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Abstract— The transmission energy required for a wireless area can be regulated by givancessihility constraints mod-
communication increases superlinearly with the communicion  eling, for example, a map of freeways, roads, and streets (wi
distance. In a mobile wireless network, nodal movement cané possible speed limits) for terrestrial movement. Nodes enov

exploited to greatly reduce the energy required by postpomig L . . -
communication until the sender moves close to a target reoesr, within accessible areas of the network in a successidni,

subject to application deadline constraints. In this paper we €ach of which is defined by a starting and ending location.
characterize the fundamental performance limit, namely tre The exact route taken for each trip can then be specified by a
lower bound expected communication distance, achievableyb givenroute selection algorithm. The route selection algorithm
any postponement algorithm within given deadline constraits. might similarly reflect how real people plan their road trips
Our analytical results concern mainly the random waypoint .

(RWP) model. Specifically, we develop a tight analytical loer For example, Internet tools like MapQuest ar_wd Yahoo M"f‘ps
bound of the achievable expected communication distance der ~ €an return routes based on shortest travel time, most direct
the model. In addition, we define a more general map-based paths (say, major roads preferred with least number of road
movement model, and characterize its lower bound distanceyb changes), etc. A model instantiation with null accessipili
simulations. We also address the practical attainment of ditance constraint and the selection of straight line paths in eweépy

reduction through movement-predicted communication. Speifi- L .
cally, whereas prior work has experimentally demonstratedthe would be similar to the well known random waypoint (RWP)

effectiveness a least distance (LD) algorithm, we providera Model [6], except that our grid based formulation will leacht
absolute performance measure of how closely LD can match finite set of possible trip locations, whereas the origindlRR

the theoretical optimum. We show that LD achieves an average model will have an infinite number of the possible locations.
reduction in the gxpected communication distance within 6% For the RWP model, we derive tight lower bound expected
to 94% of the optimal, over a realistic range of nodal speedspr . . .
both the RWP and map-based models. communlcatlon dlsta_nces achievable byy postponement
algorithm, as a function of the average nodal speed and the
. Introduction allowable postponement delay. We also show how approx-
To achieve energy efficient wireless communication, movanations of the lower bounds can be obtained by ignoring
ment prediction [1] has been proposed to reduce the conertain correlations in the sequence of cells visited witai
munication distance and hence communication energy foip. The approximation has a low computational complexity
delay-tolerant applications. The basic idea is for a mobilt is remarkably close to the accurate bound in practice.
sender to postpone communication, subject to given appli-The lower bound results will allow us to fundamentally
cation deadlines, until a time when the sender is likely tevaluate the performance of practical postponement algo-
move close to the receiver, or the communication targeteNaithms. For example, several postponement algorithms are
that the sender moves because of its usual business (g@pposed and evaluated in [1]. Simulation and implememtati
pedestrians walking around or cars moving in a vehiculexperiments, for an enhanced version of the RWP model [9],
ad-hoc network or VANET), but it carries a battery operateshow that deast-distance (LD) algorithm has the best practical
communication device with limited energy. Since in pragtic performance despite its simplicity. Hence, whereas ther pri
the energy requirement of sending is proportional to theork in [1] demonstrates the advantages of k8&ative to
third or higher powers of the communication distance, th@mpeting algorithms, we for the first time provideabsolute
reduction in sending energy can be significant. In [1], sslveperformance measure of how closely LD can match the theo-
postponement algorithms are proposed to determine the begtetical optimum. Our results show that LD achieves an averag
time of communication within application deadline constt®.  reduction in the expected communication distance withi#h62
This paper is concerned with both the fundamental and prdo- 94% of the optimal. Moreover, the algorithm’s absolute
tical performance of such energy-efficient movement-mtedi performance increases as the nodal speed or the allowable
communication. We consider a general and realistip-based delay increases.
network model. In the model, a given geographical area isBesides the analytical results, we present experiments to
divided into a grid of fixed size cells. Nodal movement in theharacterize the performance of movement prediction in a



realistic instantiation of the map-based model to roadefravof that area, wheré& andY (in distance units) are the width

in Lafayette, Indiana, USA. We also systematically evauatind the height of the network, respectively. The whole netwo
how important system parameters such as the network gisddivided into fixed sizes by s square regions. Each square
size can effect algorithm performance. region is called acell. Cells form a virtual grid over the
network area, and each cell has a unique integer cell ID. To
simplify boundary conditions, we assume that bathand Y

The main contributions of this paper are as follows: are integer multiples of. Thus the whole network has x n

« We have developed a general map-based network agells, wherem = X/s andn =Y/s.

mo.vement. ’.“Ode' to_capture realistic nodal movemer}it:cessibility constraints: The network is associated with a
while admitting the widely used random waypoint modfi]jaa

defining the accessible areas of the network. In the map,
as a special case. We have applied the map-based m ﬁe g b

i luate th ; f ‘ dicti t of pathways (e.g., freeways, roads, and streets) may
0 evaluale the periormance of movement prediction ;e These pathways constrain the routes between differe
the Lafayette, Indiana area.

