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Abstract— This paper studies data transfer opportunities be- are met, nor the recent history of contacts, or the time of the
tween wireless devices carried by humans. We observe thateh day, in order to make forwarding decisions. Instead forivayd
distribution of the inter-contact time (the time gap separding gecisions are based on statically defined forwarding riias t

two contacts between the same pair of devices) may be wellb d th b f dat i th b fh
approximated by a power law, over the range [10 minutes; 1 day oun € number ol data replicas, or the number of hops.

This observation is confirmed using eight distinct experimatal Baged on our experimente_ll .observations, we develop a
data sets. It is at odds with the exponential decay implied by simplified model of opportunistic contact between human-

the most commonly used mobility models. In this paper, we carried wireless devices. It is based on several indep&eden
study how this newly uncovered characteristic of human mobity assumptions which are common in the literature of mobile

impacts one class of forwarding algorithms previously projsed. . . .
We use a simplified model based on the renewal theory to study ad-hoc routing. We do not claim that this model captures

how the parameters of the distribution impact the performance ~ the performance of different forwarding algorithms acteisa
in terms of the delivery delay of these algorithms. We make Rather, it serves our purpose which is to demonstrate how the

recommendations for the design of well founded opportunist  tail of inter-contact times influences the performance dgfea
forwarding algorithms, in the context of human carried devices. forwarding algorithms, and how these should be configured to
offer reasonable guarantees.
Experimental results are presented in Section Il. In Sec-
|. INTRODUCTION tion 1ll, we model contact opportunities based on our obser-
The increasing popularity of devices equipped with wirgleyations and we analyze the delay that wireless devices would
network interfaces (such as cell phones or PDAs) offers nexperience using a class of forwarding algorithm previpusl
communication services opportunities. Such mobile devicstudied in the literature. Section IV is dedicated to relate
can transfer data in two ways - by transmitting over a wirelegvork. The paper concludes with a brief summary of contribu-
(or wired) network interface, and by taking advantage dions and presentation of future work, including a disaussi
user’s mobility. They form a &ket Switched Network [1]. of our assumptions.
Communication services that rely on this type of data temnsf
will strongly depend on human mobility characteristics and
on how often such transfer opportunities arise. Therefor®, Data sets
they will require networking protocols that are differendrh In order to conduct informed design of opportunistic for-
those used in the Internet. Since two (or more) ends of thwarding algorithms, it is important to analyze the frequenc
communication might not be connected simultaneously, it @d duration of contacts between human carrying communi-
impossible to maintain routes or to access centralizedceesv cating devices. Ideally, an experiment would cover a large
such as the DNS. user base over a large time period, as well as include data
In order to better understand the constraints of opportienison connection opportunities encountered twenty-four &aur
data transfer, we analyze eight distinct data sets cotleicte day.
networks with mobile devices. Three data sets come fromWe examined two types of data sets. First, we use public
experiments we conducted ourselves. We define the intemces measuring connectivity between clients and access
contact time as the time between two transfer opportunitigpints in several wireless networks (using WiFi or GSM
for the same devices. We observe in the eight traces that teehnology); contacts between the clients were deduced fro
inter-contact time tail distribution is slowly varying avea the traces following an assumption that we discuss beloer. Se
large range. Inside this range the inter-contact timeitligion ond, we collected our own traces of direct contacts recorded
can be compared to a power law. We study the impact o$ing small portable wireless radio devices (iMotes) thaten
those large inter-contact times on the actual performande aistributed to different groups of people. We found a few
theoretical limits of a general class of opportunistic farding other traces of direct contacts and we have included them for
algorithms that we call “naive forwarding algorithms”. &lg comparison with ours. In total, there are eight data sets, th
rithms in this class do not use the identities of the devibas t characteristics of each of them are summarized in Table I.

Il. EXPERIMENTAL ANALYSIS



User Population Cambridge | Hong Kong | Infocom Toronto UCSD Dartmouth MIT BT MIT GSM
Device iMote iMote iMote PDA PDA Laptop/PDA | Cell Phone | Cell Phone
Network type Bluetooth Bluetooth | Bluetooth | Bluetooth WiFi WiFi Bluetooth GSM
Contact type direct direct direct direct AP-based| AP-based direct AP-based
Duration (days) 3 5 4 16 rad 114 246 246
Granularity (seconds) 120 120 120 120 120 300 300 10
Devices participating 12 37 41 23 273 6,648 100 100
# of internal contacts 4,229 280 22,459 2,802 195,364 4,058,284 54,667 572,190
# of internal contacts/pair/day 10 0.042 3.4 0.35 0.034 0.00080 0.022 0.23
Recorded external devices 148 1,840 197 N/A N/A N/A N/A N/A
# of external contacts 2,441 6,881 5,723 N/A N/A N/A N/A N/A
TABLE |

COMPARISON OF DATA COLLECTED IN THE EIGHT EXPERIMENTS

1) AP-based data setdJCSD [2] and Dartmouth [3] traces of our data is now available to other research groups on the
make use of WIiFi networking, with the former includingCRAWDAD? archive.
client-based logs of the visibility of access points (ARg)jle We include in this paper the results from three iMote-based
the latter includes SNMP logs from the access points. Tle&periments. The first obtained data from twelve doctoral st
durations of the different logs traces are three and fourthendents and faculty comprising a research group at the Urifyers
respectively. Since we required data about device-toegevof Cambridge. The second experiment included a group of
transmission opportunities, the raw data sets were uideitathirty seven participants in Hong Kong selected in such a way
for our experiment and required pre-processing. For bota dahat they do not belong to the same work or social group,
sets, we made the assumption that mobile devices seeingdhd in particular that none of them knows each other. The
same AP would also be able to communicate directly (in athird experiment was conducted during the IEEE INFOCOM
hoc mode). Consequently a list of transmission opporesiti2005 conference in Miami where iMotes were carried by 41
was deduced for each pair of devices, which correspondsattendees for 4 days. The contacts collected by iMotes are
the time intervals for which they share at least one AP.  classified into two groups: the sighting of another iMote is

The traces from the Reality Mining project [4] at MIT Me-classified as an “internal” contact, while the sighting dfieat
dia Lab include records of visible GSM cell towers, collectetypes of Bluetooth devices is called an “external” contdbe
by 100 cellphones distributed to students and faculty on tegternal contacts are numerous and they provide a measure
campus during 9 months. We have assumed, as above, tfathe wireless networking opportunities present at thateti
two devices are in contact whenever they are connected wiititernal contacts, on the other hand, represent the daisféra
the same cell tower. opportunities among participants, if they were all equigppe

Unfortunately, the assumption we have made for all thesgth devices which are always-on and always-carried.
data sets introduces inaccuracies. On one hand, it is overlyn addition to our own experiment, we found two data
optimistic since two devices attached to the same (WiFi eets with direct contacts, and included them for comparison
GSM) base station may still be out of range of each other. Qe University of Toronto have collected direct contactés
the other hand, the data might omit connection opportuitiaising 23 Bluetooth-enabled PDAs distributed to a group of
such as when two devices pass each other at a place whgtelents. These devices performed a Bluetooth inquiry each
there is no instrumented access point. Another potensakis 120 seconds and this data was logged. This methodology does
with these data sets is that the devices are not necessatily require devices to be in range of any AP in order to collect
co-located with their owners at all times. Despite these&-inacontacts, but it does require that the PDAs are carried by the
curacies, these traces are a valuable source of data sganpeticipants, and charged. The data set we use comes from
many months and including thousands of devices. In additin experiment that lasted 16 days. The traces from the Realit
considering two devices connected to the same base statigining project [4] include direct Bluetooth sightings, eded
as being potentially in contact is not altogether unreastena every 300 seconds by each participant’s cell phone.

These devices may indeed be able to communicate locally
through the base station.

