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Abstract—Thispaper presentsamobiletrackingschemethat ex-
ploits the predictability of user mobility patterns in wireless PCS
networks. In this scheme, a mobile’s future location is predicted
by the network, based on the information gathered from the mo-
bile’s recent repor t of location and velocity. When a call is made,
thenetwork pages thedestination mobilearound thepredicted lo-
cation. A mobilemakesthesamelocation prediction asthenetwork
does; it inspects its own location per iodically and repor ts the new
location when the distance between the predicted and the actual
locations exceeds a threshold. To more realistically represent the
var ious degrees of velocity correlation in time, a Gauss–Markov
mobility model is used. For practical systems where the mobility
pattern var ies over time, we propose a dynamic Gauss–Markov
parameter estimator that provides the mobility parameters to the
prediction algor ithm.

Based on the Gauss–Markov model, we descr ibe an analytical
framework to evaluate the cost of mobility management for the
proposed scheme. We also present an approximation method that
reduces the computational complexity of the cost evaluation for
multidimensional systems. We then compare thecost of predictive
mobility management against that of the regular, nonpredictive
distance-based scheme, for both thecasewith ideal Gauss–Markov
mobility pattern and thecasewith time-varying mobility pattern.

The per formance advantage of the proposed scheme is demon-
strated under var ious mobility patterns, call patterns, location in-
spection cost, location updating cost, mobile paging cost, and fre-
quencies of mobile location inspections. As a point of reference,
prediction can reducethemobility management cost by morethan
50% for all systems, wherea themobileusershavemoderatemean
velocity and where per forming a single location update is as least
as expensive as paging a mobile in one cell.

Index Terms—Distance-based location management, dynamic
parameter estimation, fluid flow, Gauss–Markov model, mobility
pattern, predictive mobility management, random walk, wireless
networking.

I. INTRODUCTION

I N THE operation of wireless personal communication ser-
vice (PCS) networks, mobility management deals with the

tracking, storage, maintenance, and retrieval of mobile location
information. Two commonly used standards, the EIA/TIA In-
terim Standard 41 in North America [1] and theGlobal System
for MobileCommunications in Europe [22] partition their cov-
erage areas into a number of location areas (LAs), each con-
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sistingof agroupof cells. WhenamobileentersanLA, it reports
to the network the information about its current new location
(location update). When an incoming call arrives, the network
simultaneously pages the mobile (terminal paging) in all cells
within theLA, wherethemobilecurrently resides. In thesestan-
dards, theLA coverageis fixed for all usersand cannot adapt to
different and differing user traffic and mobility patterns.

Dynamic LA management schemes have been proposed in
[15], [18], and [32], where an LA is defined per mobile, as to
adapt to its traffic and mobility patterns. However, when a call
arrives, the system still needs to page the mobile in all cells
within the LA, an operation that is costly in most cases.

Dynamic mobility management schemes [2], [3], [5], [8],
[14], [19], [21] discard the notion of LA borders altogether.
A mobile in these schemes updates its location1 based on ei-
ther elapsed time, number of crossed cell borders, or traveled
distance. All these parameters can be dynamically adapted to
each mobile’s traffic and mobility patterns, hence, providing
better cost effectiveness than the LA scheme. In schemes that
do not rely on LAs, upon call arrival, thenetwork pagesthedes-
tination mobile using a selective paging scheme [24], starting
from the cell location where the mobile last updated and out-
wards, in ashortest-distance-first order. With theassumption of
arandom-walk mobility model, thispagingschemeisequivalent
to thehighest-probability-first algorithm, which, indeed, incurs
the minimum paging cost. In particular, in the distance-based
scheme, amobileperformslocation updatewhenever it issome
threshold distanceaway from thelocation whereit last updated.
For a system with the memoryless random-walk mobility pat-
tern, thedistance-based schemehasbeen proven to result in less
location updating and paging costs than schemesbased on time
or number of cell boundary crossings [5].

However, in systems where a user’s future velocity is corre-
lated with its past and current velocity (i.e., nonmemoryless),
the highest probability location of a mobile is generally not the
cell where the mobile last reported. Thus, predicting the mo-
bile’s current location when a call arrives would result in less
paging traffic. Consequently, a mobility management scheme
that takes advantage of the predictability of the mobiles’ loca-
tion can lower the mobility management cost.

In our proposed predictive distance-based mobility manage-
ment scheme, the future location of amobile ispredicted based

1We do not address in this paper the exact mechanism by which a mobile
monitors its location and velocity. A mobilemay determineits location through
a variety of methods, including the Global Positioning System, signal triangu-
lation, base-station self-identifying beacons, or a combination of the above. It
may then average position displacement over time to find its velocity. Other
methods and related references on mobile location and velocity determination
can be found in [13].
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on the probability density function (PDF) of the mobile’s loca-
tion, which is given by a Gauss–Markov mobility model based
on its location and velocity at thetimeof therecent location up-
dates. The prediction information is made available to both the
network and the mobiles. Therefore, a mobile is aware of the
network’sprediction of its location. Themobilechecksitsposi-
tionperiodically (location inspection) andperformslocationup-
datewhenever it reachessomethreshold distance(updating dis-
tance) away from thepredicted location. To locateamobile, the
network pages the mobile starting from the predicted location
and outwards, in ashortest-distance-first order, until themobile
is found.

Besidestheapplicationof prediction, another featurethat sets
our work apart from theoriginal investigation of distance-based
mobility management is thenotion of sporadic location inspec-
tions. In a distance-based updating scheme, a mobile needs to
monitor its location and/or velocity. In practical systems, this
cannot be done continuously due to bandwidth and computa-
tion power limitations. We assume that a mobile measures its
location and velocity periodically, at the location inspection in-
stants. We further study how the optimal location inspection
period is affected by the mean, variance, and memory level of
a mobile’s velocity. Previous work on distance-based mobility
management schemes[2], [5], [14], [21] do not incorporate this
assumption.

Summaries of many aforementioned mobility management
schemes can be found in the survey papers [4] and [30]. A pre-
liminary version of thepredictivedistance-based mobility man-
agement scheme, based on aone-dimensional (1-D) system and
without consideringthecost of location inspections, ispresented
in [20] and summarized in [30]. Other related work include the
combination of timer, movement, and distance approaches into
ageneral state-based framework in [26] and an information-the-
oretic approach in [6]. Most recently, a cell-shape independent
stochastic model has been proposed in [31], which provides an
iterative algorithm to compute the optimal updating threshold
for distance-based mobility management.

