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Abstract

Analyzing stochastic behavior of user mobility is a basic study for traffic performance analysis in land-mobile
cellular communications. Due to the heavy burden in simulation considering significant mobility parameters, many
analytical models have been proposed as alternatives. However, analytical approach to figure out the stochastic be-
havior is so difficult that realistic features can hardly be reflected without simplification. As expected, the effect of
variable user mobility (VUM) on traffic performance may not be reasonably analyzed with such simplified models,
especially in a case of micro-cellular systems where traffic performance, such as handover rate, is more sensitively
affected by user mobility. Thus we are motivated to investigate an improved alternative. This paper has focused on
developing a VUM model. Considering VUM in mobility modeling, we figure out its effect on probability distributions
of cell dwell time which is basic for traffic performance analysis in land-mobile cellular communications. A new concept
on variable characteristics of user mobility called stochastic correlation is introduced for the analysis. Probability
distribution of path length during a call is also studied using our model of VUM. We believe that our model with
stochastic correlation could be applied to many performance modeling problems in land-mobile cellular systems with
mobility sensitive traffic performance. © 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

Recent advances toward the third/fourth gen-
eration cellular communication networks will pro-
_ vide ubiquitous subscribers with high-quality
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as well as for efficient mobility and resource
management [6-16]. It has been considered that
traffic performance in cellular networks is affected
by user mobility [4-6,9-21]. Especially, the effect
of user mobility on traffic performance is studied
[17-23], and the need for consideration of user
mobility effect in traffic performance analysis is
addressed [24-29]. This is because reasonable mo-
bility models capable of providing sufficient accu-
racy for traffic performance analysis and traffic
estimation are required in future cellular commu-
nication systems due basically to both increasing
bandwidth requirement and limited available re-
source.

In order to obtain valid results, simulation ap-
proaches to analyze variable user mobility (VUM)
require considering many factors that actually
affect traffic performance. As a result, heavy
computing burden will follow. As an alternative,
analytical modeling has been challenged. Until
now, a number of mobility models have been
proposed for the purpose of mathematical analysis
on traffic performance. Hereafter, we focus on
analytical modeling of VUM in this paper. The
authors in Refs. [2,4,5,24] have provided user
mobility models with randomly chosen fixed di-
rection and studied cell dwell time and channel
holding time distributions. The authors in Ref. [9]
have proposed a similar mobility model for traffic
analysis in their hypothetical cell shapes. Urban
area cells could be modeled by their cell models,
but actual features of VUM might be much sim-
plified. In Refs. [10,26], VUM is modeled by a
discrete time Markov chain for handover perfor-
mance analysis, but the VUM stochastic of indi-
vidual users is not considered. So-called random
walk model [31-33] is applied to user mobility
modeling in Refs. [27,28]. However, stochastic
auto-correlation of user mobility is not consid-
ered. Generalized two-dimensional random walk
models considering variable speed and direction
are proposed in Refs. [11,12,29]. Another random
walk model is proposed with computational com-
plexity reduction from O(n?) to O(n) in a hexag-
onal cell configuration where n is the number of
layers (a set of cells defined for analysis purpose)
[30]. Gambler’s ruin model [32] is applied to lo-
cation management in a mesh cell configuration

[13]. The model in Ref. [14] provides a formula for
handover rate estimation using site-environmental
parameters such as cell area, cell boundary length,
and the average speed of users.

One of the simplified user mobility models has a
common assumption of constant speed and fixed
direction while users are moving. In such models,
the direction is randomly chosen, but the direction
is fixed during a call if it has been chosen. Per-
formance analysis using such a model is valid in
highway cellular environments with relatively large
size cells or in urban on-street environments with
deterministic patterns of user mobility. An ad-
vance in mobility modeling from such a deter-
ministic concept is achievable by relaxing such
simplifying assumptions and taking randomness
of user mobility into account. It is a desirable
advance because users actually change their
moving directions and speeds with randomness,
due to street layout, traffic flow condition, and so
on. In this case, the user mobility could be mod-
eled by random walk, or by Gambler’s ruin
problem [32] which is an application of a random
walk model [31,32].

