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Abstract

In future wireless multimedia networks, user mobility management for seamless connection regarding realtime

multimedia applications is one of the most important problems. In this paper we propose an opportunity-cost concept-

based approach for adaptive bandwidth reservation with admission control for handover calls utilizing network traffic

information. Excessive reservation guarantees low blocking probability of handover calls at the cost of high blocking

probability of new calls. According to our survey, however, it may degrade bandwidth utilization while no prioritization

for handover admissions degrades quality of service (QoS) for ongoing calls. We consider both QoS assurance and

bandwidth utilization in order to optimize the amount of bandwidth to reserve for handover admissions. We believe

that our scheme could be utilized as a guideline for cost-effective radio resource allocation in mobile multimedia net-

works. � 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

In wireless communication networks, radio re-
source management is one of the most interest-
ing issues. Especially, resource management for
user mobility has been extensively studied [1–16].
Bandwidth reservation for prioritized handover

management is one of hot issues [1,2,5,9,12,14,16]
together with admission control [10,11,13]. The
evolution toward wireless multimedia networks
makes it more important to support a target qual-
ity of service (QoS) for each class while main-
taining high bandwidth utilization.

There are extensive studies on this issue. Prior-
itized channel assignment schemes for accommo-
dating handover attempts and optimization studies
for assigning channels to given priority classes
have been presented in Refs. [1,2]. Utilizing inevi-
table overlapping area of radio coverage, directed
retry which remarkably reduces call blocking
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probability has been proposed [3]. Performance
analysis has been provided using a one-dimen-
sional Poisson approximation of multiple traffic
arrivals from neighboring cells and a simplified
mobility model [4]. In Ref. [5], Lagrange and Jab-
bari have proposed an improved scheme to give
fairness to mobile users in non-overlapping area
and those in overlapping area in a microcellular
network based on the proposed scheme in Ref. [3].
Since utilizing the overlapping area is beneficial for
traffic performance, it has been applied to reuse
partitioning in order to improve reuse efficiency and
blocking probability [6], and to base station selec-
tion in order to accommodate temporarily uneven
traffic and reduce blocking probability of handover
requests [7,8]. The authors in Ref. [9] have pre-
sented a non-preemptive priority queuing method
for handover requests based on a mobile sub-
scriber’s power measurements in order to improve
QoS while maintaining high spectrum utilization.

In addition, admission policies in multiple-class
communication networks have been proposed
[10,11]. Sampath and Holtzman [10] have consid-
ered probabilistic admission policies of data traffic
with dynamically changing the permission proba-
bility. The authors in Ref. [12] have proposed
an algorithm for bandwidth utilization using
the prediction of users’ future locations. Using the
concept of shadow cluster produced by user move-
ment [12], has shown how base stations determine
the probabilities that a user will be active in other
cells at future times, and predict resource demands
based on the concept. The authors in Ref. [13]
have proposed a distributed and adaptive admis-
sion control scheme to limit the handover drop-
ping probability utilizing the traffic information of
adjacent cells. In a single class service with prior-
itized handover procedure [21], has newly formu-
lated three problems and proposed efficient
solution algorithms with an invented probabi-
listic admission policy. In the paper, so-called
discounted return formulation is employed where
benefit (cost) in near future is more significant than
that in far future because mainly of uncertainty
[22]. This is quite different from our algorithm of
this paper that does not consider uncertain events
in near and far future, but uses estimation reports
for very near future traffic condition only and

event-sensitive admission control. Oliveria et al.
[14] have proposed an adaptive and distributed
bandwidth reservation scheme using both local
information and remote information in multime-
dia wireless networks. In Ref. [15], an adaptive call
admission control (CAC) algorithm is studied in
consideration of interference level. Ramanathan
et al. in Ref. [16] have presented strategies for ac-
commodating continuous service to mobile users
through estimating resource requirements of po-
tential handover connections based on an invented
measure of handover request probability.

Classical models for bandwidth reservation
and admission control using Poisson process
models provide sufficient accuracy in determining
the amount of bandwidth to reserve using a simple
blocking probability formula in 2G cellular net-
works [1–3]. However, the assumptions become
somewhat invalid because microcell evolution and
various traffic types in 3G multimedia networks
make traffic generation and stochastic process of
handovers be much more different from Poisson
processes.