2) Direct contact data setsin order to complement the
previous traces, we did our own experiment using Intel ipte We are interested in how the characteristics of transfer
which are embedded devices similar to Crossbow mpte§pportunities impact data forwarding decisions. In thipegra
except that they communicate via Bluetooth. We programmiég focus on how often such opportunities occur, but not on
the iMotes to log contact data every 120s for all visiblgheir duration. We decided not to analyze how much data
Bluetooth devices (including iMotes as well as other Blogho €an be transported during a transfer opportunity, because t
devices such as cell phones). Each contact is representad I§§rongly depends on the wireless technology used. Later in
tuple (MAC address, start time, end time). The experimenr analysis (see Section Ill), we will assume that all cotsta
settings are described in detail in [1]; an anonymous varsi#@st a single time slot and we will address two extreme cases

B. Definitions

1See www.xbow.com 2See crawdad.cs.dartmouth.edu



corresponding to a lower and upper bounds of the amountwiien all pairs’ distributions are combined, each with an
data that could be transferred in each connection oppdytunequal weight, in a distribution that we call thaggregated

We define thénter-contact timeas the time elapsed betweerdistribution Second, we use a parametric model motivated
two successive contact periods for a given pair of devicesy this first part and estimate the parameter ofiticévidual
Inter-contact time characterizes the frequency with whiata distribution for each pair.
can be transferred between networked devices; it has rarelyl) Aggregated distribution:Figure 1 presents the aggre-
been studied in the literature. Two remarks must be made wihted distribution for different data sets. All plots shawe t
regard to this definition: complementary cumulative distribution function, usingog-|

First, the inter-contact time is computed once at the emag scale.
of each contact period, as the time interval between the end~or iMote experiments, “(i)” indicates that the data set
of this contact and the beginning of the next contact witthown is obtained using internal contacts only, while “(e)”
the same device An alternative option would be to computeindicates that the data set shown includes only external con
the remaining inter-contact timseen at any time, for each tacts. For the two first iMote experiments (labeled Camteidg
pair of devices: it is the time it takes after before a given and Hong Kong) we present only one case here (corresponding
pair of devices meet again (a formal definition is given inespectively to internal and external contacts). They howva
Section Ill). Inter-contact time and remaining inter-cett in Figure 1 (left), which also includes the distribution aised
time have different distributions, which are related, for among pairs of experimental devices in the trace from the Uni
renewal process, via a classical result known as the waitimgrsity of Toronto. Distributions belonging to the iMoteseal
time paradox (see p.147 in [5]). A similar relation holds foexperiment at Infocom are shown in Figure 1 (middle), where
stationary processes, in the theory of Palm Calculus (sE® pdistributions associated with internal and external ccista
in [6]). We choose to study the first definition of “inter-cant have been plotted separately for comparison. Figure 1tfrigh
time seen at the end of a contact period”, as the second gipessents the distribution of inter-contact computed utiages
too much weight to large values of inter-contact times. leot from other experiments than ours.
words the definition we have chosen is the most conservative_et us first note that, although inter-contact are short in
one in the presence of large values. most cases, the occurrence of large inter-contacts is dan fr

Second, the inter-contact time distribution is influencgd negligible: in the three iMote based experiment, 17 to 30%
the experiment’s duration and its granularity (i.e. theetimof inter-contact times are greater than one hour, and 3 to 7%
elapsed between two successive scanning for the same Hevigkall inter-contacts are greater than one day. In the Taront
Inter-contact times that last more than the duration of tliata sets, 14% of inter-contacts last more than a day, and 8%
experiment cannot be observed, and inter-contact timese clonore than a week. These large inter-contacts are even more
to the duration are less likely to be observed. In a similay,wapresent in the traces collected in UCSD, Dartmouth and MIT,
we cannot observe the inter-contact times that last less tHhe most extreme case being the MIT trace using Bluetooth
the granularity of the measurement (which ranges from tvaghtings, where up to 60% of the inter-contacts observed ar
to five minutes among different experiments). above one day. The variation between data sets is significant

Another measure of the frequency of transfer opportunitiéis can be expected given the diversity of communication
that could be considered, is tirger-any-contact timgi.e. fora technologies and population studied, as well as the impact
given device, the time elapsed between two successiveatsntaf experimental condition (granularity, duration). Buteyh
with any other device. This measure is very much depend@tto present common properties that we now discuss in more
on the density of wireless devices during the experiment, dstails.
it characterizes time that devices spend without meeting an We now concentrate on the region between 10 minutes and
other device. This measure was studied for most of these daree day. In this region, all data sets exhibit the same chearac
sets in [1]. We do not present further results here, due toisdics: the CCDF is slowly varying, it is lower bounded by the
lack of space. CCDF of a power law distribution, that may in some cases be
a good approximation. This contradicts the exponentiahgec
of the tail which characterizes the most common mobility
o S _ ~models found in the literature (see Section IV), and we prove

We study the empirical distribution of the inter-contaniés i the next section that it can have a significant impact on the
obtained for all experiments shown in Figures 1 and 2. performance of opportunistic networking algorithms.

For all plots, an empirical distribution of the inter-cocta T justify the above claim, we studied the quantile-quantil
times was first computed separately for each pair of devicggt comparison between the empirical distribution found
that met at least twice. It is hard to study the charactesstigng three parametric models (exponential, log-normal, and
of the distributions for all pairs individually, becauseett power law). An example is shown in Figure 2 (left) for the
are many such distributions, and that some of them may offistribution based on internal contacts during the Infocom
include a few observed values. This is why we follow @yperiment. All parametric models have been set to take the
two-step approach: First, we present the distributioniobth same median value as the empirical distribution. We also

3 _ _ _ o normalize the power law to fit the granularity t=120 seconds,

Note that we did not include the time between the beginninghef L . .
experiment and the first contact for a pair, nor the time betwthe last and the Iog-normal distribution such that the loga”thmm
contact of a pair and the end of the experiment. the empirical variable and the model have the same variance.

C. Inter-contact time characterization
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Fig. 1. Aggregated distribution of the inter-contact timeeight data sets experiments: iMote-based experimentsrab@dge and Hong Kong, and Toronto
experiment (left), iMote-based experiment at INFOCOM (d#], data collected at UCSD, Dartmouth and MIT (right).
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Not surprisingly, we observe that the three models deviatich is also called the “heavy tail index”, is critical fdnet
significantly from the empirical findings for values abovesonperformance of opportunistic forwarding algorithms (ske t
day. As expected the exponential distribution is very fanfr analysis in Section Ill), and we discuss it further below.

the empirical one, the quantile for the log-normal disttibo Figure 1 (middle) shows that the distribution is almost
deviates from the empirical case by a non negligible factamchanged if one consider internal or external contacte. Th
The power law distribution, by opposition, remains close tsame observation was made for other iMote experiments [1],
the empirical one for values up to 18 hours, and it seemsdgcept for the experiment conducted in Hong Kong where
be the most appropriate model to apply. In other data sets, trery few internal contacts were logged. Some variations of
power law may sometimes not match the empirical findingee heavy tail index have been observed depending on the
as well as in this example, but among these three modeldime of the day [1].

is always the closest to the empirical distribution. Foruesl 2) Individual distribution for each pair:So far we have
above one day, we expect models with additional parametetadied the aggregated distribution where all pairs haws be
(e.g. following a Weibull distribution) to improve the matc combined together, and we found that it can be approximated
with the empirical distribution, but that is beyond the seopby a power law for values up to 1 day. In this section, we
of this paper. assume that this claim can be made individually for all pairs

The most notable difference we observe between data s%'fg‘OUQh.lt.hz parameéerdqfl; this power I?]W' alsﬁ. called thi
is that the fit with a power law is better for the data sets thg avy tall index, may be different among them. This approac

contain the largest number of points, such as in Figure 1m lows us to study the heterogeneity between pairs via desing

dle) and (right). We also observe that the coefficient of tI,{Jﬁarameter, some of these results also measure the acciracy o
t

power law that is a lower bound on the range [10 minutes; e above assumption for each pair.

day] is different between data sets: this is 0.6 for the iMote Estimator for the heavy tail index Let us consider a pair
experiments at Cambridge and Hong Kong, as well as fof nodes, the sample of the inter-contacts observed for this
Toronto data sets, 0.35 for the iMote based experiment @ir will be denoted byXy,..., X, its order statistics by
Infocom, and 0.2 for traces collected in UCSD, Dartmouth anll;y < ... < X(,), and its median value by All times will

MIT. In all cases, it is belowl. The value of this coefficient, be given in seconds. If we assume that this sample follows a



power law with granularity 120s and heavy tail index we 1r 1
have:P[X > z] = (2/120)~%, such that an estimator ef =
based on the sample’s median is given by: g 0 £ o5t
e ol —
In(m — In(120) § o5 | o5 |
More generally one can consider all order statistiCs, °
that fit in the range [10 minutes; 1 day] and estimatbased 10 20 30 40 so0 1 10 20 30 40 s0
on each of them. It creates a collection of estimators for the k k

value of «, as follows:
1n(n) B ln(n . 2) Fig. 3. Correlation coefficients for the sequence of intamtact times: for
600 < X(i) < 86400, ¢t <n . all pairs of iMotes in the Infocom data set (left), for all paof devices in
In(X ;) — In(120) - - MIT GSM data set (right).