locations in the network. Speed limits may be specified for
« We contribute to the understanding of fundamental pesach pathway.
formance limits in movement-predicted wireless commu:

o : . dnp-based movement model: In our model, nodes move
nication. We have derived tight lower bound expected.. . . : .
L ) . within the accessible areas of the network in a succession of
communication distances achievable gy postpone-

ment algorithm, as a function of the average nodal spetrjjcps’. each. of which i§ defined_ by a starting and an .ending

and the aIIowa,bIe postponement delay. Lower comm%- ations (ie., the endmg Iocatlon.of a tr|p.forms them
o . . A [5cation of the next trip). The starting location of the fitdp

hication distances readily translate into higher €NETYY chosen randomly from the whole area of the network under

i for single hop wireless communication. . PO . . -

savings 9 P a uniform distribution. The ending location of a new trip is

« We report extensive experimental results to verify anchosen upon reaching the ending location of the current trip
illustrate the analytical results. In particular, we qugnt which is again chosen uniformly randomly from the whole
how closely the LD postponement algorithm in [1] camrea.
match the lower bound expected distances under differ-Once the end points of a trip are decided, they will be passed
ent deployment scenarios. In addition, our experiment@ a route selection algorithm (to be discussed below), whic
results illustrate the performance impact of importareturns a sequence of pathways directing the mobile node fro
system parameters such as the network grid size.  the starting location to the ending location. The actuaksge

for the node to travel along each pathway are then chosen

randomly between a minimum speég,;, and a maximum

The balance of the paper is organized as follows. A genegﬁeedvmaz (given as the speed limits of the pathway) under
and realistic system model is given in Section Il. Then Wg \niform distribution.

derive theoretical lower bounds of the expected communica- ) ) ) . )

tion distance in motion-predicted wireless communicaiion ROute selection algorithm: Given the starting and ending
Section 1. An approximation of the theoretical lower baisn !0cations of a trip, the route selection algorithm genesate

of the expected communication distance is given in Sectibn [oute between them that sa'usfle_s the accessibility canstra _
that has a low computational complexity. We review the tasic€veral map software and services (e.g., Google Maps, Mi-
of movement prediction and the LD algorithm in Section \rosoft MapPoint, Yahoo Maps, etc.) are available to previd
Diverse experimental results verifying our theoreticalgsis Map based route selection. Also, in case a chosen location
are presented in Section VI. In Section VI, we also quantify2PPens to be in an inaccessible region, most route selectio
the ability of the LD algorithm in matching the upper boungoftware automatically substitutes a nearest accessiok |
distance savings, at various average nodal speeds. Reldi@® and returns the corresponding route.

A. Our contributions

B. Paper organization

work is discussed in Section VII. Section VIIl concludes. ~ Thus, with a specific map of a given area (say a city or a
state), our model may be used to generate movement patterns
Il. Movement Model within the area.

In this section, we propose a general stochastic movement yom waypoint model—A special caseThe random

mo ddell thatis based on tr?e act_ualllroag mapztcl) capture 'fal'waypoint (RWP) model [6] is widely used in the literature to
nodal movements. Mathematically, the model is a qua _ru@ﬁaracterize nodal movement in networks. RWP is a stochasti
W, M, T,R) where (je_n_otes the n_etworl_< (_:O”f'gurat'onmovement model. According to the model, a node moves
éAddenotes ;he _acgessglhty Constralntsd5||mllarcut0 a8 Mapy 5 network area in a sequence of connected straight line

enotes the trip-based movement model, @lenotes oo mants. The end point of each segment is chosen from the
the route selection algorithm. Details about each tuplenef t,hn1e network area under the uniform random distribution,
model are given as follows. i.e., each point in the area is equally likely to be chosen.
Network configuration: In our model, a network is a two- The node moves at a fixed speed on each segment, but the
dimensionalX by Y rectangular area associated with a magpeeds on different segments are chosen uniformly randomly



from a given range. (We assume that the minimum nodassume that the;’s are sorted in increasing order @i ;
speed can be non-zero, according to the specification ip [Shat is, Ds;, < Dg, ., for all j.
RWP is a special case of the map-based movement modelNow, consider the simple case whete= 1 (i.e., the
Its accessible region is the whole network area, and itserouhobile node takes only one trip). To find the expected shortes
selection algorithm always returns the direct straight lindistance between the node and the target cell (which fores th
between the starting and ending locations. One exceptionldsver bound on expected communication distance), we need
that our grid based formulation will lead to a finite set ofo compute for each possible trip the different probaletiti
possible trip locations, whereas the original RWP model wilo attain a specific distanc®s, as the shortest distance.
have an infinite number of the possible locations. In thiafter that, the desired expected distance can be computed in
paper, our analytical results mainly concern the RWP modal.straightforward manner.
Our simulation results will additionally use the map-based To solve the case for a generé) we can apply the
movement model to illustrate system performance in réalissame technique. To simplify our discussion, in the follogvin
situations. subsection, we give a matrix representation that captines t
To characterize the properties of the map-based stochagtiobabilities of attaining the specific shortest distarige,
movement model, we use the notations defined in Table I. for all possible trips wher = 1, and based on that, we
show how to calculate the expected shortest distance to the

TABLE | o i
communication target in the general case.