Recently, several algorithms for adaptive band-
width reservation have been proposed to guarantee
a reasonable QoS to handover calls [15,16]. In some
papers, adaptive features of bandwidth reservation
are achieved by using estimated probability distri-
butions on the number of future traffic arrivals (i.e.,
using current network traffic condition and esti-
mated future condition). According to our survey,
however, there are no papers on this issue which
utilize the full information of (estimated) proba-
bility distributions on the number of future traffic
arrivals in optimizing the amount of bandwidth
to reserve for handovers. Unlike in previous work,
we suggest an improved scheme where bandwidth
reservation amount is optimized using full infor-
mation on near future traffic arrivals and an event-
sensitive rescheduling method. In optimization
for bandwidth reservation, we invent an objective
function (called penalty) based on inventory con-
trol (IC) under uncertain demands. We assume that
there is a regression analyzer (an estimation mod-
ule) within each base station that reports estima-
tors on probability distribution functions (PDFs)
on the number of near future traffic arrivals to the
bandwidth allocation scheduler.
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To optimize the amount of bandwidth reserva-
tion using this concept, we formulate an optimi-
zation model and suggest an efficient solution
algorithm. Performance analysis shows that our
approach based on optimization using full traffic
information and event-sensitive rescheduling per-
forms very well. The suggested optimization ap-
proach for satisfying QoS requirements of multiple
classes and achieving high bandwidth utilization
under uncertain traffic demand could be utilized as
a guideline for cost effective radio resource allo-
cation in wireless multimedia networks.

The rest of this paper is organized as follows.
Section 2 presents our model for bandwidth allo-
cation. We discuss traffic estimation in Section 3.
Our mathematical formulation for optimizing
bandwidth reservation, the property analysis and
optimality conditions for the formulation, and the
algorithm are presented in Section 4. Performance
analysis and discussions can be found in Section 5,
and Section 6 provides our conclusions.

2. Model description

2.1. System model

Let us consider a microcell-based network pro-
viding the subscribers with multimedia services
including delay tolerant and/or intolerant ones.
There is a total of s classes of services where we
have s1 classes of realtime services and s2 classes of
non-realtime services ðs ¼ s1 þ s2Þ. Without loss of
generality, we may assume that class k has the kth
highest priority. Our major focus is to minimize the
opportunity loss regarding the realtime handover
requests of s1 classes by adaptive admission control
sensitive to highly variable network traffic condi-
tion in microcellular environments. In our system
model, we assume that each base station has a
regression analyzer: a sub-module that monitors
network traffic condition and processes regression
analysis about the PDFs of the number of future
traffic arrivals for the multiple classes. When a base
station requires a set of data, a regression analyzer
will report a set of data (the PDFs and some other
data regarding network traffic condition) to the
corresponding base station.

Fig. 1 shows an example of our bandwidth al-
location model for a reference base (station). In the
example, the available bandwidth at time step
n (exclusive of the bandwidth in use) is denoted
by area ½O;DðnÞ;GðnÞ;HðnÞ� and two classes are
shown. The figure shows that the amount of
bandwidth denoted by area ½O;AðnÞ;BðnÞ;CðnÞ� is
reserved for class 1 handover admission at step n
and the amount of area ½AðnÞ;DðnÞ;EðnÞ; F ðnÞ� is
for class 2 handover admission. Suppose that it is
estimated that the number of handover requests of
class 1 at step nþ 1 is greater than that at step n.
Then a bandwidth allocation (BwAlloc) scheduler
will reserve more amount of bandwidth at step nþ
1 for class 1 handover admission, i.e., area ½O;AðnÞ;
Bðnþ 1Þ;Cðnþ 1Þ� where the partial amount ½BðnÞ;
Bðnþ 1Þ;Cðnþ 1Þ;CðnÞ� is additionally reserved
comparing to the reserved amount at step n. This
is trivial. However, what is focused on in this paper
is how much amount of bandwidth reservation
should be newly determined for handover ad-
mission at every subsequent step for each class
according to the changed new traffic condition.
Our major focus is to optimize the amount of
bandwidth for handover admission under an eco-
nomically reasonable criterion based on realtime
network traffic condition and estimation.

2.2. Traffic model

We consider general traffic arrival and depar-
ture processes. Under the assumption in previous

Fig. 1. Bandwidth allocation model: a two-class example.
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section, PDFs of the number of future traffic ar-
rivals for multiple classes are provided at every
step by a regression analyzer (see Fig. 2). All users
are able to make calls for a voice-, a data-, a video
communication and the like. Each user can make
more than one call at the same time. Each class k
ðk ¼ 1; . . . ; s1Þ is represented by its effective band-
width /k. Realtime traffics have higher priority
than non-realtime ones.

3. Traffic estimation

Let us consider a continuous time space where
multiple users generate multiple types of calls and
complete them. Also, let us consider a series of
contiguous time intervals of a constant length (tw:
update period). This generates a new quantized
time space. The approach like this is widely used in
modeling and analysis. For example, a geometric
lifetime model is one of the most popular quanti-
zation approaches. In addition to this, we can eas-
ily find discrete-time Markov chain models which
are frequently used in the area of system modeling
and analysis. In this paper, we use the concept of
the quantization approach for time space.

