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Abstract—Mobile Wireless Delay-Tolerant Networks The traditional mobility models such as uniform,
(DTNs) are wireless networks that suffer from intermittent  random walk, and random direction [3] will generally
connectivity, but enjoy the benefit of mobile nodes that can faj| to show any benefit under intelligent DTN protocols
store, carry, and forward packets or messages, bringing pecause past encounters will be poor predictors of future
them closer to their destinations through a selective for- encounters, and all nodes obeying any particular one of
warding policy. The evaluation of DTN routing protocols . . .
has primarily relied on simulation because most theoretich thesg mpbll!ty models will have the same uniform §patlal
mobility models are unable to represent the mobility dlstrlbqtlon in the Iong term. From a DTN sta_ndpomt the
patterns that such protocols seek to take advantage of. ~€ssential prqblem with all of thgse models IS t.hat once

In this paper we present and analyze a mobility model two nodes with the same mobility model coincide on a
that we call Localized Random Walk. This model is simple particular grid point, both are equally likely to encounter
enough that it can be incorporated into mathematical any other node. DTN routing protocols seek to take
models, but is spatially localized, which unlike other adyantage offifferencesin the encounter probabilities.
common mobility models, will make it possible to showcase We have found that a heuristic DTN protocol run with

the properties of heuristic-based DTN routing protocols. s ) .
: . o " random walk mobility can lead to a huge increase in
We derive the stationary spatial distribution of the mobility ) ) . -
latency, but little or no increase in efficiency.

model, approximate what we call its spatial cross section, o
approximate the properties of its interaction with nodes ~ On the other hand, several complex and more realistic

following other mobility models, and use it to model some Mobility models have been developed [14], [17] based on
relatively simple DTN scenarios. intuition and experience with human and animal mobility
patterns. Other specially tuned mobility models have

he kev diff b | | been built based on real user traces [12], and several
The key difference between Delay-Tolerant Nemquﬁzsearchers have begun evaluating DTN protocols based

(ETNS) and Mob:le lfxd—l-éoc Ne;works (MANETS) 'S on simulations driven by the encounter traces themselves
that DTNs may lack end-to-end connectivity [7]. | 6], [18]. All of these models are useful for simulating

mobile wireless DTNs the network must rely on inte 3 mobile network, but they are too complex to model
mediate mobile nodes to store, carry, and forward e%thematically

message as the opportunity arises, eventually deliverin

I. INTRODUCTION

N P MY this paper we present, analyze, and use the Local-
the message to its intended destination. The mobllli%/ed Random Walk (LRAW) mobility model. LRAW ge-
pattrclarns off the nodesf lr;] such a T(etwork will be crucigly o phically biases node movement, making it possible
0 It € per ormalncet_o ¢ gﬁNetwo(rj ' il b iod bto study the benefits of DTN routing protocols, yet is
N many appicatons nodes witl be carriec %imple enough that it can be modeled mathematically.

¢ in thei s M DTN i ; ﬁ'\tlbdes following the LRAW model have home cell
€rns In their movements. Viany routing protocolz i,icp, they tend to remain close to. The home cell could

aim to take advantage of these pattems [15], [10], [1(? present, for example, the home or den of a human or

[13], [6]. To evalgate these rOL_Jtlng pro_tgcols, reseamhe({nimall or the home base of a military unit.
often rely on simulations with mobility models that

exhibit some type of patterned movement. A. Prior Work

This work was sponsored by the Laboratory for Telecommunica- Localized mobility centered around a “home location”
tions Sciences, US Department of Defense. The opinions exprespegs been observed in wireless traces [1]. The need for
in _th_ls paper reflect those of the authors and do not represent emobility model with non-uniform spatial distribution
opinions of or an endorsement by the Department of Defense or US .

Federal Government. iS noted in [8], though the authors do not propose a

U.S. Government work not protected by U.S. copyright. specific mobility model. Centrally biased random walks



have long been studied in other contexts, for example [9]. I1l. ANALYSIS OF LRAW
Also the LRAW mobility model is used for simulations,A_ Spatial Distribution

but not mathematically analyzed, in [20]. ) .
y y [20] We represent the LRAW process as a discrete time

Il. SPECIFICATION OF THEMODEL Markov model [2] with home cell corresponding to state
A. Sparse Network Model 0 (see fig 1). Lets € (0, 1] be the Bernoulli probability

We view a DTN as a sparse disconnected coIIectic% moving on any given st_ep. The mo_del IS symmetric,
0 the probabilities of going left or right out of state

of nodes that may occasionally meet. We model this sjt- o o .