We denote byw and@ respectively the minimum and max-

imum value in this set above. It is equivalent to plot the, . . . . )
. . . Optained among pairs for the three estimators defined above.
empirical CCDF for this sample in a log-log scale, and bou

this CCDF from above and below by two straight lines that goa?h_estlmator stands for one box-plot: itis, from left ght

through probability 1 at time value 120s. These slopes wo @ & the thiCk. part indicat_es the valqes found in 50% of
be equal respectively toq and—a. By opposition tad, these e pairs, the thin part contains the region where 90% of the
two estimators are not centered around the valuev,0dnd pairs are found.

they do not converge to this value when the sample becomeén the Hong Kong and Dartmouth data sets,_where gontacts
are sparser, inter-contact samples for each pair contewesrf

large. They rather serve the purpose of a heuristic anaIyS|a Les. As a conseauence. the difference between estsnator
they characterize some bounds that are verified by each p\énJ ) q '

Note also that, intuitively, the difference— « indicates how can grow significantly. We even observe tiagoes slightly

0 o
the conditional distribution of the sample in this rangdeti Ee_yond; fglr 10% O{ tpetpa]irs in Hong Kor:_g data;_set:[although
from a pure power law. it is probably an artefact of our conservative estimate.

In Figure 2 (middle), we plot the values afand the interval ~ Correlation: in Figure 3 we show the auto-correlation
[o, @] for all pairs of iMotes during the experiment conductedoefficient for all orderk up to 50. A correlation coefficient
at Infocom. One can expect that the coefficient takes diffierevas computed for each pair, we present forkathe average
values among pairs, as some participants are more likelyuvalue we observed among all pairs, as well as the interval
meet often than others. We initially ranked all pairs acamgd containing 50% and 90% of the centered values (respectively
to their value fora, in the decreasing order. Although wein the thick box and the thin bar).
have computed these values for all pairs we only draw theln the Infocom data set, we observe a slightly negative
interval [o; @] for 100 pairs chosen arbitrarily according tacorrelation on average over all pairs, which reduceskas
their rank (one every 14), in order to keep the figure readab@mpes large. The variation of the coefficient among pairs is
As shown in Figure 2 (middle) estimations affor different quite important, although most pairs remain reasonably non
pairs may indeed vary between 0.05 and 1. Between thesarelated (the thick box remains always less tharb away
two extreme values, which are very rarely observed, estismafrom zero). Correlation coefficients are smaller when thia da
for almost all pairs lies between 0.1 and 0.7 depending srt is large (as seen for example in the MIT GSM trace shown
the estimator. Note that all estimatescofare smaller thari; here, as well as for all other long traces). This tends tacuei
the only exceptions are the upper estimatdor three pairs that these coefficients for all pairs would be closer to zéro i
(i.e. less than 0.2% of pairs in this case). The median badbé iMote experiment could be done with a longer duration,
estimate lies in [0.2 ; 0.4] for half of the pairs, the lowerand that the sample of inter-contacts collected for each pai
estimates (resp. the upper estimate) lies in [0.14 ; 0.23&p(r was bigger.
[0.32 ; 0.5]) again for half of the pairs. In the next section, we are assuming that all inter-contacts
These results have three major implications: First, tteesequence are independent (i.e. correlation coefficieatall
heterogeneity among pairs implies different possible eslutaken as zero). This simplification allows us to characesttie
for a, which are centered around the value already observeerformance of forwarding algorithms quite generally. 8om
when studying the aggregate distribution (i.e. 0.33). 8dco of the results we present can be extended to stationary iergod
the difference between the median estimator and the hieuristequences, but that is left for future work.
bounds we defined above remains withig5 except in a few
cases. Last, the upper estimatealmost never goes above
which establishes that the inter-contact distribution dach
pair is lower bounded in this range by a power law with a
coefficient smaller than. We now analyze the impact of our findings on the perfor-
The same results have been obtained for other data setance of a class of forwarding algorithms. We define first our
and they are summarized in Figure 2 (right). For each dahstract model of the opportunistic behavior of mobile siser
set indicated in the bottom, we show the distribution of ealu that is based on our experimental observations.

IIl. FORWARDING WITH POWER LAW-BASED
OPPORTUNITIES



A. Assumptions and Forwarding Algorithms arrived in a node, it can be sent to all other nodes that are
met. In the short contact case, only one data unit is sent at

1) Contact process modelVe consider a slotted time= :
once and, therefore, data can accumulate in the memory of the

0,1,.... For a given pair of device&d, d’), let us introduce

. (d,d’) ' : relay device.
its contact proces defined by: . -
P e Jizo y Note that our model does not take into account explicit
) _ 1 if d andd’ are in contact during slaf, geographical location or movement of devices; rather, 4t di
¢ ~ 1 0 otherwise. rectly describes the processes of contacts between devices

The results of this section extend to any mobility model vahic

F?CE s[;e pal(r((idé/)d’) we conszltg:i;:/g the sequence of .the time SIOtl?reates independent contact processes for all pairs ofegvi
Ty <y <. < T, " < ... that describes all the that follow this same law.
values oft € N such thatUt(d’d/) =1.

We do not include in this model the contact time represenrgm
ing the duration of each contact, assuming that each contact.
starts and ends during the same time slot. This is justifiee hé&" integer denoted byt
by the fact that we are interested in a model accounting for Rgd-,d’) — min {t’ ¢
consequences of large values of the inter-contact timeast w
observed (see [1]) that the contact time distribution map alAs the contacts for each pair are supposed to follow a renewal
be approximated by a power law but over a range that is mupl‘ocessﬁgd’d )isa homogeneous Markov Chain. As shown in
smaller than the range of inter-contact time. . Appendix A, it is recurrent, and ergodic if and onlydf> 1.

Under this condition, the time,gd’d) = T,ii’f) - T,gd’d) 2) Forwarding algorithms:We are interested in a general
for anyd,d’ andk > 0 is the inter-contact time after theth class of forwarding algorithms, which all rely on other dms
contact of this pair. We suppose in our model that it has tle act as relays, carrying data between a source device and
same law asX, which follows a power law with coefficient a destination device that might not be contemporaneously
a>0: connected. These relay devices are chosen purely based on

contact opportunism and not using any stored informatiah th
P X >t]=t"* forallt=1,2,... . (1) describes the current state of the network. The only inferma
tion used in forwarding is the identity of the destinatiortisat
Note thatX is not bounded but is almost surely finite. It may device knows when it meets the destination for a bundle. We
easily be seen thaX' has a finite mean if and only i > 1. call such algorithms “naive”, although they could be in ityal

In addition we assume that the contact prodés¥"*’);> quite complex and, as we will see, very efficient in some cases
of each node pair(d,d’) is a renewal process, and that The following two algorithms provide bounds for the class
contact processes associated with different pairs arepéme of algorithm described above:

dent. In other words, the inter-contact times in the seq@enc , ajt-and-forward: The source waits until its next direct

(ri""))kz0 are iid., for all(d,d’), and sequences belonging  contact with the destination to communicate.

to different pairs are independent. . flooding: a device forwards all its received data to any
We come back to these assumptions later in Section V. Note device which it encounters, keeping a copy for itself.

that these assumptions are verified, or implicitly assunited, e first algorithm uses minimal resources but can incur

most of the analyzes of currently proposed mobility modelgery |ong delays and does not take full advantage of the ad-
This is because it is typically very difficult to analyze mégle < hetwork capacity. The second algorithm, initially pyegd

where dependence may arise between different devices0r7) delivers data with the minimum possible latency, but

between successive events occurring with one or more devicgas not scale well in terms of bandwidth, storage, and tyatte
Even if we do not explicitly model the contact time (each