The effect of user mobility on traffic perfor-
mance in a cellular system has been considered
as an important and fundamental issue [17-21].
However, it has been considered very difficult to
figure out the effect of VUM stochastic on dwell
time, and ‘““variable” characteristic (i.e., one of the
most important characteristics of geographical
user mobility) is much simplified as shown in the
literature [2,4,5,9,24,27,28,30] and the references
therein. As a result, such a model is not valid
for providing sufficient accuracy in micro-/pico-
cellular systems with mobility sensitive traffic
performance. Thus, we are motivated to develop
an improved analytical model reflecting VUM and
figure out the effect of VUM characteristics on a
basic performance measure (i.e., cell dwell time)
introducing a new concept called stochastic corre-
lation. Since cell dwell time distribution is an es-
sential and fundamental measure for deriving
several important performance measures such as
channel holding time, handover rate, and location
update rate [6,8,12,15,25,29], we primarily focus
on the VUM effect on cell dwell time with the
stochastic correlation concept of stochastic corre-
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lation factor (SCF) newly defined in this paper. A
number of numerical examples show that the av-
erage dwell time is shorter as SCF is greater and
the variance of dwell time is smaller as SCF is
greater. With our VUM model, we also study the
probability distribution of user path length during
a call. Since stochastic variation of user mobility is
considered in our improved probability model, we
believe that our mobility model could provide
more sufficient accuracy and resulting information
of VUM.

The remainder of this paper is organized as
follows. Section 2 presents our user mobility model
and our definition of SCF. The effect of VUM on
cell dwell time is studied in Section 3. Path length
distribution is studied in Section 4. Finally, we
conclude our work in Section 5.

2. User mobility model

In general cellular communication networks,
there are several mobility classes of users such as
vehicles, walking users, and immobile users. In our
user mobility model, however, we consider a class
out of several mobility classes because our for-
mulation is the same with respect to every mobility
class and each mobility class could be charac-
terized by a different set of mobility parameters
(mentioned later in Section 2.1).

2.1. Block-to-block transition

In order to mathematically formulate VUM, we
partition each hypothetical cell area into a number
of sub-areas called a block each. And VUM is
represented as a sequence of stochastic transitions
among adjacent blocks. Fig. 1 shows an example
of cell partitioning and our transition model. In
the figure the measured/estimated cell area is par-
titioned into 24 rectangular blocks and the cell
boundary is approximated.

To obtain a mathematical formulation on our
block-to-block (BTB) transition process, we pro-
pose a discrete time Markov chain model: mesh
transition model. In our BTB model, the transitions
of speed state and direction state occur at every
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Fig. 1. Transition model in a mesh-type partitioning (grayed
blocks: dense area).

step. The speed states of a user are divided into
two states: state 1 is the transition state where a
user moves to one of the four neighboring blocks,
whereas state 0 is the state without transition
where a user stays at the current block. The state
transition probability matrix of moving speed is
given by

Soo  So1
S = , 1
<S10 S11) ( )

where s;; denotes the probability that next state is j
given that the current state is 7. Different mobility
classes (e.g., vehicles, walking users, etc.) are able
to be characterized in our model by giving different
values of s;. For example, higher probabilities
about BTB transition (so; and s;;) could be given
to vehicles (high mobility users, HMU) than to
walking users.

In a real situation, it is very complex to define
moving direction states to approximate true mo-
bility with. Instead of using the concept of ‘moving
direction of users’, we define BTB transition di-
rection states. The direction states of our mesh
transition model is visualized in Fig. 2. As shown
in the figure, we have four direction states in the
mesh model. The state transition probability ma-
trix of moving direction is given by
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Fig. 2. Direction states: mesh transition model.
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In matrix Ry, the (i, j)th entry denotes the transi-
tion probability from direction state i to j. It means
that, for a given BTB transition direction, the
probability that a user keeps its current direction
at next step is represented by ry, changes its current
direction at next step is by r; where i = 1,2. The
transition probabilities about direction states are
visualized in Fig. 3. That is, the transition proba-
bility from state i to j is denoted by 7).