uation using discrete space and discrete time. Each n ?I%ref bott1h§. Let Sf be the probatrJ]|||ty of moving t? ne
occupies a cell in the grid, and it can only communicatg_ " urt er away trom stat, so thens(1 — f) is the
with other nodes in the same cell. A model like thi rolbablllty of moving one step closer to statefor /5 €
should be a reasonable approximation for very spa éi)'

networks such as the Saami Network or Zebra Net [13], \
S,

[11], or in a denser urban environment where nodes may = . b
have short range and are surrounded by obstructions. e‘a Q
B. Localized Random Walk Mobility Model s S1E) S1B) S 6) :\u-;J)
The mobility model operates as follows:
« Each node is assigned a fixdtbome cellin the Fig. 1. Re_trt of the Markov model for a 1D localized rando_m walk.
. . The transitions from the states to themselves have probabilitys)
phyS|caI Space of the experiment. and have been omitted from the drawing.
« At each time step the node makes a list of all of its
neighboring cells. This Markov model is represented by the matrix
« For each cell in the neighbor list lep; = e~4/27
whered; is the (taxicab) distance from cellto the .
home cell andr is the “tightness parameter”. 1—s s
« the node moves from its current cell with a certain s(1—-0)
fixed probabilitys € (0,1] (this will not affect the A= ... 0 s(1-p)1
stationary distribution). 0 0
« If the node decides to move, it selects its next cell 0 0
from its list of neighboring cells with probability : /
Prob(choosing cell i) = p;/ >, pi 1)
To be clear, by taxicab distance we mean the metric given! his model is ergodic and will have a steady state for
by d((z1, 1), (z2,92)) = |21 — 22| + [y1 — va. 1> s> 0and0 < 8 < 1. The reader can check that the
following is a solution toAx = x.
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C. Justification

It is common sense that humans and many animals To = ;_ ;g (2)
have homes or dens that they return to periodically. If il
we are modeling foot or bicycle traffic, it will take more Tiso = (ﬂ> (1_25> (3)
time and energy to travel further from home. At any time 1-p 46(1 - B)

a traveler is more Ilker to turn back home than to head Note thats does not appear in the solution. This is very

further away. Other scenarios also have this property dibse to a double exponential distribution. Fo 0:
the short-term. For example a tourist may walk around

a city and then return to their hotel, or a commuter 1-3 1-23
may take a train or bus to a station, move locally in In(z;) = —|i| In( 3 )+1n <45(1—ﬁ)> 4
the vicinity of the station, and then have to return to
the station for the trip back. This argument applies to which has the same form as

automobile traffic to some extent also. Since traveling 1 1 1

further from home usually requires more time and fuel, In <€_$|/T> = —le; + In (2¢> (5)
travelers will be more likely to limit themselves to nearby

destinations. if we let 7 = 1/In(*57).




‘ ‘ ‘ ‘ ‘ . carry a copy of a message destined to a node in some
. Bactsouion | other cloud (distant enough that the probability of direct
oosr Laptace bt | ] delivery is effectively zero). The question is: givéw
1 nodes in the LRAW cloudN « of which have a copy of
the message, antl/ carrier nodes, at what rate can we
expect carriers to pick up copies from the source cloud?
In this scenario the probability of an encounter with
a carrier does not increase linearly with the number of
nodes in the LRAW cloud. To quantify this non-linearity
=0 o 2 20 % we compute what we call thepatial cross-section
e o(N), of the LRAW cloud. This quantity is the expected

The continuous double exponential (Laplace) pdf arﬁlumber of cells occupied by a cloud of nodes. We

Fig. 2.
thg exact solution to the 1D LRAW Markov model for tightnes$tart the analysis in one dimension.
parameterr = 10. For a cloud of N nodes with home cell at = 0, let
p(N, i) = Prob(cell i is occupied). Then

The fact thatzo does not quite conform to the double- p(N,i) =1 — Prob(i is unoccupied) (©)
exponential throws off the normalization of all the terms =1—(1-p(1, i))N (10)
slightly. For 8 > 0.25 the discrepancy very small, and 1 o A\N
we can approximate the spatial distribution of the 1D =1- (1 - 276_”'/7) (11)

LRAW mobility model as a double-exponential. _ ‘
sincep(l,i) = fe /7
Given an LRAW cloud that containg’ nodes, we
. . 1 —lil /7 . - .

z; := Prob(node in cell i) ~ 27 C (6) can now view the probability that that cell, is non-
mpty as a Bernoulli random variabl&;, with success
robability p(V, 7). We are interested in the total number
f non-empty cells, so we define a new random variable
Y= >~ X;. The spatial cross section is the expectation