' ! : tsage. In between these two extreme algorithms, there is a
contact lasts one time slot), we need to take into consierat,, e range of algorithms that differ in the number of relays

the fact that a contact may last long enough to transmit @qq to maximize the chance of reaching the destination with
significant amount of data. We then introduce two situationg delay as small as possible, while avoiding flooding. The
« theshort contact case where only one data unit can bemost important reason not to flood is to minimize memory
sent between the two devices during each contact.  requirements and related power consumption in relay dsyice
« thelong contact case where we assume that all queueand to delete the backlog of previously relayed message that
in the two devices can be completely emptied during eaglfe still waiting to be delivered, and could be outdated. A
contact. number of strategies, based on time-outs, buffer managemen
These two cases represent a lower and an upper bolift on the number of hops and/or duplicate copies have been
for the evaluation of bandwidth. The number of data unigroposed ([7], [8], [9]) to minimize replication and bacglo
transmitted in a contact (whether short or long) is defined as
data bundi& The long and the short case differ from a queuing_ Analysis of the two-hop relaying algorithm
standpoint. In the long contact case, as soon as a data @nit heHavin d ibed "
g described the class of

For any pair of devices(d,d’), let us introduce the
aining inter-contact time observed at time slot: It is
§d=d> and defined as

t'>t and Ui =1} .

naive” algorithms we are

4ln DTN standards, hundleusually denotes a large objectwithacollectionconsidering in this work, we now intrOduce the tWO-hOp
of data units. relaying algorithm [10], and evaluate its performance for t



model of power law inter-contacts that we have described:) If & > 2 and we assume that all contacts are long,

Results are generalized to the general class of naive Higusi limg oo E[Dy] = D < 400 and we have
i i i = = = = E[Xx?
in the following section. R< D <2R where R = % + Q_EE[X]] ]

1) Description: The two-hop relaying algorithm was in%z‘z’i) If @ > 2 and we assume that all contacts are short,
troduced by Grossglauser and Tse in [10]. This forwarding when each source sends data to a unique and distinct
algorithm operates as follow: when a source has a bundle to jagtination. with rate) < M-l then the delay of a

send to a destination, it forwards it once to the first devices 1 le has finite expectatioQﬁFX]’
that it meets. This first device is either a relay device or
the destination itself. If it is the destination, the bundie Proof: We study first the case of long contacts, where
delivered in one hop; otherwise the device acts as a relay amy amount of information may be exchanged when a contact
stores the bundle in a queue corresponding to this destimatioccurs between two devices.
Bundles from this queue will be delivered when the relay We analyzed here a single source-destination pair. The two-
device meets the destination. Bundles for the same déstinathop relaying strategy uses multiple routes to transportilmsn
are delivered by a relay device in a first-come-first-servéxlonging to this pair; that is because any other contacted
order. As queuing may occur in the devices that act as relaggyvice may act as a relay. This bundle is transmitted to the fir
in the short contact case, the forwarding process of bundlesay that is met by after timet,(f). Let , be this relay, we
sent by the source to a relay needs to be of lower intensiiyye,, — argmir;,#SR(f;)",); and this transmission occurs at
than the bundles sent by this relay to the destination. This i 2 ,
the case in the implementation proposed in [10] and we malt@e £ = ) fming Rig;f ). The bundle is then delivered
the same assumption below. __to destinationd at timet\” = ¢ + RU"*" We can rewrite:

We choose this algorithm to start our study of the impact bk
of power law inter-contact times on opportunistic forwagli
for the following three reasons:

« In the short contact case, this algorithm was shown | et s first establish the positive res(if) that the two-hop
[10] to maximize the capacity of dense mobile ad-hog|aying strategy achieves a delay with finite mean i 2.

(S;)T) + R(Tkad) ) 2)

— ) () _ s
D=t -1, = rrn;?istEC e

_n_etworl_<s,_under thg condif[ion that devices _Iocations areproving (i) : In this case,]E[XQ} is finite, and
i.i.d., distributed uniformly in a bounded region. @Ay )
« The mobility process of the devices is an importart |22, " (s.an B0 = E[X(X +1)/2] < oo, for any
-0
parameter. The authors of [10] assumed that each nqgiéir (4, d’) of devices. By Smith's formula (see (5) in the
moves at each time slot to an i.i.d. position, which implieg endix), we havés E [R(d’d/)}  E[X?]4+E[X]
that the inter-contact time is geometrically distributed™”P ' Mt—oo t T 2E[X]

This result holds more generally for any Markovian The proces$min,, R{*"); is taken as a minimum of a
evolution (such as a random walk) defined on a finit&nite number of independent processes, correspondingtt® pa
domain. It has also been shown when devices moyés, )| # s}, which all have the same law.

according to the random way-point mobility model (see E[X?] + E[X]
the analysis of Section 3 in [11]). Hence, lim E [min Rﬁs’”} <

« [10] and [11] have shown that data experiences a finite oo | r#s 2E [X]
expected delay under these conditions. Lemma 2 can then be applied to this process, with

2) Analysis:We considetN mobile devices which transmit (t,(f))kzo which is independent from it; this proves
data according to the two-hop relaying algorithm described 1 [min Ren| < E[X?] + E[X]
above. Instead of the mobility model used in [10] we assumecc | r#s > | — 2R [X
that contacts between devices follow the model that we havelf we consider the collection of random variables
introduced in the beginning of this section. ((R{")1>0)rs, the condition(i) of Lemma 2 is met. As

To ensure stability in the relay’s queuing mechanism, V\(é](:))kzo and (r)x>0 depend only or(t,(f))kzo and contacts
assume that the soureds not saturated: bundles are creategrocesses belonging to other pairs théfr,d)|r # s},
at s during a sequence of time slots, denotec{ﬂj))kez, The they are independent from the collection above, and we have

same assumption is made for the long contact case altho%gll;lkéoo]E R("‘kvd)] _ (1+E[X2]) . Using (2), we have

stability of the queue occupancy is not an issue in this cante ty” 2E[X]
as the queue is emptied after each contact with the destinati (re,d) . (s, (re,d)
We have the following result, that is a consequence from Rtgj) s Di= ?;?Rtgﬁ + Rt;” , hence
the regenerative theorem (or Smith’s formula). E[x? . E[X?
3(1+ ]E[[X]]) < lim E[Dy] < (1+ E[[X]} ) -

Theorem 1 For a pair of source-destination devices, d),
(s) i i
lett,”’ be the t|m(e;l)when thk:_th bundlg is cregted a¢ to be any law that admits a finite second moment.
sent tod, and lett,’ be the time when it is delivered tb Let Proving (i), for 1 < a < 2: Asa > 1, Smith’s Formula (5)
d S . @ el . 1 . ’
Dy =i — "), we have, starting from any initial condition: holds in this case for any functighverifying the integrability
(1) If a <2, limg_o0 E[Dyg] = +00. condition.

Note that this result holds if the law of is replaced by



Let » denote any device different from For convenience, C. Generalization

,d ,d i . i . . .
let us denoteX, = T1(T ) — 15", we have for anyd, that | this section we characterize the stability region (define
may be chosen arbitrary large: as the values of¢ for which an algorithm achieves a bounded
)y delay) for the general class of naive algorithms. We conduct
1 - . .
. o(ryd) . the following proofs in the long contact case only. We furthe
Ixizay < Z min(R; 0, A) < A- X1 esume, whem > 1 and therefore that a steady state exists,
t=15"" that the system has reached its stationary behavior; otbeerw

These variables are positive; they all have a finite expe\g-heno‘ < 1, we start from any |n|t|a_l condltlon.
We generalize the two-hop relaying algorithm as follows.

tation by comparison with the right term. This proves the

; iy o P : _ Instead of sending a single copy of a given data unit to a
integrability condition required in (5) for the functiof(z) = ! . ?
min(z, A), hence we obtain unique relay, the source will senah copies of each data

unit: one to each of the first: relays that it meets. As we

A4 D px, > A] S A2Ae have assumed that the contact processes belonging to these

E[X] = 2ERX] relays are independent, the source may thereby reducettthe to
transmission delay by increasing its probability to picletay
with a small delay to the destination among therelays to
oo which it has forwarded the message. This observation is made
cesses((R("?);>0),», verifies condition(b) of Lemma 2. rigorous in the following lemma:
As (t,(f))kzo and (r;)r>0 are independent of this collection,

A(A+1)
2

lim E [min(RET’d), A)} >

t—o0

As this inequality holds forA arbitrary large, andv < 2,
we have:tlim E fRY’d) = 400 . The collection of pro-

we can therefore deduce that Lemma 1 Let (Rgdhd’l))po’ o (Rgd’"’d%”)po be remain-
. (rad) . ing inter-contact times form different pairs of devices
Jim E [Rtgf ] = +oo hence lim E [Di] = +oo. (ds, d})1<i<m. We suppose that they have reached their steady
state.