The rest of this paper is organized as follows. In Section II,
we describe the Gauss–Markov mobility model and the pre-
diction algorithm. We demonstrate the broad applicability of
the Gauss–Markov model, derive the optimal location predic-
tion, and introduce an algorithm to dynamically estimate the
Gauss–Markov parameters when the mobile movement pattern
is time varying. Section III presents the analytical framework
for evaluating thecost of thepredictivedistance-based scheme.
This cost is defined as the sum of a mobile’s location inspec-
tion cost, location updating cost, and thecost incurred in paging
the mobile. The numerical results are presented in Section IV.
We study how the optimal location inspection period and up-
dating distance are affected by the traffic pattern, the mobility
pattern, and the relative costs of location inspection, location
updating, and paging. To evaluate the performance gain of the
predictivescheme, thecost of the nonpredictivedistance-based
scheme ismeasured through simulations, and iscompared with
thepredictivescheme. Our results indicate that, in general, pre-
diction can significantly lower the mobility management cost.
We show that the proposed scheme performs well, even when
used in conjunction with asuboptimal parameter estimation al-

gorithm, insystemswith time-varyingmobility pattern. Further-
more, we explain why the performance gain of the predictive
scheme does not necessarily increase as the memory level of a
mobile’s movement increases. Finally, concluding remarks are
given in Section V.

II. SYSTEM DESCRIPTION

A. Gauss–Markov Mobility Model

A mobileuser usually travelswith adestination in mind. Fur-
thermore, the changeof a mobile’s velocity within a short time
islimitedduetophysical restrictions. Therefore, amobileuser’s
future location and velocity are likely to be correlated with its
past and current location and velocity. Thus, the memoryless
nature of the random-walk model makes it unsuitable to rep-
resent such behavior. Another widely used mobility model in
cellular network analysis isthefluid-flow model [32], [33]. The
fluid-flow model is suitable for vehicle traffic on highways but
for not pedestrian movements with frequent “stop-and-go” be-
havior. A discreteMarkovian model isreported in [5]. However,
in thismodel, thevelocity of themobilesisoverly simplifiedand
characterized by threestatesonly. A memorylessBrownian mo-
tionwithdrift model isused in [25] and[8]. It isan improvement
to the random-walk model, but it still cannot represent the time
correlation in a mobile’s velocity. In this paper, we introduce a
mobility model based on theGauss–Markov process [11], [23],
[29]. TheGauss–Markov processhasappeared in diversefields,
suchasthetheory andapplicationsof signal estimationandeco-
nomicforecast. Wepostulatethat it canbeusedtomodel themo-
bilemovement inaPCSnetwork, sinceit capturestheessenceof
the correlation of a mobile’s velocity in time. Furthermore, the
Gauss–Markov model represents a wide range of user mobility
patterns, including, as its two extreme cases, the random-walk
and the constant velocity fluid-flow models.

1) 1-D Case: For simplicity, we first illustrate the
Gauss–Markov mobility model in a 1-D system. In this model,
a mobile’s velocity is assumed to be correlated in time and
modeled by a Gauss–Markov random process. In continuous
time, a stationary Gaussian process is a Gauss–Markov
process if it has the autocorrelation function [11], [23], [29]

(1)

where is thevarianceof , is itsmean, and deter-
minesthedegreeof memory. When , (1) isalsosometimes
called theOrnstein–Uhlenbeck solutionof theBrownianmotion
with zero restoring force [23].

We define a discrete version of the mobile velocity with
and the memory level , where is

normalized to unity throughout this paper.2 Then the discrete
Gauss–Markov process described by (1) can be represented by
the following recursive realization:

(2)

2In a practical system design, the value of
���

should match the parameters
of each individual system. It should not be too small, such that themodel iden-
tification and system optimization becomes intractably complex. It also should
not be too large, such that thedetailsof auser’smovement is lost. However, an
investigation into theoptimal selection of

���
isoutside thescopeof thispaper.
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where isanuncorrelatedGaussianprocesswithzeromean
and unit variance and is independent of .

If theinitial velocity isGaussianwith mean andvariance
, from (2), we clearly have . There-

fore, (2) satisfies the definition (1). However, since there is no
guarantee that has mean and variance , or even that
is Gaussian, the process described by (2) is generally not sta-
tionary. In this case, is the asymptotic mean of , and is
theasymptotic standard deviation of , when approaches in-
finity.

Clearly, as approaches zero, or approaches infinity, (2)
represents a drifting random-walk mobility pattern with mean

and standard deviation , and that as approaches one or
approacheszero, (2) representsaconstant velocity fluid-flow

mobility patternwith for all . Therefore, not only does
theGauss–Markov model represent awidespectrumof mobility
patterns with various degree of memory, it also includes the
random-walk and fluid-flow models as its two extremecases.

2) Multidimensional Case: It is straightforward to extend
the Gauss–Markov mobility model to the two- or three-dimen-
sional systemsby using vectorsof Gauss–Markov processes. In
what follows, we use a two-dimensional (2-D) system to illus-
trate how this is done.

In the 2-D case, the location and velocity of a mobile is rep-
resented by the random vectors and

, respectively, where the superscripts denote the di-
mensions. Similarly, wedefine , ,
and . Then, the 2-D velocity process can be ex-
pressed as follows:

(3)

where denotes element-by-element multiplication, and
is a 2-D uncorrelated Gaussian

process with zero mean and unit variance and is independent
of . In (3), we have made an important assumption that
the velocity processes in both dimensions are uncorrelated.
It is easy to rewrite (3) to represent the more general case of
correlated dimensions. However, as will become obvious in
Section III, thecost analysiswith even thesimpler, uncorrelated
model can be highly computationally intensive. The additional
dimension of conditional probabilities in the correlated model
would render the model practically intractable.

For simplicity of presentation, one may further assume that
thevelocity has thesamememory level , thesameasymptotic
mean , and the same asymptotic standard deviation in both
dimensions. In this isotropic case, (3) becomes

(4)

3) Duplicating Other Mobility Models: To our knowledge,
no real dataareavailable in thepublic domain that describe the
user mobility pattern in thedesired granularity to validateamo-
bility model. For example, mobile traces reported in [27] and
[28] only give coarse movement patterns between large areas,
in hourly to daily time frames, aggregated among many users.
Therefore, none of the commonly used mobility models in lit-
erature can be validated against real user data.