1) Generalizing to 2D:As long as we use the taxicab.
distance in the mobility model, the 2D cell-occupanc
probabilities are just the products of 1D cell-occupan
probabilities.

of Y.
Prob(node in cell i,j) = x;x; (7) o(N) := E[Y] (12)
1 L
— = —(id+lh/T 8 00
4r2° ® —E| Y Xi] (13)
B. LRAW-Uniform interactions i=—00

When several nodes obeying the LRAW mobility B i BX] (14)
model share the same home cell and tightness parameter o !
we will refer to them as an‘RAW cloud”. An LRAW B N
cloud could be used to model a group of humans or — Z 1— (1 _ 1eil/7> (15)
animals that live in the same area, or a platoon of soldiers oo 2T
operating in the vicinity of some home base. @yiform We approximate this sum with an integral.

mobility we mean the mobility model where a node ~ N
may appear at any location with uniform probability, () ~ 2/ 1— (1 _ 1e‘|$|/7> da (16)
0

independent of where it was last seen. This could be 2T

seen as an approximation to other mobility models with SRS LA I

uniform spatial distributions such as random direction or =27 e gk' (17)
i=1 i=1

random waypoint on a torus.
Picture the scenario in which we have a cloud ofherek = (1 — 5-). This give us our best expression

LRAW nodes, all with the same home cell and tightneder the spatial cross section of avi-node cloud.

parameter, and some collection of more highly mobile N 4 '

carrier nodes with uniform mobility. In this scenario o(N) ~ QTZ —(1-k" (18)

some fraction,a € (0,1], of the nodes in the cloud -1’



The final integral gives the probability of the two
nodes meeting at any given time:

T T T T
60 O simulated o(N) for =10
theoretical o(N) for t=10
*  simulated o(N) for 1=5
theoretical o(N) for 1=5

50

g Prob(meeting|d,, d,, T) = (22)
é 307 % % % % { | 1 d:l';dy I dm + dy I 1 e_(d:ﬂ"’_dy)/T (23)
: 1672 \ 72 T

a(N)

(
8

whered, = |z — z1| andd, = |y2 — y1].
For two LRAW nodes with tightness parameteand
o home cellsc; and c; that are taxicab distancé,, d,
N = numbr of nodes apart, we will call the value we have just computed the
pair-encounter rate.

#
10F

Fig. 3. Theoretical and simulation cross-section datarfer 5 and

7 = 10 in 1D. Experimental data points are averaged over runs of _ _ .
100,000 steps. Error bars are one standard deviation. Ri2 = Ra1 = Prob(meeting|ds, dy, 7) (24)

IV. EXAMPLES AND RESULTS
Note that if ¥ < 1 then Zf\il k'/i is bounded by a In this section we model some simple DTN scenarios

constant and therefore(N) = 27(Hy — O(1)) where and compare to simulation results. The metric we focus
Hy is the Nth harmonic number. This means tha®n is message latency. In each case we look at the

o(N) = O(In(N)) [5]. properties under epidemic flooding [19], [21].
1) Generalizing to 2D:The same basic u-substitution o _
N i . Based on the analysis in section IlI-C we can estimate
1— K ) ;
Fap(N) ~ 472 Z Z (19) the encounter rate of nodes in the same cloud by setting
oo d; = d, = 0. We omit any subscripts on the pair-
encounter rate since we have only one LRAW cloud.
where nowk = (1 — -%).
1
. . = 16 2 (25)
C. LRAW-LRAW interactions T

Suppose we have two LRAW nodes with home cells As a first approximation we can assume that the
¢1 = (z1,y1) and ea = (z2,10), #1 < @2, Y1 < yo encounter pattern is uniform. That is, at any time each
and common tightness parameberV\Ea would like to node is equally likely to encounter any other node. Note
approximate their encounter rate. that this is not quite the same as assuming a uniform

We will approximate the meeting probability by inte_mobility model (where the probability of appearing in
grating the joint 2D pdf of the two nodes any location at any time is uniform) since the encounter

rate is based on the LRAW mobility model.
Fiomt(z,ylc1, ca, 7) = f(2,yler, 7) (@, ylea, 7)) (20) Suppose a single node generates a message at time