2.2. Stochastic correlation factor

As discussed above, there are a number of an-
alytical models on user mobility in cellular sys-
tems. The major purpose of our model building
consists in analyzing the effect of variable charac-

current transition direction

_>

next transition direction

0oy g )

Fig. 3. State transition probabilities of BTB transition direction
depicting a current block (at the center) and four candidate
blocks given that next speed state is 1.

teristics of user mobility on traffic performance (we
mainly focus on cell dwell time in this paper be-
cause it is a basic measure for deriving other
measures). Our approach is based on a distrete-
time stochastic process with a stochastic correla-
tion concept, and it is new and original. In order to
make a quantified result, SCF is defined in this
section. Suppose that 7, is unity for a reference
user A. Then user A moves linearly and it is called
that user A has perfect stochastic correlation be-
tween direction states of two concatenate steps.
Suppose that rq is 0.8 for another reference user B.
Then it is called that user B does not have per-
fect stochastic correlation. From the same starting
point, user A goes away more faster than user B.
As the value of r, gets small (from unity), the
motion of the reference user is becoming non-
linear and the correlation gets small. As a measure
of stochastic correlation, we define ry as SCF in
this paper. In the following sections, SCF is used
in mathematical formulations for cell dwell time
and we present several numerical examples with
different values of SCF.

3. Cell dwell time
3.1. Probability distribution of cell dwell time

In this section, we formulate cell dwell time
distribution based on mesh transition model sug-
gested in Section 2. Cell dwell time analysis is one
of the most fundamental studies in traffic perfor-
mance analysis. Traffic performance such as
channel holding time (service time of a server in
a queuing system), handover rate, the number of
handover requests could be analytically studied
based on cell dwell time distribution. This is be-
cause most performance measures have func-
tional relations with cell dwell time distribution
in land-mobile cellular systems and they could be
analytically derived from this. The following per-
formance measures could be formulated using cell
dwell time distribution:

e cell boundary crossing rate,
e channel holding time distribution in a given
cell,
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e probability distribution of the number of hand-
over requests,
e forced termination probability.

For mathematical formulations of dwell time dis-
tribution, we have notations as follows:

* Hj(n) =Pr(a user currently residing in block
(i, ) leaves its current cell at next nth step, given
that its direction state is d and speed state is 1).

o L{(n) = Pr(a user currently residing in block

(i, ) leaves its current cell at next nth step, given
that its direction state is d and speed state is 0).
B is the set of all blocks in a given cell.
A(B) denotes the set of adjacent blocks of
B. For example, block (i, /) has four adjacent
blocks: (i —1,j), (i+1,)), (i,j—1), (i,j+1).
Thus, if B={(i,/)}, then A(B)={(i-1,)),
(i+ laj)v (iaj - 1)7 (i?j+ 1)}

e w;; is the normalized density of user (or ongo-
ing call) distribution in block (i,j) such that

Z(u)eB wy = 1.

In Fig. 1, dense and sparse areas (with respect
to user density) are shown. Owing to the param-
eters {w;;}, such non-uniform traffic (or user) dis-
tributions could be formulated in our model. For
easy understanding of important notations, two
simple examples are shown below.

Example 1. In Fig. I, B=(2,-1),(3,—

(2,0),(3,0),(4,0), (1, 1),...
24.

1), (1,0),
,(2,3),(2,4)} and |B|=

—~

Example 2. In Fig. 1, let us find the probability
that a user in block (1,0) leaves its current cell at
next step given that the direction state is 3 (West)
and the speed state is 0 (i.e., low speed). To leave
the cell in one step, speed state transition from
the current low-speed to high-speed state, i.e.,
“0 — 17 is required, and direction state transition
either to state 3 or to state 4 is required. Thus it is
represented as

L,(1)
= Pr(speed: 0 — 1) - Pr(direction: 3 — 3 or 4)
= S()](I"() —|—}"1).