Proving (¢), for a <1 : In this case, for any device the We supposen > 1 and thatl + - < o < 2,
Markov chain defining(Rgr,dl))t21 is recurrent null, so that (dr,d) (dmsd’ )
Orey’s theorem (see [5] p.131) implies : thenE {Rt ' } =...=E [Rt } = +oo

andE {min(REdhd;), e ,Rid’"’d;’b))} < o0.

lim P [ng = z} =0 forall i

e Proof: As a > 1, Lemma 3 (i) holds: A

In particular, for anyA, unique stationary distribution exists for the product ahai

. (r,d) B . (r,d) B Rﬁdl’d;), ceey Rﬁdm’di”), given as the product of the stationary
Jim P [Rt < A} =0 and lim P [Rt =z A} =1.  distribution for each component. Hence,

We haveE |R"?| > A.P [R"? > A|. As a consequence, P [min(REdl’dl), e Ry Z} = (P [Rgdl’d]) > ZD

and because the result holds for any arbitrary we have < ( — )m (i 4 1)@=

1imt_,ooE[R§“d) = +oo. This holds for any device-. T el . N

Another application of Lemma 2 with conditiofb) allows The expectation of the minimum is therefortle finite as soon as
. (re.d) —-m ~_(a —1) < —1 or, equivalentlya > 14 . [ |

us to provelimy .o, E {Rﬁ;) = +00. This result shows that for smaller than 2, the expected

The short-contact case:The result(i) follows from the time to meet the destination is infinite. However, the expect
long-contact case, as the delay in the short contact casdiffe for the destination to meet a group wf devices may
always larger. The proof ofiii) is a little more complex but have a finite expected value, provided that- 1 and thatm
follows from classical results on Palm Calculus in discreté large enough. This observation is the key component in the
time and random walks, it may be found in Appendix Bm  nextresult, which proves that using a two-hop relayingsgy

To summarize, we have identified two regions where tyth m relays is sufficient to extend the stability region to any
behavior of the two-hop relaying algorithm would differder valué ofa > 1. This theorem also proves that the case 1,
the power law inter-contact time assumption: Whenis Which is observed in most data sets, is of a quite different

greater tharg, the algorithm converges to a finite expecteHature’ as even unlimited flooding does not achieve a bounded
delay, as in the case of an exponential decay. Wheis delay. We comment on this difference further in Section V.

smaller than2, the two-hop forwarding algorithm does not ) o )
converge to a finite expected delay, as the delay that can f&eorem 2 Let us consider a source destination pair, d)

expected, starting from any initial condition, grows wittio and ¢, ¢ Dy defined as in Theorem 1. We assume that all
bound with time. This remains true even for the long contag@ntacts are long.

case, where data exchange is unlimited during contacts, afd if « > 2, there exists a forwarding algorithm us-
gueuing in relay devices has therefore no impact on the delay ing only one copy of the data, with a finite expected
experienced. In other words, the regien> 2 may be thought delay, such that, starting from any initial condition.
as thestability regionof the two-hop relaying algorithm. limy o0 E[D}] = D < +00.



(1) if 1 < a <2, m € N is chosen such that > 1+ % expectation as times increases. No forwarding algorithon, n
and the network contains at leadt > 2m devices, there matter how redundant, can then transport a packet within a
exists an algorithm usingn relay devices such that, in finite expected delay, using only opportunistic contacteen
steady stateE [Dy] = D < +oo. devices. [ ]

(7i1) if « < 1, for a network containing a_fmlte_numb_er Note: By comparison, the resultiii) applies to any case
of d(_awces, and any fo_rwardmg a'goT't_h_m' 'ndu.d.'n%at includes short contacts as well as long contacts. Géyer
f!oodmg, we have starting from any initial Condltlona network containingv devices admits forwarding algorithms
limp—co B [Dy] = +o0. that achieve a bounded expected delay for@any 1+
Proof: Proving (i) is just a reminder of the result of On€ example of those is flooding (that may use up\te- 2

Theorem 1. The two hop relaying algorithm may be choséflays); that is not the only one, as a forwarding algorithm

and it achieves a finite expected delay. using only| N/2] relays is sufficient.

Proving (i7): Let us assume that > 1+1/m andN > 2m,
wherem € N. The forwarding algorithm that we consider inD, Summary
this case is a two-hop relaying algorithm using different
relays.

STeP1 : A bundle is created at timein the source (denoted
as devices). It is first transmitted to then first devices that are
met. We estimate first the time when each of theseelays
are all contacted and have received the bundle. Let us camsid
the collection of remaining inter-contact time with all théner
devices(RﬁS’”)#s. This collection containgV — 1 variables.

If we consider a version of this collection, sorted for each

time ¢, in the increasing order, the time to contactdifferent

devices at time is the m_th value of this sorted sequence.

Corollary 2, which is a simple variation of Lemma 1 shown

in Appendix C, tells that this variable is of finite expected

value ifa > 1+1/(N —1—m+1). This last assumption is

automatically verified av —1 —m +1 =N —m > m by *

At this stage, we have established the following results for
the class of so-called naive forwarding algorithm defined in
[lI-A, in the long contact case :

« For a > 2 any algorithm from the class we considered
achieves a delay with finite mean.
o If 1 < a < 2, the two-hop relaying algorithm, introduced
by [10], is not stable in the sense that the delay incurred
has an infinite expectation. It is however still possible to
build a naive forwarding algorithm that achieves a delay
with finite mean. This requires that duplicate copies of
the data are produced and forwarded, wherenust be
greater thancﬁ, and the network must contain at least
—2 devices.
If a < 1, none of these algorithms, including flooding,
can achieve a transmission delay with a finite expectation.

assumption.

STEP 2 : At time ¢/, a copy of the bundle is present inln other words, we have characterized the performance of
each of them relays, that we denote,,...,r,. We now all these algorithms in the face of extreme conditions (i.e.
consider the vecto(rRE,”’d), o ,Rgfmv””) which describes the heavy tailed inter-contact times). The last case where 1

times needed for each of these relays to get in contact wifrresponds to the most extreme situation, and the result we
the destination. The time length elapsed until the packetRgovide in this case seems at first unsatisfactory: noneef th
delivered to the destination is taken as the minimum of th@dgorithms we have introduced can guarantee a finite expecte
values. An application of Lemma 1 tells us that this time haielay. To make the matter worse, this case where< 1

a finite expected value. seems to be typical of the inter-contact distribution in b@

As a consequence the overall delay, from the time #&finutes; 1 day] range for all the scenarios we have prewousl
creation of the bundle in the source, to the delivery at ttféudied empirically. This overall implies that the expecte
destination, is the sum of two variables with finite expect&lelay for all the scenarios we have discussed before sheuld b
tions. It is hence of finite expected value. at least of the order of one day. Note that this was shown for