MAP-BASED STOCHASTIC MOVEMENT MODEL VARIABLES
Variable Definition Type A. Matrix representation of probabilities when ¢ =1
X width of the network area| input parameter . . . .
v height of the network ared input parameter Assuming that the mobile node takes one trip, we define
s cell size input parameter a two-dimensional matribB to represent the probabilities of
Vmaz | maximum nodal speed | input parameter attaining a specific shortest distance for each pair ofistart
Vinin minimum nodal speed input parameter d di | fi foll Th tix h
e nodal speed random variable and ending locations as follows. The ma asm X n
T travel ime random variable rows andm x n columns as illustrated below. Each element
ElV] expected speed statistical property b; ; (where0 < i,j < mn — 1) represents a trip from cell
ElT] expected trip time statistical property to cell j. Instead of storing a real-valued number as in the

normal matrix definition, each elemeby; is a vector of size
N. Each elemenb, ;[k], where0 < k < N — 1, defines the
probability that the shortest distanceli;, for the trip from
cell i to cell 5. E.g., elemenb, 3[1] gives the probability that
the shortest distance to the targetls, for a trip from cell2
In this section, we derive a method to obtain the theoretic@ cell 3. Observe that for each elemént; in B, the length-
lower bound of the expected communication distance undgrvector has exactly one entry beidgand all other entries
our movement model. We assume that there is a gédlt  being0’s.
the network, which we call thearget cell and contains a
stationary receiver that we wish to communicate with. Recal

[1l. Theoretical Lower Bound of Expected
Communication Distance

_ g b e bo - e b
from Section 1l that a mobile node moves around the network 0.0 0.7 0,mn—1
area in a sequence dfips. For each next trip, the node
picks a destination cell and moves there from its currert cep _ . .

bio . bi; . bimn—1

according to the route selection algorithm. In doing so, the '

node’s distance to the target cell changes accordingly. @& w :

to calculate the expected distance between the targetrull a brn—1,0

the closest cell visited by the mobile intrips, which gives a

lower bound on the expected communication distance between

the mobile and the receiver during theséips. _ )
To begin with, we recall that the whole network area 8- Matrix representation for a general ¢

divided into a total ofm by n cells, and each cell is a square Assuming that the mobile node has traveled fotrips,

of fixed sizes by s. We now defined(i, g), where0 < ¢ < we want to compute the corresponding matrix representation

mn — 1, to be the Euclidean distance between a ¢edind denoted byB‘, of the probabilities of attaining a specific

the target celly; for simplicity, such a distance is measuredhortest distance for each possible pair of starting anéhgnd

between the centers of the two cells. I étdenote the number locations of the travel. Then, in the next subsection, wexsho

of distinct values ofd(i, g) over all i. We partition the cells that the expected shortest distance can be computed easily

into IV sets so that cells in the same set have the same distabased on this matrix representation.

to the target. We denote each set of cells$yy(where0 < Observe that attaining the shortest distafgg after trav-

j < N —1), and we denote the distance between any celling ¢ trips with starting location; and ending locatiory

in S; and the target cell by)s,. For ease of discussion, weoccurs when the minimum of the two distances, namely (i)

bmn—l,j o bmn—l,mn—l

3



the shortest distance attained during the first 1 trips and To see why the above computationsois correct, we notice

(ii) the shortest distance attained at the last tripDis,. Let that the term(s{ " x b, ;)[t] Stores the probability of the event
E; ;¢ denote the event that the starting and ending locatiotieat Dg, is the shortest distance aftértrips (in which the

of traveling ¢ trips is ¢ and j, respectively, and leD(i, j,¢) shortest distance may be attained during any one of the trips
denote the shortest distance attained by the correspondiiten«x is the ending point of thé¢ — 1)-th trip. This event
travel. Then, based on the above observation, the protyabitbccurs if and only if the shortest distance attained in thst fir
P(D(i,j,£) = Ds,)—which is the probability of attaining ¢—1 trips and the shortest distance attained in the last trip are
shortestDg, after ¢ trips with starting locationt and ending both at mostDg,, but excluding the cases where the eventual

location j—can be expressed as: shortest distance aftétripsisDg,, Ds,, ..., or Dg,_,. Based
on this reasoning, we derive the formulation (bf; by )[t]
mn—1 as shown in the above definition.
> P(Eiz1)Pmin{D(i,z,{ — 1), D(x,j,1)} = Dg,)

o C. Computing the theoretical lower bound

1 Mgl Once the matrixB¢ is computed, we can make use of the
= > P(min{D(i,z,£ —1),D(z,4,1)} = Ds,),  following theorem to obtain the expected shortest distance
z=0 (which forms a lower bound on the expected communication
where the last equality follows from the fact thadistance).
P(Eia4—1) = 1/(mn), since destination of every trip iS  1p04rem 1The expected shortest distance to the target after
chosen uniformly randomly among all cells. ¢ trips can be calculated by:
For the term>."" " P(min{D(i,z,¢ — 1), D(z,7,1)} = '

Dg,), it can be computed if we have the matr2 and g ™7l mn{IN-1
the matrix B‘~!, and the computation resembles a matrixE|[dmin,] = — g — E E Ds, x b ;[k]
multiplication. This suggests that the matf¥ can be defined i=0 j=0 k=0

recursively as follows:
Proof: By the definition of B, the expected shortest
distance after? trips, given celli is starting location, is