3.2. Dwell time in a generalized-mesh cell configu-
ration

A general form of our dwell time distribution in
a given region denoted by B based on a general-
ized-mesh transition model could be obtained by
the following recursive relations for n > 1:

H,(n) Hyyy(n—1)
H2(n) H2.  (n—1)
iJj _ ij+1
i) | T H )
H,4/(n) ]_[sj—l(n - 1)
Léjgn — 3
L:(n—
+s10Rs | 5 ) (3)
L;ij(n —1)
Li(n—1)
and
Lil,j(n) Hi1+1,j(n 1)
L2 (n) H? (n—1)
i,j _ ij+1
HON Bl AR
L?,j(”) ]{fj—](n -1
Léjgn - i;
L:(n—
L]
+SOOR4 L?j(}’l . 1) ) (4)
Lﬁj(n -1
with boundary conditions
1, ifd:2,(i,j)g‘éB,(z’,j—l)GB7
1, ifd:4v<ivj)€B7(l>]+l)€Bv
0, otherwise,
(5)
d ..
L,.t/.(O) =0 forallij,d, (6)
drn . .
H{(n)=0, if n>0and (i,j) ¢ B, (7)
4 _ . .
Li;(n) =0, if n>0and (i,/) ZB. (8)

From the recurrence relations, our dwell time
distribution of new calls is written as
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PI'(TDN = i’l)
_ Z <Wiji ¢ H{(n) 1‘ ‘f’oLZ-(”)) (9)
(i,j)eB d=1

given that new call users are distributed with user
density w;; of block (i, ). Using the user density
factors wy; for (i,/) € B, our dwell time distribu-
tion of handover calls (i.e., the probability distri-
bution of unencumbered dwell time) could be

expressed as
-1

E § d
PI'(TDH = I’l) = Wij Winij(n)7
(i.j)eB (i.))eB
deD(i.j:B) deD(i.j:B)

(10)
where D(i, j;B) is the set of all directions along

which a user in block (7, /) € B enters one of blocks
belong to A(B) in one step.

3.3. Numerical examples

A number of numerical examples are presented
to show the effect of SCF on cell dwell time in this
section. In the first example, we use the cell shown
in Fig. 1 where the cell is partitioned into 24
rectangular blocks and the irregular cell shape is
approximated with those blocks. Fig. 4 shows
several cell dwell time distributions of new calls

0.25
\ —<— type-a, uniform
\ ——=—— type-a, nonuniform
0.20 g . —&— type-b, uniform P
- Ny N —— type-b, nonuniform
A R exponential (fitted)
X R gamma (fitted)
ALl .
Zl 0.15
E
=3
g
& 0.10
0.05
0.00

1 5 9 13 17 21

Dwell time of new calls (in steps)

Fig. 4. Probability distribution of cell dwell time of new calls in
an irregularly shaped cell using a generalized-mesh transition
model. Uniform and non-uniform block user distributions.
type-a (SCF = 0.75): (ry,r1,r2) = (0.75,0.10,0.05); type-b
(SCF = 1.00): (ro,r1,72) = (1.00,0.00,0.00).
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o
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Fig. 5. Probability distribution of cell dwell time of handover
calls in an irregularly shaped cell using a generalized-mesh
transition model. Non-uniform block user distributions. type -
a (SCF = 0.75): (ro,71,72) = (0.75,0.10,0.05); type-b (SCF =
1.00): (ro,71,72) = (1.00,0.00,0.00).

obtained by our generalized-mesh model. It is
observed that the average dwell time gets shorter
as SCF becomes greater. Two results from geo-
metric and gamma distribution functions shown in
previous work are used to show how much good-
ness-of-fit is obtained in case that cell dwell time is
modeled by the distribution functions (i.e., expo-
nential and gamma distributions). As shown in the
figure, previous simple models do not provide
good agreements in both cases: type-a (SCF =
0.75) and type-b (SCF = 1.00). Fig. 5 shows
several dwell time distributions of handover calls
using the same model and the same values used in
Fig. 4. In Fig. 5, it is observed that the average
dwell time of handover calls gets larger as the
motion of the mobility gets linear. According to
the above two examples, we can safely conclude
that the variance of each dwell time distribution
(of handover calls or not) is small if the 7, is great
(within the range of 0.75 < SCF < 1.00). This is
because the motion of users converges to linear
motion as SCF — 1, which leads to reducing long
dwell time. Table 1 shows the variance for each

Table 1
Variances of dwell time distributions: type-a and type-b
type-a type-b Difference
New call 1.376 0.747 45.712 (%)
Handover call  1.301 1.166 10.377 (%)
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distribution. type-a is the case of (ry,r,7) =
(0.75,0.10,0.05) and type-b (ro,r1,r2) = (1.00,
0.00,0.00).