Nevertheless, the wide applicability of the proposed
Gauss–Markov model can still be demonstrated. We illustrate
how the parameter set can be tuned such that the
Gauss–Markov model can duplicate the mobile movements
described by three of the most popular mobility models: the
random-walk model [25], [8], the fluid-flow model [32],
and the random way-point model [7], [9].3 By showing this,
we demonstrate that the Gauss–Markov model is, indeed, a
mobility model that can represent avariety of mobility models.

i) Therandom-walk (RW) model (with drift) hasno memory.
It can be represented by

(5)

where isavector of drift velocities, isavector of
velocity standard deviations, and is a vector of un-
correlated Gaussian processes with zero mean and unit vari-
ance. Comparing this with (3), the corresponding subfamily of
the Gauss–Markov model has the parameters

.
ii) The fluid-flow (FF) model has constant velocity in all di-

mensions. It can be represented by

(6)

where is a vector of constant velocities. Com-
paring this with (3), there are several subfamilies of the
Gauss–Markov model that generate movement patterns the
same as those described by the fluid-flow model. They are

, , and
.

iii) The random way-point model is the most prevalent mo-
bility model in mobile ad hoc network (MANET) simulations.
In thismodel, amobilecycles through two phases: constant ve-
locity and motionless. In each cycle, it randomly selects a des-
tination, moves toward the destination at a randomly selected
velocity until it reaches the destination, stays at the destination
for arandomly chosen amount of time, andstartsanew cycleby
randomly selecting anew destination. Therefore, themovement
of amobileunder thismodel consistsof segmentsof fluid-flow
with various level of velocity (including zero velocity).

Since the stochastic process of mobile velocity under the
random way-point model isnonstationary, it cannot beobtained
by direct application of the Gauss–Markov model. However,
with the Gauss–Markov model, one only needs to employ an
additional random number generator to generate movement
patterns that follow the random way-point model description.
This random number generator determines theduration of each
segment of movement. In each segment, the Gauss–Markov
model, as shown in ii), generates fluid-flow-like movement
patterns.

B. Predictive Distance-Based Mobility Management

In what follows, wedescribethepredictivemobility manage-
ment scheme in the context of 1-D and 2-D systems. This can
easily beextended to systemsof threedimensions, such asthose
in an office building, for example.

3A comparative study of various mobility models, including random-walk,
Gauss–Markov, and random way-point, in thecontext of mobilead hoc network
routing, can be found in [16].
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Fig. 1. Predictive location updating and selective paging. (a) 1-D system.
(b) 2-D system.

1) Predictive Location Updating and Selective Paging: As
explained in Section I, amobilecannot monitor itslocation con-
tinuously. Here, we assume that location inspections are per-
formed by themobiles periodically, at every units of time.

The proposed predictive distance-based scheme has the fol-
lowing components.

• Prediction: ThePCSnetwork makespredictionsof themo-
bile’s location , at time instants of mobile location inspec-
tions and call arrivals to the mobile, based on the history of
themobile’sreported location and velocity. Themobile ismade
awareof thenetwork’sprediction, either by information transfer
from the network during the last location updating or by local,
concurrent computation using thesameprediction algorithm as
the network.

• Updating: At the th location inspection instant, a mobile
observes itscurrent location . It transmitsa location update
to the PCS network if is greater than the distance
threshold.

• Paging: When a call is made to a mobile at time , the
system pages the mobile in cells at and around the predicted
location , in a shortest-distance-first order, until the mobile
is found.4

Fig. 1 illustrates thepredictiveupdating and paging schemes
for the 1-D and 2-D cases, respectively.

In paging amobile, thereexistsatradeoff between thepaging
traffic bandwidth usage and the time delay in locating the mo-
bile (e.g., a full-system paging scheme incurs maximum band-
width usageand minimum delay). Thereisaspectrum of means
to trade off between bandwidth usage and paging delay. In the
rest of this paper, for both the predictive and the nonpredic-
tive cases, we have assumed a sequential ring-by-ring paging
scheme, where all cells of equal distance to the predicted lo-
cation or the last reported location, respectively, are paged at
the same time. For systems with different bandwidth and delay

4A timeor distancethreshold may be imposed, beyond which thepaging ter-
minates, in case the sought mobile has detached from the network.

constraint requirements, theproposed predictiveschemecan be
easily extended using the methods similar to those reported in
[3], [14], and [24].

The updated mobile location and velocity are assumed to be
contained in location databasesresiding in thewirelinenetwork
(e.g., Home Location Registers). The reliability issues of loca-
tiondatabasesarenot addressedinthispaper.For reliability con-
siderations, methodssimilar to thosedescribed in [12] could be
employed.

2) Location Prediction: Next, we derive a formula for the
predicted location of a mobile as a function of time, when its
last reported location and velocity are given. Let be the
initial timewhen amobile last updates its location and velocity.
Wecan recursively expand (4) to express explicitly in terms
of the initial velocity

(7)

Defining and , we have

(8)

It is easy to show that any linear combination of , , ,
is Gaussian. Hence, is a Gaussian process.

Let bethedisplacement of amobileat time from its last
updated location, given that no location updating is performed
up to time , i.e.,

(9)

for , where istheupdating distance
threshold. The joint PDF of is

otherwise

(10)

where , and is the joint PDF of .
Since is a Gaussian process, the maximum-likelihood

estimation of is . Due to symmetry in the definition of
, as shown in (10), the maximum-likelihood estimation of

is

(11)

Furthermore, since the PDF of is concave and symmet-
rical, the proposed shortest-distance-first paging scheme con-
forms with the highest-probability-first rule for optimal selec-
tive paging. Therefore, we can expect the predictive scheme to
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incur lower mobility management cost than the nonpredictive
distance-based scheme.

C. Gauss–Markov Model Parameter Estimation

In a practical system, the mobility pattern can be approxi-
mated by the Gauss–Markov model with varying mean, vari-
ance, andmemory level. Applying thealgorithminSection II-B,
the movement of a mobile is predicted based on the estimated
parameters , , and , obtained at the previous location up-
dates. Therefore, theaccurate location prediction dependsupon
theaccuratedynamic estimation of theGauss–Markov parame-
ters, as well as the degree of variations in these parameters be-
tween location updates.