Proving (iii): Let us consider in this case, for a sourc&ny forwarding algorithms used, and even when queuing delay
s and any other device: in the network, the remaining in relay devices are neglected. In fact that is a negativeitres
time R§S7T) a time ¢ until the next contact. Asy < 1, all and we come back to interpret it and discuss its implications
of this sequences of random variables are irreducible nifli Section V.
recurrent Markov chains. By Orey’s theorem ([5] p.131), we

then have thatimP |R{*") = i| = 0 for all i whent tends IV. RELATED WORK
to infinity. In particular for anyA arbitrary large, we have  Our opportunistic communication model is related to both
limP {Rgd’d) < A} = 0, so that Delay-Tolerant Networking and Mobile Ad-Hoc Network-
ing®. Research works on MANET, DTN, and more recently
(5.0) (5.0) Pocket Switched Networks [12] confirm the importance of
P |:rrn7i£lRt57T > A} =P[R 2 A} =1 1. the problem we address, as several propositions were made
r#s to use mobile devices as relays for data transport. Such an

approach was considered to enable communication where no

. (s,7) .
Consequentlyf [mln#s R } diverges for large. contemporaneous path may be found [7], to gather efficiently
As a consequence, starting from any initial condition, the

time for a source to reach any other device is of infinite Swww.dtnrg.org and www.ietf.org/html.charters/manesstar.html



information in a network of low power sensors [13], [14], 15 to directly model opportunities between devices instead of
or to improve the spatial reuse of dense MANET [10], [11jgeographical locations. This approach has the advantage th
All those works have proved that the mobility model used hédscan be directly compared with a growing sets of real-life
a strong impact on the performance of the algorithms thepnnectivity traces, now publicly available. We believatth
propose. this is a practical solution, at least for some of the isswes t

We did not find any previous work studying the charadse addressed in opportunistic networking.
teristics of inter-contact time for users of portable wesd More generally our results deal with the feasibility of
devices. However, we have identified related work in the aréarwarding in opportunistic networks and their conseq@enc
of modeling and forwarding algorithms. requires more attention. At least three different directimay

A common property of the most common mobility modele followed.
is that the tail of the inter-contact distribution decayp@xen- « First, it might be that reasoning with expected value of
tially. In other words, for these models, the inter-contaoe delay is not suitable, since the possible occurrence of a
is light tailed: This is the case for i.i.d. location of destcin a long delay is unavoidable, whatever forwarding algorithm
bounded region (as assumed in [10]), or more generally fpr an  is used. Applications for such networks should therefore
random walk defined on a finite region, using a comparison be designed to cope with this aspect of opportunistic
argument. It is also the case for the popular random waytpoin  communication.
model as demonstrated in the Section 3 of [11]. It was shown, Second, note that we did not model the general case
recently that devices moving according to a Brownian motion  where contact processes for a pair of nodes are heteroge-
in a bounded region, exhibit heavy tailed inter-contactetim neous or contains significant correlation. It is still pbssi
with a finite variance (corresponding in our analysis to the that a finite expected delay exist in a more complex
casea > 2) (see [16] and the associated technical report). model that reproduces accurately the statistical prageerti

The most relevant work is the algorithm proposed by of our data sets. This direction is appealing but it requires
Grossglauser and Tse in [10], further analyzed in [11]. The to remove one of the modeling assumptions that we
two-hop relay forwarding algorithm was initially introded have made and that are instrumental for most of the
to study how the mobility of devices impacts the capacity of  results currently known in this area. It also necessitates t
the network. Our work starts from very different assumption design a forwarding algorithm that differentiate between
Most notably, we do not model the bandwidth limitation due  nodes; some schemes of that type have been only recently
to interference, as we focus only on the delay induced by proposed [17],[18],[19].
mobility. However, some of the results that we show could be . Third, one can investigate how to add connection op-
used to characterize the delay obtained in such contexts. portunities in a mobile network, using special devices or
partial infrastructure, that could in some cases be already
available. It looks promising but the impact of this partial
infrastructure should be carefully studied.
We have analyzed several network scenarios for opportunisWe currently work on performing more human mobility

tic data transfer among mobile devices carried by humaré%cperiments, using different type of devices, and divesés

using eight experimental data sets. For all data sets, W ical groups, in order to follow the directions we mentio
observe that the inter-contact time between two devices c, ve. One of our long term goal is to study the properties

be approxmated. by a power law on the [1(_) mmut_es; 1 dag the actual traffic created by users in an opportunistia dat
range. We prove in a simple model the following major resu“ﬁetwork.
power law condition may be addressed in terms of delay by
“naive forwarding algorithms” as long as the heavy tail nde
of the power law is greater than 1. When, by opposition, the
heavy tail index is smaller thah, the expected delay cannot We would like to gratefully acknowledge Dave Kotz and
be bounded for any forwarding algorithm of that type, evefristan Henderson at Dartmouth College, Geoff Voelker at
when one neglects the queuing occurring in each relay devisiiversity of California San Diego, Eyal de Lara and Jing
We have measured a heavy tail index smaller thamall data Su at University of Toronto, and the Reality Mining project
sets. As a consequence, the expected delay is at least ofahMIT, for providing their data. We would like to thank also
order of one day. Vincent Hummel and Ralph Kling at Intel for their support,
These observations bring new practical recommendationdMgrk Crovella for his insightful comments on our findings,
evaluate the performance of forwarding algorithms. Most é@urent Massoulié for his advice on some of the proofs, and
the mobility models commonly used today are characteriz8tf participants of the three experiments we conducted.
by a light tailed inter-contact distribution for any pair of
nodes. That seems at odds with the empirical evidence of REFERENCES
inter-contact distribution, for values up to 1 day, which sy} p Wi, A. Chaintreau, J. Scott, R. Gass, J. Crowcrofid @ Diot,
well approximated by a heavy tail distribution. Some of thes  “Pocket switched networks and the consequences of humarilitpob

models can in theory be modified to account for this last n conference environments,” iRroceedings of ACM SIGCOMM first
workshop on delay tolerant networking and related top@305.

property, this may be. a fUtu.re r_eseamh di_reCtiQn- AnOth.e[ﬁ] M. McNett and G. M. Voelker, “Access and mobility of wieds PDA
complementary direction, which is chosen in this paper, is users,” Computer Science and Engineering, UCSD, Tech., R6p4.

V. CONCLUSION

VI. ACKNOWLEDGMENTS



(3]

(4]
(5]
(6]
(7]
(8]

El

[20]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

T. Henderson, D. Kotz, and |. Abyzov, “The changing usagfea

mature campus-wide wireless network,” MobiCom '04: Proceedings
of the 10th annual international conference on Mobile cotimguand

networking 2004, pp. 187-201.

N. Eagle and A. Pentland, “Reality mining: Sensing coexpbkocial

systems,”Journal of Personal and Ubiquitous Computjr@2005.

P. BremaudMarkov Chains, Gibbs Field, Monte Carlo Simulation and.emma 2 Let ((Ft(z))teN)ieI

Queues 1st ed. Springer-Verlag, 1999.

F. Baccelli and P. Bremaudilements of Queuing Thegrnd ed.
Springer-Verlag, 2003.

A. Vahdat and D. Becker, “Epidemic routing for partiattpnnected ad
hoc networks,” UCSD, Tech. Rep., 2000.

X. Chen and A. Murphy, “Enabling disconnected trangitigcommuni-
cation in mobile ad hoc networks,” iRroceedings of the Workshop on
Principles of Mobile Computing2001, pp. 21-27.

J. A. Davis, A. H. Fagg, and B. N. Levine, “Wearable congrstas
packet transport mechanisms in highly-partitioned admetevorks,” in
ISWC '01: Proceedings of the 5th IEEE International Symposion
Wearable Computer2001, p. 141.

M. Grossglauser and D. Tse, “Mobility increases theacdty of ad hoc
wireless networks,"IEEE/ACM Transactions on Networkingol. 10,
no. 4, pp. 477-486, 2002.

G. Sharma and R. R. Mazumdar, “Delay and capacity tafflen
wireless ad hoc networks with random way-point mobility,008,
preprint, School of ECE, Purdue University. [Online]. Aeahie:
http://min.ecn.purdue.edu/ linx/paper/it05.pdf

J. Scott, P. Hui, J. Crowcroft, and C. Diot, “Haggle: atwarking
architecture designed around mobile usersPriaceedings of The Third
IFIP WONS Conferen¢e2006.

S. Jain, R. C. Shah, G. Borriello, W. Brunette, and S.,RExploiting
mobility for energy efficient data collection in sensor netks,” in
Proceedings of IEEE WiOp2004.

P. Juang, H. Oki, Y. Wang, M. Martonosi, L. S. Peh, and Db&nstein,
“Energy-efficient computing for wildlife tracking: designadeoffs and
early experiences with zebranet,” BRSPLOS-X: Proceedings of the
10th international conference on Architectural support ficogramming
languages and operating systen2002, pp. 96-107.