B = B"'xB, (1/(mn))2?:76_1 N Ds, x b; ;[k]. The theorem thus
where thex operator performs the correct computation of thiollows since each cell is equally likely to be the starting
vector values of each element B’ based onB‘~! and B. location in our map-based movement model. .
Precisely, leth; ; denote the row-columns element inB°, Theorem 1 illustrates the theoretical lower bound of the
then thex operator performs the following: expected communication distance after a mobile node savel

¢ trips. However, in practice, it is more interesting to know
;] mnl the lower bound after a mobile node travels for some amount

bf,j = Z bfgl*bm,j, of time instead. E.g., we may want to know the lower
=0 bound expected communication distance if the mobile node

where is allowed to communicate at any time within the next 500

seconds. Thus, we may want to obtain the theoretical lower
o1 o1 bound as a function of the total travel time, or more commonly
(b *bz)[0] =1—(1—=0b;, [0])(1 — ba;[0]), the maximum allowable delay.
(05 % by 1] =1 — (b, + by ;)[0] In the following, we discuss how to obtain (or approximate)
' 01 o—1 _ _ such a time-based lower bound under the RWP model. Firstly,
~ (0= b 0] = by (= b2 (0] = b (1) 4 "\ ema below gives the expected time for the mobile node
to travel a single trip in the model.

Lemma 1 Let a = arctan(Y/X). In the RWP model, the

ol -1 1 expected time for a single trip can be expressed by
(b5 2" *ba ] = 1= (b7, #baj)[K]
k=0
In Vmaz len X3 1
~ o ; E[T] = V( —/V ‘ ) {15},2(1— )+
— (=D B RN =) b R, maz — Vinin cos? o
k=0 k=0 X2 a 1+sina sin a )+ Y3 (1 1 )
Z (In _
6Y cos o cos2a’  15X2 sin® o
Y_2 cosa_nl—cosa]
N—2 6X “sin® o sin «v '
(b5 b ) IN =1 = 1= ) (b, bsj)[K] .
" ' —0 ' Proof: Please refer to Appendix I. O



Based on the expected single trip tifig7"] in Lemma 1, for the mobile node to visit cell, to visit cell 4, or to visit
when we want to obtain the lower bound of the expectagither one of the cell, respectively.
communication distance after traveling some titnave can Let the areas of the shaded regions in Figure 1(a)-1(c) be
use! = t/E[T] to estimate the number of trips traveled. Irs,, s5, andss, respectively. Also, let the overall network area
casel’ is an integer, we may apply Theorem 1 with= ¢ to  be S. Assuming the random waypoint movement model, the
obtain an approximation of the desired lower bound. Howeverrobability P, that the mobile node will visit cell 1 from
in the general case wheré is not an integer, we may thenlocationC is s;/S. Similarly, the probability that the mobile
obtain this approximation through interpolation (of vaiso node will visit cell 4 fromC is given by P, = s5/S. Finally,
Eldymin,| values computed by Theorem 1). In other wordshe probability of visiting either cell 1 or cell 4 is given by
we have shown that the lower bound on the expected shortfst= s5/5. We may find that?s # P, + P> ass; + sz # s,
communication distance in the RWP model can be tightlyhich means the probability that a mobile node moves to set of
expressed as a function of (i) the nodal spéédi(;,..., Vinin) cells is not exactly equal to the sum of probabilities to move
and (ii) the allowable postponement delay or the number tf each individual cell. Thus, in general, we cannot assume
trips travelled?. Ps, = Ziesj P;. Nevertheless, as a first assumption of the

approximation approach, we assume that the effect of such a
IV. An Approximation of the Theoretical Lower Bound  correlation is negligible.

To calculate the theoretical lower bound férrips based Even with the correlation issue neglected, we are still not

on the probability matrix approach, we need to obt@h able to asserPs, =5 ;¢ Fi. The reason is thals, should
first, which requiresO((mn)3¢) of the previously defined be dependent of the current location of the mobile node. Thus

« operations, each of which is performed on two length- OUr second assumption assumes that irrespective of thenturr

vectors. Thus, each operation takesD(N) time, and the location, the mobile node will always move to a cell f)

overall complexity isO((mn)3¢N) time. This approach is With probability Ps; = 3, ¢ P;. Based on this, the next

slow even for moderate-size andn. In this section, we give subsectlon_gwes the descrlpthn_ of how we can approximate

an alternative approach to obtain a close approximatiohef the theoretical lower bound efficiently.

theoretical lower bound of expected communication diganc o _

the time complexity of the approximation approach is onl- Approximating the theoretical lower bound

O(mn + N). We define Pp, (k), where0 < j < N — 1 to be the
Our approximation approach considers the theoreticallowgrobability that the shortest distance between the moluitken

bound of expected communication distance as a function #id the target cell isDg, after visiting & cells. With the

the number of cells visited by the mobile node. It tradegssumptions given in the previous subsection, the calonlat

accuracy for speed by simplifying the calculations using twof Pp, (k) is then straightforward:
assumptions. In the following, we describe the assumptions

the approximate approach makes, and then describe how to

approximate the lower bound based on the number of cellsPp (k) = P(visiting some cell inSp)
visited. = 1 - P(does not visit any cell ir5)
. . . . = 1— (1 _ PS )k7
A. Assumptions to simplify calculation o/ _
Let P; denote the probability of a mobile node entering ¢ell Pp, (k) = P((d.oe.z.s not visit any .cell Ibo) and
when it leaves the current cell. Also, as in the previousisect (visiting some cell inS1))
we assume cells are partitioned ind sets according to its = P(does not visit any cell irby) - P((visiting some
distance to the target cell, and we will re-use the notations cell in S1) | (does not visit any cell irfy))*
of S;’'s and Dg,’s as before. For each sét;, we define the P
probability Ps, of a mobile node entering any cell 5 when = (1-Ps,)* [1 -(1- ﬁ)k} 5
it leaves the current cell. Here, we have . 5o
PD2(k) = (1_PSO_PSI) X
PS]'%Z‘PZ' 1_(1_ PSQ )k
i€S; 1— Pg, — Ps, ’