1 ldo () e, @)/ t = 0. Letc(t) denote the number of copies in circulation
=1ea¢ T (21)  at timet. Sincec is limited by the number of nodes,
this process is modeled by the differential equation
whered., (z,y) = |z — =] + [y — yil.
There are three types of regions to integrate. dc — NRe (1 _ ﬁ) (26)
dt N

e The box region (z,y) € [z1,22] X [y1,¥2]
where the joint pdf has constant valuddere the factor(l — ¢/N) can be thought of as the
e (leamaal+lya—uiD/7 probability that a message carrier encounters a non-

o The fringes along the edges of the box rezarrier. This is solved by a logistic function, given
gion (z,y) € ((—o0,z1] U [x2,00)) X [y1,y2] and ¢(0) = 1.
(@, y) € [z1,m2] X ((—00, 1] U [y2,00)) NN

« The corners o(t) = eNR
(z,y) € (=00, z1] U [2,00)) X ((=00, 1] U [y2, 00)) N+ (e —1)

(27)



1) Better modeling with a modified logistitn reality :
LRAW (and random walks in general) produce a non- |
uniform encounter pattern. At any given time a message | e
carrier is more likely to be near other message carriers, o/ modted
and therefore less likely to encounter a non-carrier than
the factor(1 — ¢/N) in equation 26 would predict. We
need some way of approximating this nonlinearity.

Our approach is based largely on empirical observa-
tions. We have observed that tlk€t) curve produced
in a single LRAW cloud looks like a standard logistic .
function with thet-axis rescaled in a continuous way. If ok

L L L L L L L L L
0 200 400 600 800 1000 1200 1400 1600 1800 2000

this is the case thea(t) can be written as time (steps)

N A eNEm(t) . . o - ) .
c(t) = (28) Fig. 4. The plain and modified logistigt) compared to simulation

N + A(eNRm(t) —1) data. The three sets of curves are f§r = 100, N = 50, and
=25, andT = 10.0.

simulation

number of copies

. : o N
for some continuous functiom(¢). Note that this is the
solution to the differential equation

% — NRe(t)m'(t) (1 _ CJ(Vt)) (29) Therefore the median latency will be approximated by
for initial condition ¢(0) = A, and that it allows us t0  yedian latency = ¢t <N> _vN-1-1 (35)
solve form(t) as a function of:(t). 2 NR
m(t) = 1 In <C(N - A)) (30) Mean latency will generally be larger than the median
NR A(N —¢) latency because of cases where the source or the desti-

This last equation expressest) as a function of:(¢). nation is out on the fringes of the cloud. Since we are
We determined that usingy(t) = 2In(NR¢ + 1)/NR Viewing ¢(t)/N as the CDF of the latency distribution,
provides a good fit for a wide range of andr values. the mean will be computed as
This amounts to replacing the factdr—c/N') with 2(1— o
¢/N)/(NRt + 1) in eqn 26. The resulting differential expected latency :/ tc (t)dt (36)
eguation can be solved, and the solution inverted to get 0 N

t as a function ofc. Figure 4 illustrates the ability of This mean does exist for the t¢t) in equation 32 but

the modified logistic to model the epidemic spread @f ;¢ very complex. If we make an approximation )
messages in an LRAW cloud.

(NRt)?

ct)m N———F—— (37)

%:ﬂ(l—c/]\f) (31) N + (NRt)?

dt NRt+1
N (NRt+1)? 32 we obtain a much more useful approximation to mean
ct) =Ng= (NRt+1)2—1 (32) Jatency.

1 c(N-1) ™

- — mean latency =~ 38

We can use this improved(t) function to estimate  Compare this to the median (and mean) latency of a
the mean and median latency. Note that at any titne,plain logistic:
c(t)/N is exactly the probability that any particular node
is a message carrier. Therefore, supposing the source and -1 <N> _ 1 In(N — 1) (39)
destination reside in an LRAW cloud d¥ nodes, we logistic \ 9 NR
can viewc(t)/N as the cumulative distribution function

(CDF) of the message delivery latency. Figure 5 shows that our estimate of mean latency

is reasonable for a range of values fdf, though it
Prob(latency < t) = ¢(t)/N (34)  pecomes a poorer for small numbers of nodes.
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Fig. 6. Markov model for the Clouds & Carriers process.
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The latency for the clouds and carriers scenario is a
random variable7 ¢, which we estimate as the sum of
the latencies of the three phases:

IS
S
3

N}
o
3

o

o

20 20 o @ 10 12 1o 160 10 200 Tc&c = T1 + T2 + T3 (40)

number of nodes in LRAW cloud (N)

. _ Since M << L? we may assume thaF, and 73 are
Fig. 5. Simulated mean latency data compared to mean Iatenﬁ)a dent of th b f . R Il that th
predicted by eqn 38 for = 10.0 and varying values ofV. Data | ePe” eh 0 e num er or carners. _eca a e
points are averaged over 500 runs. median delivery latency in an LRAW cloudis!(N/2).