T. Small and Z. J. Haas, “The shared wireless infostatimdel: a new
ad hoc networking paradigm (or where there is a whale, tiseaenay),”
in MobiHoc '03: Proceedings of the 4th ACM international syrsipm
on Mobile ad hoc networking & computing003, pp. 233-244.

X. Lin, G. Sharma, R. R. Mazumdar, and N. B. Shroff, “Degeate
delay-capacity tradeoffs in ad-hoc networks with brownranbility,”
IEEE/ACM Trans. Netw.vol. 14, no. Sl, pp. 2777-2784, 2006.

H. Dubois-Ferriere, M. Grossglauser, and M. Vettethge matters:
efficient route discovery in mobile ad hoc networks usingoemter
ages,” in MobiHoc '03: Proceedings of the 4th ACM international
symposium on Mobile ad hoc networking & computiag03, pp. 257—
266.

A. Lindgren, A. Doria, and O. Schelén, “Probabilistiouting in inter-
mittently connected networksSIGMOBILE Mob. Comput. Commun.
Rey, vol. 7, no. 3, pp. 19-20, 2003.

J. Leguay, T. Friedman, and V. Conan, “Evaluating mnigbipattern
space routing for DTNs,” ifProceedings of IEEE Infocon2006.

S. AsmusserApplied Probability and Queue&nd ed. Springer-Verlag,
2003.

APPENDIX

A. Preliminary Results

1) Independent composition and limit expectation:

be a finite collection of
sequences of real valued

limg_ o0 B [Fti) =1, wherel € RU {400}, and
(a) Vi,t, E Ft(i)} €R, and [ €R,

or (b) Vi, t, ELF@} eRU{+00} and I = +o0.
Let (tk)keN an
pendent fromF, such thatlimy_. .t = o0 a.s. .

We then have lim E {Ft(z’“)} =1
Proof: Let us first develop the following expectation

E [Ft(zk)} = ZZZJP [lk =i ti=t, F" = J}

i€l 120 j>0
=Y > Y Pl =Pty =P [Ft(i) = j}
i€l t>0 5>0
= Y Plic=iPlt = E[F”]

i€l t>0
3

If we supposea), we havel < +oo and

Ve >0,3T st (t >T —> }E [F}“} - l} < %) .

Let M = sup;cs <1 ’E [Ft(i)} — l’, there existsk s.t.

k>K:>]P’[tk2T]21—2 and hence

’IE {Ft(z’“)} - l‘ can be bounded from above by

SOS Pliv=iP = 1] ‘E [Fﬁ} —l‘

icl >0

< Pl =] (M'ZtSTP[tk =1

iel
+ 3 Pl =1 ‘E [Ft(i)} - l‘
<N Pliy =] (e/2 +t>gT/2) <e.
el

Let us now supposé), we havel = +oco and
VA>0,3T,(t>T = E [Fﬁ’} >2. (A+1)).

Let M' = sup max

i€l t<T
k>K = Pty >T]>max(1/2,1—-1/M"), and
E {Ft(zk)} = Zie] thop [Zk = Z] P [tk = t] E {Ft(i)}
>3 Plin=i] (~M:TcrPltx =1
icl

+ 3 Pl = (E [Ft(i)}

t>T

> Pl =] <_1+ %(2(A+ 1))) >A.

icl

(—E [Fﬁ} ,0). IK sit.:

>

random variables verifying,

(ix)ken be twoN valued processes, inde-



[ | (T,Ed’d/))kzo admits a finite mean. We know in this case (see
2) Remaining inter-contactBecause the contact proces$5] p.148) that
(Ut(d"‘i ))tzo is a renewal process, the sequem%d’d )t>0

(d,d") _ /
of integers is an Homogeneous Markov ChaiNirsuch that: E ZTl N f(R(d’d ))
(d,d") t=13"") '
’ ’ i ’ li E[ R j| =
Rﬁi’f): Rgd’d) —1 if Rid’d) >0, tirgo (R ) E [Tl(d,d’) _ To(d,d/)}
R — i —1 with prob.P[X =] if R =o. S,
(4) L '— (d.d)

This Markov Chain is clearly irreducible and aperiodic as [OF @ny f verifying E > @RS <oo.
P[X = 1] > 0, itis recurrent asX is almost surely finite. The t=T{%4)
following lemma characterizes its properties, which debemn (5)
the value ofa, based on classical results from the theory of
Markov chains. B. Queuing with a Process of Service Instant
Lemma 3 For any devicesd,d',e,¢’ such that(d,d’) # By opposition to classical queueing systems, the nodes of a
(e,¢’), we have mobile network only serve bundles from a given queue when

they are in contact with the corresponding destinationhla t

. (d,d") . :
(,Z.) Ifa>1, (R, )t?o |s(f£%od|&8/) ] ] section, we extend some well known results on queues to
(i1) If a > 1, the chain(R; ,R;”" )e>0 is ergodic and handle this constraint.

admits the following stationary distribution: Let us consider a queue receiving customers according to

m(i,j) = S where ¢ = Y (i + 1) a point processa = {aj |k€Z}, that may be served
) i’ >0 only at some service instant, which follow a process-
i+ 2)_(5(!”_0{; that, we have in steady state { sm | m e Z}. We make the following assumptions:
(3

« A customers arriving at time joins the queue and can
be served starting frorh+ 1.

(i31) If a <1, (Rgd’d/))tzo is recurrent null. « At each service instant, one customer from the queue is

served, except if the queue is empty.

Prqof: Let us introducer et the time for R(*?) to Hence, this system behaves as if the time slot were divided in
retu_rn in the s_,tateO. From the structure 9f the Markovtwo parts: in the first half of the time slot, a customer frora th
chain (4), starting from staté, we can easily deduce_ thatqueues is served if the slot is a service instant; in the skcon
Eo[r et o] = E[X]. If & > 1, we haveE [X] < +oo, proving half, new customers join the queue. Let us introd@ge) the

(), a“‘?' ifor < 1, we havek [X] = +oo, Pr?;/!p)g.(iii)' number of customers present after the first half of the titoe-s
By (¢), we know that the Markov chaiR"®*” is recurrent ;g completed. The proces3 follows the recursion:
positive, hence it admits a stationary distribution. It &sg

to check, from its regenerative structure, that it is givgn b Q(t) = max (0,Q(t — 1) + Na(t — 1) — Ns(t)) ,  (6)
(1) =ci1(i + 1)~ wherec; =1/, (i + 1)
The same result holds foR(¢¢). As these two Markoy WhereNa (resp.Ns) denotes the counting measure associated

Chains are independent, one can then check easily that Wil the point procesa Gresp.s). _
product Markov Chair(R(d,d’)’R(e,e’)), which is irreducible 1) Stationarity, Little's law: Results are shown in the

and aperiodic, admits a stationary distribution given bg tif-Stationary ergodic framework (see [6]). We assume here
product of the measure. It is hence ergodic. that § is a measurable mapping — €, which preserves

In steady state we have: the probability measure (i.€2 o 6 = P) and is ergodic (all

f invariant events have probabilifyor 1).
P {Rgd"d') > Z} = Z”(i) = 1 Z(j +1)7 A point process is calledtationarywith respect td if its
J>i ‘5= counting measure verifieV (§(w), C') = N(w, C + t) where

C C Z, andw € Q. We define itsintensityasE [N (0)].

The next result follows closely the proof of the stability

Oo —a . —a > —a regime for a single server queue (see [6] p.83-87). It shows
/1- (w4 1)z < Z(] s /1 (w+1)"%da that, under a simple stability condition, the system admits

’ ) _(O‘_l)
S]P’{Rgd’d) >z} St ey

c(a—1) c1(a—1)

As the functionz — (z 4+ 1)~* is non-increasing, we have:

+1 y
= steady state that is stationary in a strong sense (comgatibl
thus (i +2)~(=b < Z( 1) < (i+2)~ (@b with the shiftd). The expected delay of a customer through
a—1 - = J - a—1 this system is then given by a generalized Little Formula.
which completes the proof fofii) - Notation: Following the usual convention of Palm calculus

) ) (here, in discrete time), we denote B the probability

Smith's formula for o > 1: For any devices! andd’, measure? under the condition that point proces#as a point
the procesg R{""");5 is regenerative with respect to théin ¢+ = 0. We number customek with the convention that
delayed renewal sequen(:@,gd’d ))kzo- If we assumex > 1, customerk = 0 denotes the last customer that arrived strictly
we haveE [X] < +o00, hence the inter-event of the sequencleeforel. We denote by}, the sojourn time of customé.