Note that the above equation is not an equality. For the first
reason, it is because of the correlation among cells when a k
mobile node moves from one cell to another. To illustrate the 2 (k) = (1= Psy = Ps, —... = Ps, ;)" x

correlation issue, we show that the probability that a nebil {1 (- Ps, )k]
node visits a set of cells (i.e., to visit any cell in the sat) i 1-Ps, — - Ps; ’
not the sum of the probabilities that it visits each indiatiu

cell in the set. In Figure 1, the poiidt indicates the current

location of the mobile node. We want to find the probabilitiegp, _,(k) = P,



(a) Probability for cell 1 (b) Probability for cell 4 (c) Probability for cells 1 and 4

Fig. 1. Example to show that probability of a set of cells is exactly the sum of the probabilities of each cell in the gt tb correlations among cells.

time (i.e., k multiplies the expected cell sojourn time[T]
Then, we have the expected shortest distance as followggiven by Lemma 2), we have the approximated theoretical
No1 lower bound of the expected communication distance as a
E[d,(k)] = Z Pp, (k)Ds,. function of the maximum allowable delay. Finally, for the
' e complexity of the approximation approach, we observe that

it takesO(mn) time to compute allPs;’s, andO(N) time to

The above equation gives the approximated lower boug mpute allPp (k)'s for any k; in total, it takesO(mn + N)
of the expected communication distance as a function e which is i]ndependent cﬁ' '

number of cells a mobile node visited. Similar to the use o
Lemma 1, we give the following lemma to help in expressing V. Movement Prediction Algorithm

the approximated lower bound as a functiontiofe instead. ) ) _ ) )
In previous sections, we illustrate how to obtain the thiéore

Lemma 2 Within a single trip, the expected time the mobile .| jower bound of the expected communication distanceh Suc

node §tay _ _ _ a theoretical lower bound provides the best achievable, (i.e
1) in the starting and ending cells is shortest) communication distance between a mobile noda and
SR Vinaa receiver. Therefore, it remains for us to design an algorith
37 (Viaw — Vimin) 1 Viim ) achieve the communication distance as close to the theaketi

lower bound as possible.

2) in the cell when it is passing through the cell The design of such an algorithm has been studied in [1],

4R In Vimaa in which several movement prediction algorithms are pregdos
T(Vinaz — Vmin) =~ Vigin and evaluated. Among them, theast-distance (LD) algorithm
is the simplest and has the best practical performance. We no
Proof: Please refer to Appendix II. U review the algorithm for completeness.

Suppose that we have obtained the probabiliigs;q. and ~ The LD algorithm treats the problem of postponing com-
P.rossing Of @ mobile node staying inside an end point anfunication as analogous to the secretary problem [3]. The
crossing a cell, respectively, through experiments. Thes, Secretary problem presents a set of candidates (for an open

can calculate the expected time that a mobile node stays ifegretary position) sequentially. When a candidate is pre-
cell, called the expected sojourn tindg77], as sented, an irrevocable choice must be made either to accept

or reject the candidate. It is thus similar to the sequence of
decisions a mobile sender will have to make deciding whether
E[Ty] = Pinsiae E[Ti] + Perossing E[Te]. to communicate or not at each time step. LD is based on

As an example of a network divided into 5 by 5 cellsthe 37% rule of the Best-choieg(algorithm for the secretary

Pinside @nd Payossing are obtained experimentally to be 0.45problem [3]. According to the 37% rule, the first 37% of the
and 0.546, respectively. Further discussions of the spjonre  candidates are just evaluated, but not accepted. After weat
of a mobile node can be found at [2]. take the first candidate whose relative rank is the first among

By applying the expected cell sojourn time given b)t,he candidates seen so far [3]. In our case, we approximately

Lemma 2, we can calculate the expected shortest distancé'@gk the first 37% or more of the candidate positions in

a function of timet. Replacingk by the corresponding travel the movement history of the mobile node, and find the least
distanced,,;, between the mobile node and the receiver in