In next examples, we test the effect of SCF on
dwell time in 10 randomly generated cells with 30
blocks, respectively. In addition to the effect of
SCF, the effect of the fraction of HMU on dwell
time distribution is also considered. In this paper
HMU have a different matrix S from the matrix S
that low mobility users have. The classification
of HMU out of the total users is not important
in these examples, but the effect of the fraction of
HMU on the average dwell time should be focused
on. Figs. 6 and 7 show dwell time distributions
of new calls and handover calls with respect to
SCF and the fraction of HMU, respectively. As
shown in the previous examples, it is observed that
a great value of SCF makes the variance small.
Also, it is observed that the variance is smaller as
the fraction of HMU is greater. Comparing the
two figures, we can safely conclude that the aver-
age dwell time of handover calls is relatively longer
than that of new calls cetris paribus. This is be-
cause the dwell time of a new call is the residual
lifetime (encumbered dwell time) while the dwell
time of a handover call is the whole lifetime (un-
encumbered dwell time) where lifetime is defined
as the dwell time in a given cell whether a user is

0.10
—— type-b, HMU: 90%
—— type-b, HMU: 70%
—+— type-b, HMU: 50%

008 — . — type-c, HMU: 90%
+- X - - type-c, HMU: 70%

....... type-c, HMU: 50%

/ ¥

0.06

Probability density -

0.02

Dwell time of new calls (in steps)

Fig. 6. Probability distribution of cell dwell time of new calls
using a hexagonal transition model with randomly generated
cell (|B] =30) shapes. type-b (SCF =1.00): (ro,r1,7m2) =
(1.00,0.00,0.00); type-c (SCF =0.85): (ro,r1,r2) = (0.85, 0.05,
0.05).

0.10

—=— type-b, HMU: 90%
—*— type-b, HMU: 70%
——type-b, HMU: 50%
»»»»»»» type-c, HMU: 90%
- - =X - - type-c, HMU: 70%
....... type-c, HMU: 50%

: //////\\X\
0.04 SO 'x.)::):ff!_.
SN Ty,
S e R I
o W I S

0.00

Probability density -

Dwell time of handover calls (in steps)

Fig. 7. Probability distribution of cell dwell time of handover
calls using a hexagonal transition model with randomly gen-
erated cell (|B| =30) shapes. type-b (SCF = 1.00): (ry,r,
r2) = (1.00,0.00,0.00); type-c (SCF =0.85): (rg,71,72) = (0.85,
0.05,0.05).

engaging a call or not. As shown in Figs. 6 and 7,
the average dwell time is small if sy is great and sg
is small (this could be regarded as a case of HMU).
Note that s;; of HMU is greater than that of low
mobility users and so of low mobility users is
greater than that of HMU.

4. Path length distribution

Path length (during a call) is defined as the path
length of calling user between the call setup time
and the call completion time. A specified form of
path length distribution is able to be formulated by
some methods, for example, as shown in Ref. [6].
However, no specified mobility pattern is modeled
for characterizing path length distribution in Ref.
[6]. We focus on characterizing path length distri-
bution considering a specified mobility character-
istic as shown in our model. In classical teletraffic
theory, the probability distribution of call hold-
ing time (call duration) is usually assumed to
be negative exponential (note that the effect of
forced termination is reflected in call holding
time). Under the condition that users move with
randomly chosen fixed speed and exponential call
holding time, the distribution of path length dur-
ing a call is also negative exponential regardless of
moving direction stochastic. However, under a
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realistic condition that users move with variable
speed, it is different from an exponential distribu-
tion. In this section we figure out the effect of
VUM on user path length with a major focus on
stochastically variable speed of users.

Probability distribution functions of user path
length in a given geographic environment during a
call could be utilized in traffic estimation such as
handover rate estimation and location-area update
rate estimation which are very significant and
useful in cellular system design for efficient re-
source and mobility management.