The topic of dynamic parameter estimation has seen many
contributions within the signal-processing community. In this
work, we propose a simple estimator that computes the mean,
variance, and memory level of a mobile, separately, in each
dimension. We define a parameter estimation window .
In practice, is chosen such that it is small enough for the
mobilemovement to remain approximately stationary but large
enough to provide sufficient amount of data samples. Given
the previous samples of the mobile velocity , the
Gauss–Markov parameters are estimated by

(12)

(13)

(14)

if

otherwise.
(15)

In theaboveestimation,both and arebiasedbecauseof the
correlation between elements in . Despite this drawback,
there are two reasons that we havechosen this algorithm. First,
thisestimator issimpleto implement in practice. Second, asub-
optimal parameter estimator doesnot invalidate thecorrectness
of theproposedpredictivelocationupdatingandpagingscheme.

With correlated data and limited estimation window size, an
optimal estimator has not been found. However, it is stated in
[17] that the above estimator can outperform an unbiased esti-
mator.

Thus, theGauss–Markov parameter estimatesof each mobile
are recomputed at each of its location updating events. These
estimates are used by the mobile and the system to predict the
future location of the mobile. Section IV-C demonstrates the
effectiveness of combining the above estimator with distance-
based predictive mobility management.

III. COST EVALUATION OF THE PREDICTIVE DISTANCE-BASED

MOBILITY MANAGEMENT SCHEME

In this section, we describe an analytical framework to eval-
uate the mobility management cost of the predictive distance-

based scheme, assuming ideal Gauss–Markov mobility pattern.
The performance of the proposed scheme in the nonideal time-
varying case is studied in Section IV.

Thetotal cost of mobility management per call arrival isde-
fined as

(16)

where , , and are theaverage location in-
spection cost per call arrival, the average updating cost per call
arrival, and theaveragepaging cost per call arrival, respectively.

Clearly, thereexistsatradeoff between location updating and
mobilepaging. Themoreoften amobileterminal updatesits lo-
cation, themoreprecise is thenetwork’sknowledgeof its loca-
tion when acall arrives, which could lead to lower paging cost.
However, location updating drains the limited energy supply
of a mobile terminal, takes away part of the precious wireless
channel capacity, and inducesaccessto potentially far away and
heavily loadedlocationdatabases. Therefore, therateof location
updating, which depends on the location updating threshold in
this case, should be optimized to reduce the total cost.

The frequency of location inspection is another design pa-
rameter that needstobeoptimized. Ontheonehand, location in-
spection takesup thelimitedprocessor power andenergy supply
of amobileterminal. Ontheother hand, it improvesthemobile’s
awareness of its location for timely location updating, which
is particularly important when the frequency of call arrivals is
high.

In order to determine the optimal location inspection fre-
quency and the optimal location updating threshold, we pro-
posethefollowing framework for evaluatingthecost of mobility
management. Wefirst describethecost evaluation framework of
a1-D system. Wethen extend that to 2-D and 3-D systems, and
follow that with an approximation scheme, which reduces the
computational complexity of multidimensional cost evaluation
to that of a 1-D system.

A. 1-D Cost Evaluation

Since the position of a mobile (e.g., the residence cell iden-
tity) is closely monitored by the network within a phone call
duration, a call arrival has the same effect as a mobile location
update. To distinguish the two types of location updating, we
refer to a location update based on distance as autonomous up-
date. Furthermore, wecanview acall durationasapoint in time,
where a location update is performed, and a new cycle of loca-
tion inspection, location updating, and mobilepaging starts.

Suppose calls arrive with the interarrival time PDF .
The average location inspection cost per call is

(17)

where denotes thecost of asingle location inspection. If we
assume that the call arrival times are exponentially distributed
with arrival rate , we can simplify (17) to

(18)

The detailed derivation is presented in Appendix A.
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To determine , we first consider the time interval be-
tweentwoconsecutiveautonomouslocationupdateswithout the
interruption of phone calls. We compute the PDF of time be-
tween a location update (autonomous update or call-arrival up-
date) and the next autonomous update, denoted .

Let and be the velocity and displacement of a mobile
at time , respectively, given that no location updating is per-
formed up to the location inspection at time .
Shifting the center of the PDFs of and to the origin, we
define

(19)

(20)

Then, we have , and for

(21)

and

(22)

Wefurther define and asthemean-shiftedvelocity and
displacement of amobileat the th location inspection, respec-
tively, given that no location updating is performed up to the

th location inspection (i.e., could be greater than
). Obviously, is conditioned on , and

is conditioned on .
In order to compute the probability of an update at the th

location inspection, we need to compute the PDF of . It’s
easy to seethat thestatisticsof iscompletely deter-
mined by . Therefore, we can compute the
joint PDF , through arecursion on as follows.

Let

(23)

Then

(24)

By the Markovian property of , we have

(25)

where

(26)

(27)

(28)

(29)

(30)

and

(31)

The derivation of is presented in Ap-
pendix B.

Since and are independent given , we have from
(24)

(32)

where denotes linear 1-D convolution over the variable .
Then, by Bayes’ ruleandtaking themarginal density, wehave

(33)

where

(34)

Because of the distance-based updating, we obtain

(35)

where

otherwise.
(36)
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Let be the probability that there is no update up
to and including the th location inspection instant. We have

, and

(37)

The above iteration to compute can be terminated
either when issufficiently small, or when theseriesof
PDF’s converges, e.g., in terms of normalized
squared error

where isapredefined threshold. Supposetheiteration istermi-
nated at the th step. Since uniquely determines

, for , ises-
sentially constant and

(38)

Thus, we can compute successively for all . We
carry out this computation until is small enough.

Thus, we obtain the PDF of the time between a location up-
date to the next autonomous update by

(39)

and for not a integer multiple of . Since
is not dependent on the history of a mobile’s loca-

tionor velocity beforetime , thetimebetweenconsecutive
autonomous updates is independent and identically distributed
(i.i.d.).