We estimate the time for phase one (effective saturation

of the source cloud) as twice the median latency, and

B. Clouds and carriers phase three as the median delivery latency for a single
We will use results from section I1-B to model theLRAW cloud.
scenario where a message is transferred from one LRAW 1 ( )
L . . . T +T3~3— (VN -1-1 41
cloud to another via highly mobilearrier nodes This 1t NR (41)

could be modeling a scenario where a platoon of soldiemhere R is the expected intra-cloud pair encounter rate
is trying to send data to another group, and the dataused in section III-C.
relayed by arial vehicles or unreliable satellite uplinks. The slowest part of this process is the pickup/dropoff
We suppose that there are two LRAW clouds, eagihase [, which we examine in more detail. For a single
with N nodes and tightness parametercentered about carrier node, the pickup/dropoff process can be modeled
home cells far enough apart that the probability of direby the three-state Markov model in figure 6. The first
delivery is effectively zero. state corresponds to the carrier node not having a copy
We also assume there aké carrier nodes in thé x of the message. Once the source cloud is more or less
L simulation grid, and thaf/ << L?. We model the completely saturated with copies, the probability of the
carrier node mobility with the uniform model. carrier node picking up a copy on any step is given by
We model this scenario as the concatenation of thrgg.r., = o(N)/L?, wheres(N) is the spatial cross
phases: section of the source cloud, derived in section IlI-B.
« 1 The saturation of the source cloud with copies of The second state corresponds to the carrier node
the message. having a copy of the message, but not having delivered it
« 2 The pickup/dropoff process. For an individual© the destination cloud. The probability of the message-
carrier node this process consists of picking uplgden carrier encountering the destination cloud on any
copy of the message from the source cloud, th&t€P is the same as the pickup probability,op.rs =

delivering a copy to the destination cloud. Ppickup = 0(N)/L?. The last state corresponds to the
« 3 The delivery process in the destination cloud. Message having been delivered to the destination cloud,

The separation of the problem into consecutive phasddd the end of phase 2. _
is justified under our assumptions. A carrier node is 'S IS @ truncated pure birth process [2], and we

much less likely to pick up a message copy when onlyC&n Use transient statg_ analysis to derive »the time-
few nodes in the source cloud have copies. TherefdfgPendent state probability,(t), for each state. Let

phase 2 will rarely commence until phase 1 is well = Prickup = Pdropofs

underway. Similarly once a message copy is dropped off mi(t) = e M (42)
in the destination cloud it will spread rapidly through the mo(t) = e (43)
cloud. Any additional drop-offs will have little effect on 2 Y

the time it takes for the message to reach its destination. ma(t) =1 — e (1 + At) (44)
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Some other extensions of this work that we hope to
explore include:

(1]

(2]
(3]

(4]

Fig. 7. Predicted vs experimental latency for the Clouds and Carriers
scenario. The simulation results are averaged over 100 independgsj

runs.

m3(t) is the CDF of the random variablg,. We can
find its distribution by differentiating wi/r/t:

Prob(Ty =t|A, M =1) = %(1 -

= \te M

e (14 At)) (45)
(46)

This analysis was for a single carrier nodd, = 1.

In the case wherd/ > 1 we are interested in the time

of the first delivery. Since we have the pdf @5 »/—;

we can use the order statistic transform [4] to compu

the general pdf.
Prob(Ty = t|]\, M) = MN?t(1 + xt)M~1e= M (47)

(6]

(7]
(8]

(9]
[10]

e

[12]

We evaluate the expectation numerically and compgtg)

to simulation results. Figure 7 show§ T ] for vary-
ing cloud sizes,N, and numbers of carriers\/. The
simulation was done with ouGridSim simulator on a

[14]

toroidal 400x400 grid, with LRAW clouds with tightnesg15]
parameter = 5.0 centered on coordinates (100,100) and

(300,300).

V. CONCLUSIONS ANDFUTURE WORK

[16]

In this paper we have introduced the Localized Raii7]
dom Walk mobility model, derived some of its prop-

erties, used it to construct models of some simple DT,

scenarios, and checked the predictions against simulation
results. We believe that developing mathematical modé&18]

for Delay-Tolerant Networks will help us understand th
fundamental properties governing their behavior. Thi

o

in turn, will lead to the development of more robust
DTN protocols that are applicable to a wider range &1l

scenarios.

] L. Song and D. F. Kotz.

Other localized models.
Comparison to real-world mobility data.
Independent home cells.
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