4.1. Formulation

We formulate our path length distribution
based on BTB mobility model. To utilize the dis-
crete time approach in the model, we approximate
the true path of a user with the set of successive
links connecting the centers of blocks visited by
the user. Let /,, denote the probability that the
path length is m (the unit size of a link g is omitted
for the sake of convenience) given that the call
holding time is n and the previous speed state is 0,
and 4, denote the probability that the path length
is m given that the call holding time is n and the
previous speed state is 1. Then we obtain the fol-
lowing recurrence relation:

L S00  So1 ) ( Lnn—1 )
") = , 11
(hm,n> <S10 S11 hn—10-1 ( )

and boundary conditions

susT !, m=n>0,

lm,n = 580, m = O,n > O, (12)
0, m>n>0,
ST m=n>0,

hmA,n = Slosgala m:O,n>0, (13)
0 m>n>0.

)

Then the distribution of path length during a call
can be written as

00

Pr(L = m) - Z ((polmﬁ + d)lhmﬂ) Pr(X = n)’

(14)
where random variable X denotes call holding time
(in steps).

4.2. Numerical examples

We have two cases of test examples: one is a
case that call holding time is geometrically dis-
tributed, i.e., Pr(X =x) =p(l —p)""' for x =1,
2,...; the other is a case that call holding time
follows a negative binomial distribution, i.e.,
PriX =x) = (") -p)" for x=1,2,...
Fig. 8 shows four examples of our probability
distribution function of path length (two with
geometric distributions with parameters p = 0.040
(case Al) and p = 0.080 (case A2), respectively;
the other two with negative binomial distributions
with parameter sets (r,p) = (2,0.100) (case Bl)
and (r,p) = (2,0.150) (case B2), respectively).
Also four approximated curves (two with geomet-
ric distributions with parameters p = 0.069 and
p = 0.106, respectively; the other two with negative
binomial distributions with parameter sets (r, p) =
(2,0.141) and (r,p) = (2,0.207), respectively) are
also provided in order to show the goodness-of-fit.
As shown, good agreements between the path
length distributions and the approximating prob-
ability distributions are observed in cases Al and
A2 (i.e., geometric call holding time). In cases Bl
and B2, however, path length distribution is not
accurately approximated by any negative binomial
distribution with parameter » > 2. This is because:
when r =2, it is asserted by our best approxi-

mation; when » = 3,4,..., it can be asserted by
0.12
—o—case Al
0.10 \ —a— case A2

---%---Geo (p=0.069)
---+---Geo (p=0.106)
0.08 - o —*—case Bl e

—e— case B2
---+---NegBin (r=2,p=.141)
....... NegBin (r=2, p=.207)

0.06

Probability density_

0.04

0.02

0.00
Path length (in steps)

Fig. 8. Path length distribution. case A: geometric call holding
time (Al: p = 0.04; A2: p = 0.08); case B: negative binomial-2
call holding time (B1: p = 0.1; B2: p = 0.15).
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probability theory, i.e., as » — oo, more peaked-
ness of a negative binomial distribution is shown.
According to our numerical examples, it is ex-
pected that the path length distribution is not ap-
proximated by a negative binomial distribution
(the discrete version of a gamma distribution) with
sufficient accuracy in case that call holding time
also follows a negative binomial distribution.

5. Conclusions

Since simulation approach to user mobility
analysis requires high cost for valid results, many
analytical models have been developed. However,
such models are very weak for reflecting variable
feature of user mobility and, therefore, they are
not valid for traffic analysis in micro-/pico-cellu-
lar systems with mobility-sensitive traffic perfor-
mance. As an improved alternative, this paper has
focused on developing an analytical model for
variable user mobility (VUM) with stochastic cor-
relation. A new concept of stochastic correlation in
mobility modeling is introduced in order to figure
out the effect of VUM on cell dwell time. With
SCF suggested in this paper, we formulate our cell
dwell time distribution and study the effect of
VUM on shaping the cell dwell time distribution.
Also, path length distribution is studied in con-
sideration of stochastic variation of moving speed.
A number of numerical examples show that the
average dwell time is shorter as SCF is greater. We
believe that our improved model of VUM with
stochastic correlation could be utilized for more
valid traffic analysis and estimation in micro-/pico-
cellular systems where traffic performance is much
affected by user mobility characteristics.

Acknowledgements

The authors are very grateful to the anonymous
reviewers and H.Y. Kim for their valuable com-
ments. This work was prepared during the au-
thors” work at KAIST and supported in part by
the Brain Korea 21 (BK21) Project from Ministry
of Education. It was completed at Radio &

Broadcasting Laboratory, ETRI. It is a pleasure
to acknowledge their kind hospitality.