Next, we consider the location updates between two succes-
sive call arrivals. Since a call arrival has the same effect as a
location update, the time between the first call arrival and the
first autonomous update has PDF . The i.i.d. location
update time intervalscomprise a renewal processwith the PDF

.
Let denote the number of location updates within the

time interval of length between two successive call arrivals.
Then

(40)

where

(41)

and isthePDFof timebetweenalocationupdateand the
th autonomous update in the future, as given by the following

recursive relation:

(42)

(43)

where denotes the discrete convolution.

Let be the expected value of . Then

(44)

Using (44), the average updating cost per call arrival can be
obtained by

(45)

where is the cost of a singleautonomous location update.
To find , we first need to determine the distribution

of , for , given
. Let

(46)

Similar to the mean and variance of derived in Appendix
B, we can show that is Gaussian with mean

and variance
. Then, since

(47)

and and aremutually independent given , wehave

(48)

where denotes convolution in terms of .
Let bethenumber of cells in which thenetwork needs

to pageamobilewhen themobile isat adisplacement of from
itspredicted location. Ina1-D predictivesystemwithashortest-
distance-first paging rule

(49)

where is the cell size. Then, the expected number of cells
paged when a call arrives at time from the last location up-
dating is

(50)

Let be the expected number of cells paged when a call
arrivesat time fromthelast call arrival. Wecancompute
with the following recursive equation:

(51)



LIANG AND HAAS: PREDICTIVE DISTANCE-BASED MOBILITY MANAGEMENT FOR MULTIDIMENSIONAL PCS NETWORKS 725

Then, the average paging cost per call arrival is given by

(52)

where is the cost of paging a single cell.

B. 2-D Cost Evaluation

Section III-A describes the analytical framework for
evaluating the predictive mobility management scheme in
a 1-D system. In a 2-D system, similarly to (19) and (20),
we can define mean-shifted velocity and
mean-shifted displacement , given that no
location updating is performed up to the th location
inspection. Then, similarly to (19)–(39), we can compute

and through an
iterative procedure over . Here,
the location cut-off function, as shown in (36), becomes

otherwise
(53)

where is the threshold radius for location updating.
Then, the computation of remains unchanged and

the computation of can be carried out exactly as in
(40)–(45). Thecomputation of issimilar to that described
in (46)–(52), except that in (49) needs to be redefined.

The number of cells paged by the network to find a mobile
is largely dependent upon the cell shape and lattice arrange-
ment. In order to obtain analytical results that are compatible
with all cell configurations, weassumethat thenumber of cells
paged is proportional to the size of the area paged by the net-
work. Sincetheoptimal, shortest-distance-first and ring-by-ring
paging pattern is used, the area paged when the mobile is at

is a circle centered at the predicted location and with
radius . Thus, here the2-D isdefined
as

(54)

where is the average area of a cell.
As hinted by (32)–(34), the direct extension of the 1-D algo-

rithm to the 2-D case can potentially be very computationally
intensive, since it requires convolution and other manipulation
of with six freevariables. In what
follows, we introduce an approximating algorithm for 2-D cost
evaluation, which requiresonly asmuchcomputationasthe1-D
algorithm.

C. 2-D Cost Approximation

Asshown inSection III-B, thedifficulty thereisincomputing
the joint PDF of location and velocity in both dimensions. This
problem can be alleviated by an approximation based on the
assumption that amobileperformslocation updating separately
in each of the two dimensions. In this case, we define a new
location cut-off function

and

otherwise
(55)

where is the threshold distance for location updating in each
dimension, and

(56)

which maintains the same size of the range of possible mobile
location immediately after a location inspection.

With this location updating assumption, the mobile location
and update time statistics can be computed independently in
each dimension, and then combined to give the 2-D statistics.
The 2-D autonomous update time is the minimum of the 1-D
autonomousupdate time in each dimension. In particular, since
we have assumed that the mobiles have the same and indepen-
dent mobility pattern in both dimensions, we have

(57)

and hence

(58)

The 2-D mobile location PDF can be obtained by

(59)

Then, we can use the same procedures described in Sec-
tion III-B to compute the updating and paging costs. To
make the approximation results more precise, we can modify

to reflect the mobile location constraint intro-
duced by (55). For simplicity, in this work, we only consider
this constraint at time . In this case, the paging area is
theintersection of acircleand asquarecentered at thepredicted
location, with radius and side-length

, respectively. Thus, we redefine

.

(60)

Since (55) represents a suboptimal updating scheme,
obtained here is an upper bound of the actual cost that can be
obtained by the direct 2-D computation in Section III-B. In all
experimentsthat wehaveconducted, thisupper bound iswithin
2% of the actual cost. Thus, we conclude that the approxima-
tion is quite reasonable, allowing us to significantly reduce the
computation complexity.

IV. NUMERICAL RESULTS AND COMPARISONS

In this section, we evaluate the cost of a 2-D system. When
analyzing the cost of the predictive scheme in the case of ideal
Gauss–Markov mobility pattern, we use the upper-bound ap-
proximation described in Section III-C to expedite the compu-
tations. In thecaseof time-varying mobility pattern, theperfor-
mance of the predictive scheme, in conjunction with the pro-
posed parameter estimator, isdemonstrated through simulation.

In order to reduce the redundancy of numerical representa-
tion, we scale both the spatial parameters and the cost parame-
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ters. Wenormalizeall distanceand velocity valuesaccording to
the cell size, such that the area of a cell is assumed to be one.
Furthermore, sinceonly therelativecostsof location inspection,
locationupdating, andmobilepagingaffect theperformanceop-
timization, we also normalize all costs to have the units of ,
the cost of a single paging. Thus, now represents the ratio
of thecost of one location update to thecost of asinglepaging,
and now represents the ratio of the cost of one location in-
spection to the cost of a single paging.

Thecosts , , and depend on multiple factorssuch as
the mobile battery and processor capacity, the system wireless
bandwidth, and the location database architecture. It is impos-
sible to quantify all these factors using a single metric. In fact,
it is difficult to properly quantify any one of these three costs
with a single metric. Therefore, the values of and in our
analysismerely represent therelativeimportanceof location in-
spection, location updating, and mobilepaging in evaluating the
performance of a system.

