: allocation case.

Non-uniform traffic . Figures 8(a) and 8(b) show the averagBlon-uniform traffic. In this case, we do not differentiate
and standard deviation of the delivery delay plotted adainsetween intra-cluster and inter-cluster flows when chapsin
node ftraffic rate for this case. Note that the x-axis repitssethe high rate ones, instead they are selected randomly from
the traffic rate of a node after excluding the high traffic ratell flows in the network.

flows. Looking at Figure 8(a), we can see that our schemeFigure 10 shows the results for the 4-clusters case with
always performs abow0% better than the TSP-based schemeon-uniform traffic. Our algorithm always outperforms the
The only exception is at00 Kbps where the two schemesTSP-based solution. For low to moderate traffic rates
perform very close to each other. The reason is thatoat 150Kbps), our algorithm achieves abo8®% — 150% lower
Kbps the TSP-based scheme starts getting positive extendgdrage delay than the TSP-based approach. At higher rates
periods of time for the ferry which improves both the mea(200 — 250Kbps) the improvement in delay becomes lower,
and standard deviation of the delay (see Figure 8(b)). however, standard deviation in our case is still abt&i%
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TABLE |
lower than the TSP-based case. DRR VS WEIGHTED-DRR RESULTS

D. Weighted DRR-based ferry routing Scheme Mean delay\ mean{1 — 3} delay \ 1:2:3:4
In this se_ction we explor_e the possibil_it_y of using our DRR- DRR 556 556 1 1.1.1
baseq routmg_algorlthm to impose specific user prefereom_as Weighted-DRR 792 173 2:1:2:1
certain flows in the network. Basically, we ask the following
guestion: can we use our algorithm to give preference to
reducing the mean delivery delay of certain flows in the
network more than others? This can be very beneficial geciding about its next destination. However, without afiag
certain flows contain important information that needs to BBe tie breaking logic, this is not enough to guarantee adrigh
delivered faster than data coming from other flows of lowé&hance of getting actually selected as the next destinafion
priorities. achieve that, thei eBr eak function should be more sensitive
In order to give preference to reducing the mean delay & these preferred nodes such that if thendidate_list
any flow over others, the end nodes of that flow should @ntains any nodes that belong to preferred flows, the tie
visited more often than with the normal algorithm applioati breaking logic should be biased towards selecting one skthe
As mentioned earlier in section 1II-B, the operation of ouRodes.
algorithm is governed by the functionpdat eCr edi t s and We give a simple example to illustrate the effect of using
ti eBreak. In order to increase the probability of choosinghese changes on both the resulting ferry route and the mean
either of the two ends of the flow of preference, we magelivery delay. Consider the node configuration in Figure
need to modify both functions. Increasing the amount @f(a), but assume all traffic flows are equall@ Kbps. We
service quantum granted to nodes that are members (sendetsct the flow between nodgs, 3} as the preferred one. In
or receivers) of preferred flows will increase the likelidoothis example, we modified the functiongppdat eCredits
they will be selected as potential candidates when the ferryand ti eBr eak as follows. Inupdat eCredits, at the
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beginning of a new round, we double the service guantumetwork conditions through simulations. We use the average
granted to nodes, 3. In t i eBr eak, after applying the first and standard deviation of data delivery delay as our evaluat
tie breaking filter (see section 1lI-B), if we find either ofdes metrics. Simulations results show that our algorithm panfo

1,3 or both in thecandidate_list, we randomly select one of better than other existing approaches for both metrics.

them as the next destination. Table | summarizes the result$-uture work includes developing the weighted version of
with and without using the weighted DRR approach. Columour DRR-based ferry route design algorithm. We will also
4 represents the relative frequencies of visiting node&s3,4 consider performing more simulations in different network

in the resulting ferry route. We observe that using the wieigh conditions to improve the algorithm performance.

DRR scheme improved the mean delivery delay for the traffic
between nodeg,3 by about17.5%. However, in the same
time, the mean delay time for other flows increased about]
30%.

We believe that improving preferred flows mean delay can
be done by the weighted DRR scheme. However, this problel[ﬁ]
needs a more careful and detailed study to develop mofg
sophisticated methods that can be generally applied witte mo
confidence in their results. We leave this as future work.

V. CONCLUDING REMARKS .

In this paper we revisit the problem of message ferry routgs
design in the case of stationary nodes and a single ferry. Our
goal is to develop message ferry scheduling techniques th
are more specifically targeted at optimizing message delay
and that are able to deal with non-uniformity of traffic andl7]
distance among nodes. We start by formulating the problem
as a Markovian Decision Problem (MDP) that minimizes thgg]
average data delivery delay.

In principle, this MDP formulation should be capable of %
providing our desired solution. However, due to the expeneno]
tial growth of the MDP state space, we were able to solve the
MDP and get the optimal routes only for small problems.

This led us to adjust our approach and seek a more heurigti
solution. Consequently, and driven by both the insights we
learned from optimal routes of small problems and the sin{ll-s]
larity between our problem and the link scheduling probleim4]
in traditional networks, we propose a new ferry route desiafs]
algorithm that is inspired by the Deficit Round-Robin lin
scheduling algorithm. We evaluate our algorithm in diffdre
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