3.1. Traffic information on handover arrivals

Consider a cell i in a general cellular system. Let
Ni be the set of neighboring cells of cell i. Base

(station) i is provided with PDFs fkðxkjmkðnÞÞ for
k ¼ 1; . . . ; s1 where xk is the number of arrivals
from a regression analyzer at every time step ðn ¼
1; 2; . . .Þ. fkðxkjmkðnÞÞ is the conditional probability
distribution for the number of handover requests
in cell i for class k given that there are mj

kðnÞ on-
going calls for class k in cells j 2 Ni where mkðnÞ is
a vector which consists of mj

kðnÞ for j 2 Ni. The
regression approach to obtain the PDFs for each
cell using historic data is desirable because the
PDF of channel holding time in each cell might be
quite different from the PDFs of other cells de-
pending on many site-environmental factors and
the resulting propagation characteristics of a given
cell: the layout of roads, the average velocity of
mobile users, the average fraction of mobile users
in each cell, and the like. But the regression ana-
lysis to obtain the PDFs is not a focus of this
paper. As mentioned above, we assume that the
PDFs are provided for each base by a regression
analyzer (an estimation module) as shown in Fig.
2. Such an assumption where traffic parameters are
given is generally used in the literature [2,4,13].
The differentiability of the distribution functions
with the continuous variable is not a necessary
condition to apply our scheme. However, we as-
sume they are twice differentiable on interval
ð0;1Þ for the sake of tractability in deriving op-
timality conditions of our optimization problem.
Our approach could be generalized after releasing
such assumptions.

3.2. Benefits of utilizing traffic information

Recently, several CAC algorithms have been
proposed which utilize network traffic information
[12,14,16]. This is because network traffic infor-
mation is very useful to make an optimal decision
for call admission.

If a regression analyzer is based on unbiased
and minimum-variance estimation, we have some
benefits in using the conditional distributions in
such traffic estimation. Most important benefit
would be exactness in estimation. Since the con-
ditional distributions are based on best unbiased
(meaning minimum variance and unbiasedness in
regression theory [20]) estimation and they utilize
the current traffic condition, they can provide

Fig. 2. Role of a regression analyzer: estimation and report

procedures of fkðxk jmkÞ to a BwAlloc scheduler within a base.
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adaptive and best information on future traffic
condition with sufficient accuracy. With these two
concepts, it is expected to make a safe (minimum
error) and adaptive decision for bandwidth reser-
vation and admission control.

4. Optimal bandwidth reservation with admission

control

4.1. Description of the proposed bandwidth reserva-
tion

Let us consider a cell i (we leave out cell index if
not confusing). Let BW be the total amount of
bandwidth allocated to the base. Then xk/k is the
amount of reserved bandwidth for admitting class
k handover requests where xk is the number of
planned admissions. In this bandwidth allocation
policy, therefore, each handover request of class k
is accepted only if xk P 1, and a new call request is
accepted if there is available bandwidth (excluding
the reserved bandwidth). New call requests, re-
gardless of the class, are accepted if there is
available bandwidth excluding the reserved band-
width for handover admission. If great values for
x1; . . . ; xs1 are scheduled, high blocking probabili-
ties of new calls are expected. In contrast, if small
values are scheduled, low blocking probabilities
of new calls are expected. These facts mean that
controlling handover admission with x1; . . . ; xs1
affects new CAC simultaneously.

Definition 1 (Lower-priority). For a class k, each
class j (for j ¼ k þ 1; . . . ; s1) is the lower-priority
class of class k. Also, the call admission of class j
is called lower-priority admission of class k.

Our main objective is to minimize a penalty
function in an economic aspect (presented later in
this section) by controlling variables xks. In opti-
mizing the values xks, we employ opportunity cost
concept well known in economics. Suppose that xk
is scheduled to be small. Then it is obvious that the
blocking probability of class k handovers is high
because little opportunity is given to class k
handovers. However, it is also obvious that the
amount of opportunity for the handovers of its

lower-priority classes and the new calls will be
great (as a result, lower blocking probabilities are
expected). This is because the rest of opportunity
not to be given to class k handovers will be con-
tributed to the handovers of the other classes of
lower priorities and to the new calls. Conversely,
suppose that xk is scheduled to be large. Then it is
obvious that the blocking probability of class k
handovers is low because more opportunity is
given to class k handovers. However, it is also
obvious that the amount of opportunity for the
handovers of its lower-priority classes and the new
calls will be small (as a result, higher blocking
probabilities are expected).