Clearly, the relative importanceof thesedifferent costs isde-
termined by the system design details on a case-by-case basis.
Furthermore, these costs may change over time, depending on
the time varying characteristics of the battery power, wireless
channel usage, databaseloading, network congestion, andmany
other factors that a system designer need to consider. In this
paper, weconsider thebroadapplicability of predictivemobility
management in different networks. Therefore, instead of giving
the numerical results of one specific type of network, we study
theoptimization and performanceof theproposed schemewith
a wide range of and values.

For thecaseof ideal Gauss–Markov mobility pattern, weare
interested in understanding how , , and the other system
variables, namely, the memory factor exponent , the average
velocity , thestandard deviation , the location inspection pe-
riod , and theupdating distance , affect theperformanceof
thepredictivescheme. Inparticular, weareinterested in thejoint
optimization of and , namely

(61)
which gives the minimum cost of mobility management

.
Wearealso interested in theperformancegain that thepredic-

tive scheme can achieve over the nonpredictive distance-based
scheme. In particular, we are interested in how the cost ratio is
affected by the aforementioned system parameters.

Although our analytical framework accommodates a general
call-arrival distribution, in the following numerical computa-
tions, we assume that the interarrival time of calls is exponen-
tially distributed with arrival rate [calls/unit time].

A. Joint Optimization of and With Ideal Gauss–Markov
Mobility Pattern

Assuming ideal prediction, hasno effect on thecost of pre-
dictivemobility management. Other than that, however, it isnot
easy to solve (61) using general numerical optimization tools.
Therefore, in what follows, given a set of system parameters,
we first compute for a range of values of and and
then pick the pair that gives the minimum cost.

Fig. 2. Joint optimization of � and � versus � and � , for �
	 �
���
� , � �
��� , and � � � . (a) Minimum cost. (b) Optimal � and � .

In Figs. 2–4, westudy theeffect of , , , , and on the
minimization of .

Fig. 2 presents the plots of the minimum and the
corresponding , as increases along the values

(i.e., decreases
along the values ), for
variousvalues of and for , , and .

Fig. 2(a) illustrates a seemingly counterintuitive phenom-
enon. It shows that the minimal total cost is not always
decreasing with the memory level ( ) of a mobile’s ve-
locity. On theonehand, for fixed and small , as increases,
amobile’s velocity becomes lesscorrelated, so the total cost of
using prediction increases. On the other hand, when is large,
the variance of approaches a local minimum , so
a mobile’s position becomes more predictable, and therefore
the total cost decreases.

In addition, Fig. 2(a) shows that the minimal total cost is an
increasing function of the variance of a mobile’s velocity. This
matches the intuition that the cost of predictive mobility man-
agement increasesasamobile’svelocity becomesmorechaotic.

Fig. 2(b) showsthat, corresponding to theresults in Fig. 2(b),
the optimal and the optimal are, respectively, convex and
concave functions of . However, the optimal is always a
decreasing function of , and the optimal is always an in-
creasing function of . Therefore, as a mobile’s movement be-
comes more unpredictable, more frequent location inspections
and longer update threshold distance should be used.

Fig. 3 presents the plots of the minimum and the cor-
responding , for variousvaluesof and . Here,

isfixedat 10. Fig. 4presentstheplotsof theminimum
andthecorresponding , for variousvaluesof and

. Here, is fixed at 1. In both of these figures,
(i.e., ), and .

TheplotsinFigs. 3(a) and4(a) demonstratethat theminimum
cost of mobility management per call arrival isapproximately an
exponentially decreasing function of thecall arrival probability.
Sinceamobile’s location is tracked during acall, asthe interar-
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Fig. 3. Joint optimization of � and � versus � and � , for � � ��� ,��� � �"! , and � � ��� . (a) Minimum cost. (b) Optimal � and � .

rival time decreases, there is less unpredictable mobile random
movement between calls, which leads to lower mobility man-
agement cost per call. As approaches 1 [arrivals/time unit],
thetotal cost should approach . In thiscaseno location in-
spection or location updating is necessary, and the only cost is
incurred when acall arrivesand thesystem pagesonceto verify
that the mobile is there.

Figs. 3(b) and 4(b) demonstratethat both theoptimal location
inspection period and theoptimal updating distancedecreaseas
the call arrival probability increases. This is intuitive since, as
call arrives more often, a mobile is better off to check and up-
date its location more often to reduce the cost of the frequent
paging operation. From these figures, we also see that is
moresensitiveto than is, and on theother hand, is
moresensitiveto than is. For example, when
[arrivals/time unit], as shown in Figs. 3(b), as goes from 1
to , increases from 8 to 12, while remains un-
changed at 4. However as shown in Fig. 4(b), as goes from

to , increases from 7 to 11, while remains
unchanged at 4. The relative insensitiveness of the optimal
and to some of the system parameters is a welcome prop-
erty, especially whentheproposedschemeisapplied toasystem
where thecost factors and are timevarying and need to beesti-
mated.

B. Comparison With the Nonpredictive Distance-Based
Scheme

For the nonpredictive distance-based scheme, we use com-
puter simulations to determine itscost when thesystem param-
eters takevariouscombinationsof values. In thesesimulations,
we assume an infinite 2-D space that is divided into cells of
size 1, where a mobile travels according to the 2-D isotropic
Gauss–Markov process defined by the mobility parameters ,

, and . The simulations are time driven. At the time of ini-
tiation, the mobile is assumed to have just experienced a call
arrival. Thus, it starts from the origin ( ), and has ini-
tial velocity with the Gaussian distribution defined by and .

Fig. 4. Joint optimization of � and � versus � and � , for � � ��� ,��� �#�"! , and � � � . (a) Minimum cost. (b) Optimal � and � .

Thetimeof thenext call arrival israndomly generated following
the exponential distribution with arrival rate . Until a call ar-
rives, the mobile inspects its position every clock ticks. If
themobileis or moreunit of distanceaway from theorigin, a
location updateisperformed, and theorigin isshifted to thecur-
rent location. When a call arrives, the paging cost is computed
based on themobile’s distance from theorigin, using (54). The
updating cost is computed based on counting the total number
of location updates performed since time initiation. The above
experiment is repeated 10 times, and the average is taken.