References

[1] B. Eklundh, Channel utilization and blocking probability
in a cellular mobile telephone system with directed retry,
IEEE Trans. Commun. COM-34 (1986) 329-337.

[2] D. Hong, S.S. Rappaport, Traffic model and performance
analysis for cellular mobile radio telephone systems with
prioritized and nonprioritized handoff procedures, IEEE
Trans. Veh. Tech. VT-35 (3) (1986) 77-92.

[3] J. Misic, T.Y. Bun, On call level QoS guarantees under
heterogeneous user mobilities in wireless multimedia net-
works, in: Proc. GLOBECOM’99, vol. 5, 1999, pp. 2730-
2736.

[4] K.L. Yeung, S. Nanda, Channel management in microcell/
macrocell cellular radio systems, IEEE Trans. Veh. Tech-
nol. 45 (4) (1996) 601-612.

[5] T.S.P. Yum, K.L. Yeung, Blocking and handoff perfor-
mance analysis of directed retry in cellular mobile systems,
IEEE Trans. Veh. Tech. 44 (3) (1995) 645-650.

[6] Y. Fang, I. Chlamtac, Traffic analysis and mobility
modeling in PCS networks, IEEE Trans. Commun. 47 (7)
(1999) 1062-1072.

[71 H. Zeng, 1. Chlamtac, Handoff traffic distribution in
cellular networks, in: Proc. IEEE WCNC, vol. 1, 1999,
pp. 413-417.

[8] Y. Fang, I. Chlamtac, Y.B. Lin, Channel occupancy times
and handoff rate for mobile computing and PCS networks,
IEEE Trans. Comput. 47 (6) (1998) 679-692.

[9]1 H.S. Cho, M.Y. Chung, S.H. Kang, D.K. Sung, Perfor-
mance analysis of cross- and cigar-shaped urban microcells
considering user mobility characteristics, IEEE Trans. Veh.
Technol. 49 (1) (2000) 105-116.

[10] K.-D. Lee, S. Kim, Traffic model and analysis for
handoff performance in microcellular networks with di-
rected retry, in: Proc. IEEE TENCON’99, vol. 1, 1999, pp.
39-42.

[11] K.D. Lee, Blocking and handoff performance analysis of
directed retry under discrete time mobility, M.S. Thesis,
KAIST, Taejon, Korea, 1997.

[12] K.-D. Lee, S. Kim, Channel holding time modeling in
urban CDMA networks considering random user mobility,
in: Proc. IEEE CDMA Int. Conf., vol. I, 1998, pp. 147-
151.

[13] W.H.A. Yeun, W.S. Wong, A dynamic location area
assignment algorithm for mobile cellular systems, in: Proc.
IEEE ICT, vol. 3, 1998, pp. 1385-1389.

[14] J.G. Markoulidakis, E.D. Sykas, Model for location
updating and handover rate estimation in mobile telecom-
munications, IEE Elect. Lett. 29 (17) (1993) 1574-1575.

[15] T. Liu, P. Bahl, I. Chlamtac, Mobility modeling, location
tracking, and trajectory prediction in wireless ATM
networks, IEEE J. Selec. Areas Commun. 16 (6) (1998)
922-936.



612 K.-D. Lee, S. Kim | Computer Networks 38 (2002) 603-612

[16] G. Varsampoulos, S.K.S. Gupta, On dynamically adapting
registration areas to user mobility patterns in PCS
networks, in: Proc. Int. Works. Parallel Proc., 1999, pp.
108-113.

[17] W. Huang, V.K. Bhargava, Effects of user mobility on
handoff performance in a hierarchical cellular system, in:
Proc. Canadian Conf. Elec. Comput. Eng., vol. 1, 1995,
pp. 551-554.

[18] F.D. Priscoli, F. Sestini, Effects of imperfect power control
and user mobility on a CDMA cellular network, IEEE J.
Selec. Areas Commun. 14 (9) (1996) 1809-1817.