Lemma 4 If a,s are two stationary point processes with Proof: We recall the classical result on random walks (see
respect tod, with respective intensities, 1. such that\ < u,  p.270 in [20]): for(Z) i.i.d., E[Z;] < 0,E [(Z)?] < oo,
(i) There exists an initial congitiorc} < oo a.s., such that

the queue process verifieé].f) =Qof. we have E [?35( (Zi+...+ Zk):| < 0. (8)

ii) In this stationary regimeEQ |Vi.| =1+ 1E |Q
Q yred a k} A {Q Let us prove first, for any > A:

(i43) If the queue starts emptimsupE [Vi] < 1+ 1E {Q}
k—oo E [r%l;ig( (Na(1,...,t) — tl/)] < 00.
Proof: We define the sequence of variables indexed’by )
_ Let us denote byS,, Ss,--- the sequence of points of the
Q" = max (Na(~t,...,—1)— Ns(—t+1,...,0)) . processa that belongs to{ 0,1,2,... }. They may be seen

—rsmrs0 as the result of a random walk,, = X; + ... + X,,,

Clearly this sequence is positive, non-decreasing, anifileer where variables(X}); are i.i.d. and follow the inter-event
~ ~ distribution. The above expectation may be rewritten
QI+ 00 = max (0,0 + Na(0) = Ny(1)) . (7) P y

E {max(n—y-Sn)} =v-E {m%{(Yl—i—...—l-Yn)] .

It then admits an a.s. limit, denoted 6y, verifying: n>0

O 00 = max (O,Q+Na(0) —Ns(l)) . whereY;, = L — X;. Note thatE [(V,})?] < v? < oo and
E [Yx] < 0, proving by (8) that the above expectation is finite.
This limit may take infinite values. Note thd) = oo} is ~ Next, we prove for any < p,
f_invariant andd is ergodic, it then has probability or 0. In
other words either this limit is a.s. infinite or it is a.s. feni E [f?ﬁg( (t-v—Ns(1,..., t))] =E [f}ll;ig( (Sp v — ”)]
We can rewrite (7) as:
~ ~ ~ —V-E{maX(Z1+...+Zn)]<oo.
0T+ 69 = OIT) — min (Q[T],Ns(l) - Na(O)) . such that n>0
as’z, = X,C
E {min (Q[TJ, No(1) — Na(o))} —E[QIT) — §lT+1 o 9} .

_glom— gl T+1]} To conclude, we choosesuch as\ < v < p, and we have:

E [maX(Na(l, St = Ng(1,. .. ,t))}
By monotone convergence, we deduce >0

E {min (Q, Ny(1) — Na(O))} <0

E[Z:] <0 andE [(Z)?] <E[(X})?] <

l/’

:E[I?ggi(Na(l,...,l)—t-l/—i—t-l/—Ns(l,...,t))]

< - _ <E Na(1,...,t)—t- t-v—Ns(1,...,1))] .
Assume @) is a.s. infinite, the minimum above is then [1?33(( all, ) V)+I?>a§(( v s(L: ))}

always given by the second term, which implies that u
E [Ns(1) — Na(0)] = ¢ — X < 0. By the converse induction, ) N
_ Corollary 1 If a and s satisfy conditions of Lemma 5,
w>N = @ <oco as.; which proves(i). _ ~
. o _ E[Q}<oo andEg{Vk}<oo.
(1) is an application of the Campbell-Mecke egality:
Proof: According to the proof of Lemma 4,

E [Q} =K lz ]I{akg—l}ﬂ{ak'l‘vkzl}

Q = max (Na(—t,...,—1) = Ns(—=t +1,...,0)) .
keZ >0
=A) 0> Tike Loy P Vo = 0] The result is then following the above lemma. [
v>0k€Z 0 0 3) Proof of Theorem 1 in the short-contact cadeet us
=AY (v —1)P[Vo = v] = A(E] [Vo] — 1) summarize results from the above subsections: In a queue
v>0 with arrival a and service instans, customers experienced
We have a.sV; < Vi, which proves(iii). m @ finite expe_c_ted dela_y_ if (_13 ano_l_s are renewa_l processes,
2) Expected queue length: (2) the stability condition is verified and (3) inter-sem¥c

instant distribution has a finite variance. Note that caodg
(2) and (3) are necessary. In the following, we present a
scheme insuring that all queues implemented in the mobile
nodes verify conditions (1),(2) and (3). It may be improvéd a
the cost of an additionnal effort to weaken assumption (1).
Each source devicesmaintain a set ofV —1 source queues
corresponding to each other device. We assume that bundles
are created in each of these queues according to a renewal
process with intensit\ < 5 [ W|th p > 0. When another

Lemma 5 Assumea and s are two renewal point processes,
- with intensities\ < p,
- such that inter-event distributiofi; has a finite mean,
- and the inter-event distributiofis has a finite variance,

then E I?BS((Na(l,...,t)—Ns(l,...,t)) <00,



deviced is met during an odd time slot, a bundle from th@robability may be rewritten as:
gueue associated witthis served, if this queue is not empty. m m
The deviced may be the destination foy, but, otherwise, the (k) pk(l _p)m—k < pmitl Z (k) )
bundle is entering aelay queue(see below). For technical j—p,—;+1 m m
reason we also assume that with a small probabhiljttaken
independently, aindependent blockingccur, and no bundle This proves that, for, = m Zzl:m,jﬂ (k)
at all is sent by the source during this contact. m
All devices (including all sources) maintain, in addition, P[M; > n] < ca(n + 1),(m,j+1)(a,1)7
N — 1 relay queues each one corresponding to a given
destination. When a bundle is received during an odd timghich implies thatl [M;] < co as soon ag > 1+ m+7+1
slot (as described above), it is entering theday queue
corresponding to its destination. If another devités met
during an even time slot, a bundle for destinatibris sent,
unless the corresponding queue is empty.
Let us prove that bundles experience finite expected delay
in each of these queues:

« Eachsource queueeceives and serves bundles according
to stationary processes that satisfy (1), (2) and (3).

o A relay queuesatisfy (2) and (3); unfortunately, the
arrival process in this queue is not a renewal process.
Nevertheless, the same result holds by a comparison.
All arrival times of a bundle in thiselay queueare in-
cluded in aquasi-saturatedenewal process (that include
all meeting times with the source corresponding to the
destination of the queue, without independent blocking).
Note that the expected delay inrelay queues always
not larger than the expected delay in the same queue with
a quasi-saturatedarrival process. One check easily that
this last case verify all conditions (1), (2) and (3), prayin
that the expected delay is finite in both cases.

We deduce that all sources can transmit to their destinatian
rate smaller thaﬁ%, such that bundles experienced
a finite expected delay. Ag may be chosen arbitrarily, the

same result holds for any rate smaller t%.

k=m—j+1

C. Proof of Corollary of Lemma 1

For any real numbergzy,...,x,,), andi < m, let us
denote byord (¢, (z1,...,z,)) thei_th element of the se-
guence after it is reordered in the increasing order. Inqaar
ord (1, (z1,...,Tm)) = min(xy,...,z,). We have

Corollary 2 Let (Rgdl’d/l))tzo, e (Rﬁdm’dgﬂ)))tzo be the re-
maining inter-contact times fom different pairs of devices
(di, d;)lgigm- We suppose that > 1 + m+j+1’

thenE {or d (j, (Rgdl,di)’ B .’Rgdm,d’m)))} < o0
Proof: Let M; = ord (j, Rgdl,di)’ B .7R§dm,din))

]P’[Mj>n]:P[#{i

This is the probability that at leasth — j + 1 events occur
on a collection ofm variables. Note that all these events
are independent, and each of them occurs with the same

probability p < % As a consequence, the above

Rid“d?)>n}zm—j+1} .