To find the joint optimization of and through simula-
tions in the nonpredictive case would be too daunting a task.
Instead, to facilitate the comparison between the two schemes,
for bothschemes, wetreat asanondesignparameter, andonly
optimize . Thus

(62)

(63)

Furthermore, since both the predictive and nonpredictive
schemes have the same , independent of , we drop
this term and define the performance gain

(64)
Thus, thepredictiveperformancegain isa function of six in-

dependent variables. Instead of attempting to plot the perfor-
mancegain in thesix-dimensional space, wedividethevariables
into two groups, the mobility-related parameters and
the traffic and mobility-management parameters .
For eachgroupof variables, westudy theeffect of thesevariable
in detail, while the variables in the other group are fixed.

In Fig. 5, westudy theeffect of themobility pattern, namely,
, on the performance gain. The other parameters are

set to .
Fig. 5(a) presents the plots of the performance gain versus

, for various values of , and with fixed . Here
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Fig. 5. Performance gain with ideal Gauss–Markov mobility model, for $&%'
(�'
)
, * + )�'

, and , + )�'
. (a) Versus - and . , with /0+ '#(21

. (b) Versus .
and / , with -0+ )�'

( 34+ '#(2576
. (c) Versus / and 8:9<;>= , with .�+ '#("1

.

takes the values .
This corresponds to the memory factor taking the
values . These plots
demonstrate the important fact that the performance gain is
a convex function of . On the one hand, when is small,
the user mobility has a high memory level, which favors the
predictivescheme. On theother hand, at , thevarianceof

reaches a local minimum, . Thus, when is large
(i.e., is small) and is not too small (larger than 0.1 in this
case), the disadvantage of the nonpredictive scheme is mainly
determined by a mobile’s average velocity as explained below.
Therefore, in this case, since does not affect the cost of the
predictive scheme, the predictive performance gain is larger
for larger . In other words, a smaller variance in the mobile
velocity, as observed over the location inspection periods,
reflects a more fluid-flow-like movement pattern, which favors
the predictive scheme.

When , theperformancegain decreases from about 2.5
down to unity, as the memory factor of the system decreases
from 0.99 to 0.042. In particular, for and , the
mobility of the mobile has the pattern of random-walk. In this
case, the predictive scheme does not have any advantage over
thenonpredictiveone. However, inall other cases, thepredictive
scheme results in substantial savings.

Fig. 5(b) presents the plots of the performance gain versus
, for various values of , and with fixed (

). These plots demonstrate that the performance gain is a

Fig. 6. Performance gain with ideal Gauss–Markov mobility model, for .?+'#("1
, /
+ '#("1

, and -0+ )�'
. (a) Versus $ and * , with , + )�'

. (b) Versus
* and , , with $@+ '#(�'#)

. (c) Versus , and $ , with * + )�'
.

faster-than-linearly increasing function of . Maximum savings
are achieved when , since, in this case, the mobile mo-
bility pattern isclose to the fluid-flow model, whereamobile’s
velocity and location areeasily predictable. In thiscase, themo-
bile never needs to update its location, and therefore, the only
cost incurred using the predictive scheme is the cost of paging
once in the cell of the predicted location, when a call arrives,
to verify that the mobile is indeed there. The performance gain
can grow without bound as approaches infinity. For example,
when and , a performance gain greater than
1000 can be achieved. However, when and ,
the performance gain is close to unity.

Fig. 5(c) showstheplotsof theperformancegainversus , for
variousvaluesof , andwith fixed . Theseplotsdemon-
strate that, when the memory level is high enough (e.g.,

), the performance gain is a convex, nonmonotonic func-
tionof . On theonehand, for small valuesof , asshown in the
last figure, themobility pattern becomemorelikethefluid-flow
model and, hence, the predictive performance gain increases.
On theother hand, for large , theadvantageof using prediction
becomes more prevalent, as long as the memory level is high.
When the memory level is relatively low (e.g., ), the
performancegain isapproximately an exponentially decreasing
function of .

In Fig. 6, westudy how theparameters affect the
performance gain. We set the mobility parameters

.
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Fig. 6(a) presents theplotsof theperformancegain versus ,
for various values of , and with fixed . These plots
demonstrate that the predictive performance gain is a convex
function of . On theonehand, when thecall arrival rate is low,
the interarrival timebecomes longer, and amobiledrifts farther
away from the location where the last call arrived. This leads to
higher updating and paging costs for thenonpredictivescheme.
On the other hand, when the call arrival rate is high, as shown
in Section IV-A, the cost of the predictive scheme approaches
one. In thiscase, thedisadvantageof thenonpredictivescheme,
due to the nonzero mean velocity, becomes more dominant as

becomes larger. In particular, the transition point is around
for the given set of parameters.

Fig. 6(b) shows theplotsof theperformancegain versus ,
for the various values of , and with fixed . These
plots demonstrate that, when is small (e.g., ), the per-
formance gain is an approximately linearly increasing function
of the updating cost to paging cost ratio. However, when is
large (e.g., ), theperformancegain isaconvex function
of (notethat the axisisin thelogarithmicscale). Asacall
arrivesin-between location inspections, amobilemay havetrav-
eled beyond theupdating distance. In thenonpredictivescheme,
the system needs to page in more cells than it does in the pre-
dictive scheme. This problem of the nonpredictive scheme be-
comes more prominent when the paging cost to updating cost
becomes larger, i.e., when becomes smaller. Furthermore,
the disadvantage of the nonpredictive scheme is more apparent
as increases. This isstudied in moredetail in thenext figure.

Fig. 6(c) presentstheplotsof theperformancegain versus ,
for the various values of , and with fixed . These
plots demonstrate that the performance gain is an increasing
function of the location inspection period. This shows that the
predictiveschemeimprovestheperformanceof asystem where
the location inspection cost is relatively high.

C. Dynamic Gauss–Markov Parameter Estimation

We use simulation to study the performance of the proposed
scheme in systems where the mobility pattern cannot be ide-
ally represented by the Gauss–Markov model. We simulated
the2-D random way-point mobility model asdescribed in Sec-
tion II-A-3. Thetime-varyingGauss–Markov parametersarees-
timatedasdescribed inSection II-Candapplied to thepredictive
scheme as described in Section II-B.

Fig. 7 illustrates the effectivenessof combining dynamic pa-
rameter estimationandpredictivemobility management. Inboth
figures, theparameter estimation window is . Thecall
arrival rate takesthevalues . Thecost per
location update is assumed to be .5 We further as-
sume that . In the random way-point model, we assume
that themobilevelocity hasunit magnitudewithzeropausetime
(i.e., when a mobile reaches a destination point, it immediately
moves toward a new destination). The system coverage area is
assumed to be a square with side length . Clearly, the larger
the , the more predictable is the mobile movement. In par-
ticular, when approaches infinity, a mobile appears to move
with constant velocity with apre-selected random direction.