LAccording to conditional probabilityP(AB) = P(A)P(B|A). the movement history. Then, in each of the ndxttime



units, whereD specifies the maximum allowable delay, wi TABLE Il
' P 4 eTIME TO COMPUTE LOWER BOUND BY THE TWO APPROACHES DELAY =

check if the current distance between the mobile node and the
. . . TIME FOR40TRIPS.)
receiver is less than or equal #,;,,. If so, we communicate
immediately; otherwise, we communicate at fhth time unit.
The performance of the LD algorithnelative to other pre-
diction algorithms has been studied before [1]. In Sectidn V
we will evaluate the effectiveness of the LD algorithm by
comparing it with the theoretical lower bound of the expdcte
communication distance, thus providing a naisolute mea-  We again assume the RWP model as the movement model.
sure of performance for the algorithm. In the experiment, the mobile node movesin a 150 m by 150 m
. network area divided into 25 cells of size 30 m by 30 m. The
V1. Experimental Results target cell (inside which the receiver is located) is set¢o b
This section verifies our theoretical results experiméntalihe center of the network.
and studies the performance of the LD algorithm under dif- |n Figure 3, we illustrate the results for different expecte
ferent network scenarios. The experiments are divided ini@dal speeds of 5 m/s, 10 m/s, 25 mi/s, respectively by
four parts. ParA compares the lower bounds on the expectagsing the probability matrix approach. (The corresponding
communication distance computed by the probability matr'pvmm,vmm) for them are(4,6), (5,15), and (20, 30), re-
approach in Section Il and the approximation approach #pectively.) We also the measured expected shortest déstan
Section 1V. PartB illustrates the absolute performance of thand the average communication distance achieved by the
LD algorithm. Both PartA and PartB assume the movement.p algorithm, which are obtained experimentally over 100
model to be the RWP model. In Pat{ we evaluate the per- independent 2,000,000-second simulation runs. We omit the

formance of LD in the general map-based movement modetror bars because the corresponding standard deviatiens a
Lastly, PartD evaluates the effect of the cell sizeon the gmall.

number of cells [ 5x5 ] 9x9 ]

time for probability matrix approach (s) 0.174 | 10.287
time for approximation approach (s)| 0.001 | 0.003

performance of the LD algorithm. From the figure, we observe that the performance of LD
increases as the expected nodal speed increases or as the
A. Matrix approach versus approximation approach maximum allowable delay increases. This is because as the

This subsection compares the theoretical lower bound@eed or the delay budget increases, the node will be able to
derived by the probability matrix approach and the approx{oVer more territory within the delay, and hence will have a
mation approach. We assume the RWP movement model whigher chance of moving closer to the target within that time
the following setting: the dimensions of the network area aWVe also notice that the calculated theoretical lower bound
150 m by 150 m; the area is divided into 25 cells of size 30 fatches closely with the experimental lower bound. For the
by 30 m; the target cell (inside which the receiver is locpted@verage reduction in the expected communication distanee,
is set to be the center of the network. We conduct three sifid that it is within 76% to 94% of the optimal.
of calculations, assuming that the mobile node moves with anln Figure 4, we illustrate comparison results in a larger
average speed of 5 m/s, 10 m/s, and 25 m/s, respectively. (Rigdwork. The dimensions of the network area are 270 m by
corresponding Vyuin, Vinaw) for them are(4, 6), (5,15), and 270 m, and the area is divided into 81 cells of size 30 m by
(20, 30), respectively.) 30 m; the target cell is set to be the center of the networkmFro

In Figure 2, we displayed the lower bounds as a function gye results, we find that with a larger network, it takes lange
the maximum allowable delay. From the figure, we conclud@r & mobile node to find a closer position to communicate
that though the lower bound from the approximation approa#fth the target. At the same time, the results show that
is not tightly matching the one computed by probability rixatr OUr theoretical lower bound of the expected communication
approach, it is indeed a very close approximation. distance closely matches the experimental results. We Hizid t

We also report the times to compute the theoretical lowlte average reduction in the expected communication distan
bound based on the two approaches. The maximum allowalfiavithin 75% to 94% of the optimal.
delay is set tod0 x E[T] (recall thatE[T] is expected time .
for a trip), which corr[es]ponds to the t[inle for 40 trips in theC' Performance of LD in map based movement model
probability matrix approach. Two set of timings are takem, f In this subsection, we illustrate the performance of the LD
which the network is partitioned t9x 5 cells, andd x 9 cells, algorithm in the general map-based movement model. In our
respectively. The results are presented in Table Il. Theyshmodel, we use a local map of Lafayette, Indiana, USA, as
that the approximation approach takes significantly lese ti the accessibility constraints. The map is shown in Figure 5,
to compute than the exact roach. ) which contains all the streets and roads in an 10,800 m
. ‘Absblite peHormance of the L1 algorithm by 11,500 m area. Ten mobile nodes are present in the

This section illustrates the absolute performance of tmetwork. The destinations of the nodes are chosen randomly
LD algorithm, by comparing the communication distance @nd independently, and the nodes move along the routes
achieves against the lower bound computed by the probabilifenerated by the route selection software. Each simulation
matrix approach and the lower bound obtained experimgntalluns 20,000 seconds. During each simulation run, each node
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communicates with a randomly chosen node as the receiverdaiay. We find that the LD algorithm significantly reduces the
1000 times. We measure the distance of each communicaticommunication distance under the realistic instantiaibthe

and report the average distance over three independentrrunsap-based model in this section. The results show that LD has
Figure 6. Confidence intervals are also included in the graptonsistently good performance as in the prior work congider

for reference. the simpler random waypoint movement model [1]. We find
hat the average reduction in the expected communication

Figure 6(a) shows the communication distance achieved Viance is around 62% of the optimal

the LD algorithm as a function of the maximum allowable
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Fig. 6. Performance of LD with a map-based movement modeli@onication distance is significantly reduced within re&ly small delay.