[19] M. Cheung, J.W. Mark, Effect of mobility on QoS
provisioning in wireless communication networks, in: Proc.
IEEE WCNC, vol. 1, 1999, pp. 306-310.

[20] M.M. Abdallah, K.M. El-Sayed, M.T. El-Hadidi, Effect of
user mobility on the QoS parameters for the guard channel
policy, in: Proc. IEEE WCNC, vol. 3, 1999, pp. 1503-
1507.

[21] J. Voigt, C.P. Fettweis, Influence of user mobility and
simulcast-handoff on the system capacity in pico-cellular
environments, in: Proc. IEEE WCNC, vol. 2, 1999,
pp. 712-716.

[22] Z. Lei, C.U. Saraydar, N.B. Mandayam, Mobility param-
eter estimation for the optimization of personal paging
areas in PCS/cellular mobile networks, in: 2nd IEEE Work.
Signal Processing Advances in Wireless Communications,
1999, pp. 308-312.

[23] J.M. Gallegos, C. Vargas, Blocking effects of outage and
mobility in wireless networks, in: Proc. 49th IEEE VTC,
vol. 3, 1999, pp. 2446-2450.

[24] R.A. Guerin, Channel occupancy time distribution in a
cellular radio system, IEEE Trans. Veh. Tech. VT-35 (3)
(1987) 89-99.

[25] M.M. Zonoozi, P. Dassanayake, User mobility modeling
and characterization of mobility pattern, IEEE J. Selec.
Areas Commun. 15 (7) (1997) 1239-1252.

[26] K.-D. Lee, S. Kim, Area residence time modeling in PCS
networks, in: Proc. Korean Operations Research and
Management Science Conf., 1999, p. 583.

[27] B. Jabbari, Y. Zhou, F. Hillier, Random walk modeling
of mobility in wireless networks, in: Proc. IEEE VTC,
Ottawa, Canada, vol. 1, 1998, pp. 639-643.

[28] B. Jabbari, Y. Zhou, F. Hillier, Simple random walk
models for wireless terminal movements, in: Proc. 49th
IEEE VTC, vol. 3, 1999, pp. 1784-1788.

[29] S. Kim, K.-D. Lee, Modelling user mobility in mircocel-
lular systems, IASTED Int. J. Model. Simul. 21 (2) (2001)
132-137.

[30] LF. Akyildiz, Y.B. Lin, W.R. Lai, R.J. Chen, A new
random walk model for PCS networks, IEEE J. Selec.
Areas Commun. 18 (7) (2000) 1254-1260.

[31] R.W. Wolff, Stochastic Modeling and the Theory of
Queues, Prentice-Hall, Englewood Cliffs, NJ, 1989.

[32] S.M. Ross, Introduction to Probability Models, fifth ed.,
Academic Press, New York, 1993.

[33] P.G. Marrison, N.M. Patel, Performance Modelling of
Communication Networks and Computer Architecture,
Addison-Wesley, Reading, MA, 1994.

Ki-Dong Lee received the BS and
MS degrees in Operations Research
(Management Science) and the Ph.D.
degree in Industrial Engineering (with
applications to wireless communica-
tion networks) in 1995, 1997, and
2001, respectively, all from KAIST. As
a senior member of technical staff, he
joined Radio & Broadcasting Labo-
ratory, Electronics & Telecommu-
nications Research Institute (ETRI)
starting upon his graduation from
KAIST. His research interests are in
the area spanning queueing and opti-
mization theories with applications to MAC and radio resource
management for broadband wireless/cellular/satellite commu-
nication networks.

Sehun Kim received the BS degree in
Physics from Seoul National Univer-
sity in 1972, and the MS and Ph.D.
degrees in Operations Research from
- Stanford University in 1978 and 1981,

v respectively. He was a visiting asso-
o ciate professor in Arizona State Uni-
& versity in 1986. He has been with
Korea Advanced Institute of Science

and Technology (KAIST) as a faculty

‘ member since 1982. He served for

Korean Operations Research and

Management Science Society as the

Editor-in-Chief and published a num-

ber of papers in Mathematical Programming, Operations Re-
search Letters, IEEE Transactions on Vehicular Technologies,
and International Journal of Satellite Communications. His
research interests are in the area of mathematical programming,
telecommunication systems optimization, and system security.