5Simulation resultswith other A valuesyield similar resultsand areomitted
here.

Fig. 7. Dynamic parameter estimation with random way-point mobility
model, for A B C�D . (a) Comparison of minimum (over E ) cost. (b)
Performance gain.

Fig. 7(a) plots the minimum total cost (obtained with the
optimal location threshold) of location updating and mobile
paging, per call arrival, for both the predictive scheme and
the nonpredictive scheme. This figure shows that, as in-
creases, themobilemovement approachestheconstant-velocity
fluid-flow model, and the cost of the nonpredictive scheme
approaches its maximum value. This maximum value can be
determined analytically, since when a mobile moves with unit
constant velocity,

(65)

It is easy to optimize in the above and to ob-
tain the minimum cost of the nonpredictive scheme

. The simulation model
can be verified by substituting the values of and into the
above equation and comparing the results with the simulation
results.

In contrast, as increases, thecost of thepredictivescheme
decreases. As expected, this cost approaches when is
very large. Thisisthecasewherethemobilelocation isperfectly
predictable, and, hence, the best scheme is not to update at all,
and each time acall arrives, thesystem pages themobileonce.

Fig. 7(b) plots theperformancegain of thepredictivescheme
as defined in (64). This figure shows that when is not too
large, theperformancegain isapproximately linearly increasing
with . When is very large, as expected from the results
showninthepreviousfigure, theperformancegain levelsoff and
approachesitsglobal maximum. Asapoint of reference, for the
moderate case where and , the predictive
scheme outperforms the nonpredictive scheme by a maximal
factor of 200!

It isworth noting that, in thecaseof dynamic Gauss–Markov
parameter estimation, the predictive performance gain can de-
grade to less than 1 when is very small. This is in contrast
with the ideal case shown in Section IV-B, where the predic-
tiveschemeperformsaswell as thenonpredictiveschemeeven
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when the mobile movement is memoryless. This performance
degradation is a direct result of our suboptimal parameter es-
timation algorithm. For example, if we had a priori knowledge
(e.g., through long-term observation) that themobilemovement
follows the random way-point pattern, a better parameter esti-
mation using could be employed. For systems with
general mobility patterns, improving the parameter estimation
algorithm would further improve the performance gain of the
predictive scheme beyond what is shown in Fig. 7(b).

V. CONCLUSION

Mobileusersin PCSnetworksmovewith widevariety of mo-
bility patterns, especially in networkswithmultilayer macrocel-
lular andmicrocellular infrastructures[10]. Wehavepresenteda
novel predictive distance-based mobility management scheme,
which takes full advantage of the correlation between a mo-
bile’s current velocity and location and its future velocity and
location. We have introduced a mobility model based on the
Gauss–Markov random process, which captures thevariousde-
grees of velocity correlation in time. It even includes both the
random-walk and fluid-flow models as its two extreme cases.
An analytical framework is introduced to evaluate the perfor-
mance of the proposed scheme. The analytical framework en-
ables us to study the effects of various parameters on the mo-
bility management cost, to optimize the location inspection fre-
quency and locationupdating threshold throughnumerical anal-
ysis, and to determine the relativeperformanceof theproposed
scheme over the nonpredictive scheme.

The numerical results have demonstrated the important fact
that the performance gain of the predictive scheme is not an
increasing function of the memory level of a mobile’s move-
ment. Thisvalidatesour observation that thememory level does
not directly indicate thepredictability of amobile’smovement.
Overall, however, thenumerical analysisconfirmsour intuition
that thecost of predictivemobility management isinversely pro-
portional to thepredictability of amobile’smobility pattern. In
particular, our numerical resultssuggest that thiscost isamono-
tonic function of the velocity variance and the call arrival rate,
that it is a concave function of the memory level, and that it is
independent of themean velocity. Correspondingly, theoptimal
location inspection period and theoptimal updating distanceare
monotonic functionsof thevelocity varianceand thecall arrival
rate, but they are, respectively, convex and concavefunctionsof
thememory level. In thespan of parameter valuesunder consid-
eration, theperformanceimprovement of thepredictivescheme
ranges from unity, in therandom-walk case, to a factor of a few
orders of magnitude, in the constant velocity case. As a point
of reference, as shown in Fig. 5(b), in the near fluid-flow case,
where , theperformancegain quickly increases from 8,
when , to 100, when . In more general terms, the
mobility management cost can be reduced by more than 50%
for all systemswhere themobileshavemoderatemean velocity
(e.g., ), and where performing a location update by a
mobile isasleast asexpensiveaspaging amobile in acell (e.g.,

).
Our analysis using ideal Gauss–Markov mobility pattern

has demonstrated the potentially enormous advantage of using
prediction in mobility management. For practical systems with

time-varying mobility patterns, we have introduced a dynamic
parameter estimation algorithm to be employed in conjunction
with the proposed predictive scheme. Simulation results of
systems with the random way-point mobility model have
demonstrated that the proposed predictive scheme can largely
outperform the nonpredictive scheme, even with a suboptimal
parameter estimator.

The vast performance gain of predictive mobility manage-
ment, asshown by both analysisand simulation, offsetsthecost
of enabling prediction in the mobile terminal and the wireline
backbone. This justifies the investment of such software and
hardwaredevices in thenext generation wirelesspersonal com-
munication networks.

APPENDIX A
DERIVATION OF WITH EXPONENTIALLY DISTRIBUTED

CALL INTERARRIVAL TIME

In thiscase, thePDF of thecall interarrival timeis
. From (17), we have

(66)

APPENDIX B
DERIVATION OF

Since are jointly Gaussian,
is jointly Gaussian along with

. With slight abuseof notation, wehave

(67)
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where and are the means of and ,
respectively, and are the standard deviations of

and , respectively, and is thecorrelation factor of
and .

From the definition of , we have

(68)

and

(69)

The mean of , given , is

(70)

To find a formula for , we first consider the covariance
between and . For any and satisfying

, we have

(71)

Then

(72)

Finally, the covariance factor between and is

(73)

where

(74)
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