TIRPECA, Mapl"’%oiﬁﬁ fraction of the allowable delay.
FNTD g b= % To summarize, we have evaluated the LD algorithm in a
Inttion (3 realistic instantiation of the map-based movement model; w
FF' yillage - find that the LD algorithm continues to perform effectively
Siry i and significantly reduce the communication distance.

b

26
MG D. The effect of cell size
(-4

i T Recall that our network model is grid based, so that the
t whole network area is divided into cells, each of which is
2 assigned a unique cell ID. Each mobile node records the IDs
of the cells it visited in its movement history. A movement
prediction algorithm can then use the movement history to
predict whether a mobile node will move closer to a certain
Fig. 5. Alocal map of Lafayette area. target or not. However, the choice of the cell size, and hence
the total number of cells in the network, may affect the
performance of the movement prediction algorithm. In this

section, we study the performance of LD as the grid size and
In Figure 6(b), we illustrate the percentage communicatigjyerage nodal speed vary.

distance savings as a function of the maximum allowable|n our experiment, a 180 m by 180 m network area is
delay. As the maximum allowable delay increases, the distanyivided into grids o8 x 3, 5x 5, 9x 9, and15 x 15, respectively.
saving also increases. In the same graph, we show also i cell size in &3 x 3 grid is 60 m in length, whereas it is
measured distance savings in relation to the theoretigaup12 m in a15 x 15 grid. We conduct three sets of calculations,
bounds. Notice that in contrast to the random waypoint modgdsuming that the mobile node moves at an average speed of
resu|tS, the communication distances achieved by LD in ﬂ‘slSm/s’ 10 m/S’ and 25 m/S, respective|y. (The Corresponding
case do not converge to the experimental lower bounds, as the . v, ..} are(4,6), (5,15), and (20, 30), respectively.)
allowable delay increases. This is because the averagel spegyhenever the communication is carried out according to
is relatively low compared with the size of the area. (Thghe LD algorithm, we measure the actual communication
average nodal speed is about 10 m/s due to speed limitsg@ftance between a mobile node and the communication target
the local streets, whereas the area has dimensions 10,80Q\/8rages of 100 independent runs are reported. Error bars
by 11,500 m.) If a higher speed is allowed, we conjecture thafe omitted because the corresponding standard deviatiens
the performance of LD would increase, according to observggha|i.
trends under the RWP model. In Figure 7(a)-7(c), we notice that with higher average
We also illustrate the actual communication delay by the LBodal speeds, the LD algorithm finds a closer position to
algorithm in Figure 6(c), which is the time when LD decides toommunicate more quickly. Also, as the number of cells in
perform the communication. In general, LD will communicatéhe grid increases, the performance of LD improves, in terms
before the allowable delay expires, when it concludes that tof the reduced communication distance. This is because with
current position is likely to be close enough to the targetsmaller cell size, LD can use a finer granularity of position
receiver. By comparing the actual delay of LD with thénformation to predict. However, as the cell size further
allowable delay, we find that the algorithm is consistentiea decreases, the performance of LD drops. As an example, we
to predict a good position to communicate, within a smatlonsider the case where the mobile node moves at an average
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speed of 25 m/s (WitHV,.in, Vinaz) = (20, 30)). As shown model fails to sustain a meaningful average speed necessary
in Table lll, as the cell size decreases to be less than 4fam simulation experiments. Our analysis is significantlgrm

(i.e., a45 x 45 network grid), the performance of LD beginscomprehensive, and can be applied to understand the fun-
to decrease as well (i.e., the corresponding communicatidamental performance limits of movement predicted wieles
distance starts to increase). When the cell size reaches zvmmunication. The expected sojourn time result in Lemma 2
(i.e., no grid at all), LD does not work well. This is becausén Section IV-B) can be regarded as an extension of a similar
in this case, even if a new position is only a little closerhe t result by Hong and Rappaport [5].

target than the previous position, LD will consider the new

position better and immediately carry out the communicatio VIl Conclusion

We have developed a realistic system model which allows
general accessibility constraints and route selectiondeo
specified for a mobile wireless network, while admitting the
well known random waypoint model as a special case. For
Z‘I?S”t;r'fcee ((“r;'])) 6122 3581 1455 23;6 2240 10104 movement predicted communication under the random way-

: : : : : : point model, we have derived fundamental tight lower bounds

_ . of the expected communication distance achievableatny
To summarize, the cell size may affect the performance Qf.ynonement algorithm, as a function of the sender’s nodal

movement prediction algorithm. The performance LD may h&,ceq and the allowable postponement delay. Our analysis
improved by decreasing the cell size; however doing S0 Wili,\ides an absolute performance measure of how closely a
increase the time to find a closer position. Furthermorenef t ,,oronement algorithm can match the theoretical optintam.
cell size decreases indefinitely, the performance of LD M@\ ticular, we show that the least-distance algorithm iorpr
become not as good, or ineffective if the cell size becomgz, k achieves a reduction in the expected communication

Z€ro. distance within 62% to 94% of the optimal, over a realistic
E. Summary range of n_odal speeds. Moreover, the algorithm’s absolette p
rgcarmance increases as the nodal speed or the allowable delay

By comparing the calculated theoretical lower bounds a o . tal Its h further chai
the measured expected communication distances to the tat greases. Jur experimental results have furiher charae
e performance of movement prediction in an instantiatibn

cell, we can find that the theoretical bounds very closelycmat . :
y ¥ e map-based model to road travel in the Lafayatte, Indiana

the measured results in all the network scenarios. Also, the

LD algorithm shows good performance by achieving commarea- The performance impact of system parameters like the

nication distances close to the lower bounds. Moreover, tﬂgtwork grid size has been systematically evaluated.
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Fig. 7. Performance comparison of LD under different grittisgs.

respectively. Note that both the starting and destinatimintp

of a trip are uniformly chosen from within the network. Let
Z = |z1 —x2| and W = |y; — yo|, SO that the distance

of the trip, L, is vZ2 + W2,
distanceE[L], we first compute the distributions df and
W as follows.

The pdf ofz4, or that ofz,, is given by f(z) = 1/X. The
cdf of Z can then be calculated by:

Fz(Z)

=|z1 — 22| < 2)

/ /z2+z f(z1) f(x2)dz1dzs
/XX_ZZ f(:vz)/m_z Fla1)dwyday

of e [

z To+z
+/ f(l'z)/ f(,Tl)d.%'ld.%'g
0 0
22X — 22
X2 7
By differentiating Fz (=), we obtain the pdf oz as follows:
2 2z
fz(2) = Fy(z) = X x2
Similarly, the pdf of W is given by:

i (w) = Fly(w) = & — 2.

f(Il)ddfldIQ

0<z<X.

Now, F[L] can be calculated through the joint distribution of

Z andW. Let o = arctan(Y/X). We have

Y X
/0 /0 \/mfZ,W(Z,w)dzdw
/Y /X \/mfz(z)fw(w)dzdw

E[L]

2

B / / Fruwix X X2 Y YQ)dZdw
X2 1+sina sin o X3 1
6Y( . cos o cos? a) + 15Y2( cos3 a)

Y2 y3
6X )+ 15X2(1 -

For the expected timeE[T] of a single trip, since (i)

L

sin” «

COS (v 1 —cosa

51n o sin «

To obtain the expected trip g[7] = E[LV '] and (ii) the random variableg and V/
are independent of each other, we h&/@] = E[L|E[V ~1].

For E[V 1], it can be calculated by:

1 Vmam Vmam 1
E[VTY = ~f(v)dv = d
[V ] ~/me vf(v) ! ~/me U(Vmaw _Vmin) v
ln(Vmam/Vmin)

_— 2
Vmam - szn ( )

Lemma 1 thus follows by combining Equation 2 with Equa-
tion 1. O

APPENDIXII
Proof of Lemma 2

We analyze theexpected cell sojourn time of a mobile
node moving according to the RWP algorithm. The quantity is
defined as the expected duration of time from when the node
enters a cell to when the node exits the cell. To begin with,
we approximate the network cell by a circle that has the same
area (see Figure 8). The radius of the circle, denoted® bis
therefore

S
R=— ~0.56s.
NG °

Fig. 8. Approximation of cell as a circle.
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To calculate the expected cell sojourn time, we consid&hen, the expected chord length is
two scenarios in which the mobile node moves in a single

2R
trip: (1) The node starts or finishes a trip inside the cel); (2 E|Z.] = / 2fz(2)dz = ﬁ
The node passes through a cell during the trip. Lemma 2 gives 0 i
the corresponding expressions. Also, in the proof of Lemma 1, we know that
Proof: We first calculate the expected sojourn time of 1n(Vias/Vinin)
Case (i). Letl; denote the sojourn time that a mobile node is EV = Vo v
inside the starting cell, and &t denote the nodal speed. The Jmaw s Tmn )
joint pdf of 7; and V" is given by Then, the expected sojourn time in Case (ii) becomes
4R Vi
. = . E[T.]=E[Z)E[V '] = In 2%
Jryv(to) = |olfzy(zv) (Te] = BIZJBV ™) =~
where 7 is the distance from the node to the cell boundaryThis completes the proof of Lemma 2. 0

The pdf of T; can be calculated using the above joint

2
pdf as follows: LetC; = TR Voar— Vo) and Csy(t) =
8R

3 Vonae Vo) Then, we have

fr(t) = /_ZOO fr,v(t,v)dv = /

|U|fz,v(27U)dU

o0
oo

Cr Jy oy B2 = (5, 0t P
=14 lif/t v\ /R = ()2dv, P St P
0, t> FE
tVinin tVimaz
Ca(t) (11— (Hgpm)219/2 — 1 — (He2p/2),
0<t< &5,
= t min .
Colt) [1 = (P, Pl <t <
0, t> 25

Then, the expected sojourn time in Case (i) becomes

Birl = [ T et

— 00

8R
= X
37T(Vmam - szn)

2R
Vimaz | thzn 2 3/2 tha;E 2 3/2
{/0 t{(l(m)) T

Vimin 1 tViin 2\3/2
+ /2R t (= 2R ) ) di
B 8R In Vinaz
N 37T(Vmam - szn) szn .

To calculate the expected sojourn time in Case (ii),Tlgt
denote the sojourn time when the mobile node is in a cell other
than the starting and the ending cells (i.e., when the node is
crossing a cell in the trip). LeZ. be the length of the chord
where the path of the node intersects the cell. The pdf of
is

2

fz.(2) = ma

0<z<2R.
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