At this point we need to think about two kinds
of opportunity loss. If great amount of xk is
scheduled, there will be more opportunity loss of
its lower-priority admission. And if little amount
of xk is scheduled, there will be more opportunity
loss of class k handover admission. If there is a
stable vector point ðx1; . . . ; xs1Þ, it is reasonable
that the point be used as an optimal solution for
bandwidth reservation. We focus on applying
this concept to bandwidth reservation problems
in multiple-class systems.

The penalty (in the sense of opportunity cost)
due to making a reserved bandwidth unit idle
(when there are fewer arrivals than reserved) is
denoted by ak (positive real), and the penalty due
to making a handover request of class k blocked
(the loss of one handover call when there are more
arrivals than reserved) is denoted by bk (positive
real) for class k. The values of aks and bks could be
determined based on an economic theory. Since
the opportunity cost concept is applied, the values
of aks would be determined by the values of ajs
and bj for j ¼ 1; . . . ; k 
 1. On the other hand, bks
are related to the service provider’s policy and
decision. There could be various versions of valu-
ing bks and many different schemes of valuing aks.
In this work, both of them are assumed to be
given. In Fig. 3, the absolute values for the slopes
of the two lines are the corresponding penalty
factors. In the figure, the penalty for class k when
there are xk arrivals, denoted by pkðxkÞ, is given by

pkðxkÞ ¼
ak þ bk

2
jxk 
 x�k j þ

bk 
 ak
2

ðxk 
 x�kÞ ð1Þ
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given that x�k is the number of reserved band-
width units. Thus, for example, we can easily find
that x�k ¼ arg minxk fpkðxkÞg, pkðx�k 
 nÞ ¼ nak, and
pkðx�k þ nÞ ¼ nbk. Similarly, in determining the
optimal values of the control variables for multiple
classes, we use the penalty vector and the proba-
bility distributions. From Eq. (1), the expected
penalty for class k ðk ¼ 1; . . . ; s1Þ is expressed with
a function Hk : R

þ [ f0g ! R as

HkðxkÞ ¼ ak

Z xk

0

ðxk 
 yÞfkðyjmkÞdy

þ bk

Z 1

xk

ðy 
 xkÞfkðyjmkÞdy ð2Þ

and the total expected penalty is given by a func-
tion H : ½Rþ [ f0g�s1 ! R as

Hðx1; . . . ; xs1Þ ¼
Xs1
k¼1

HkðxkÞ: ð3Þ

Eq. (2) is a function of penalty under uncertain
traffic demand of class k where a concept of IC
under uncertain customer demand [19] is applied.

4.2. Formulation of bandwidth reservation problem

Based on the total penalty function defined in
Eq. (3), our bandwidth reservation problem is re-
duced to a penalty minimization problem (PMPn).
We formulate the PMPn as a nonlinear convex pro-
gramming [18,19] for each cell. Let x ¼ ðx1; . . . ;
xs1Þ

t
, / ¼ ð/1; . . . ;/s1Þ

t
, and X ¼ fxjxP 0g.

ðPMPnÞ
minimize HðxÞ;
subject to hðxÞ6 0; x 2 X

where hðxÞ ¼ ðxþmÞt/ þ EðBðtÞjmÞ 
 En 
 BW
and vector m of size s1 denotes the numbers of
ongoing calls in Ni for class 1; . . . ; s1 for a reference
cell i, i.e., ðm1; . . . ;ms1Þ

t
. There could be released

bandwidth due to handover departure and call
completion during an update period (the length
of a time step). If there is released bandwidth, it
should be rescheduled to be utilized for potential
traffic arrivals. The above formulation (PMPn)
considers such a reallocation problem by intro-
ducing a parameter En which denotes the amount
of increase in bandwidth due purely to bandwidth
release. Note that

Pn�

n¼1 En 6
Ps1

k¼1 mk/k where
equality holds if and only if n� ¼

Ps1
k¼1 mk. For

every update period, the initial value of E0 is zero.
If there is an event of bandwidth release, E1 will
have positive value, and so on. For example, if
there have been five events of bandwidth release
after scheduling for (PMP0), problem (PMP5) is
to be solved with updated parameter values for
bandwidth reallocation.

4.3. Property analysis of (PMPn)

Some properties of (PMPn) are analyzed to
develop a solution algorithm in this section.

Theorem 1 (Convexity of Hk). HkðxÞ : Rþ [ f0g !
Rþ is a strictly convex function.

Proof. The first derivative of HkðxkÞ is written as

dHkðxkÞ
dxk

¼ ðak þ bkÞ
Z xk

0

fkðyjmkÞdy 
 bk ð4Þ

and the second derivative is written as

d2HkðxkÞ
dx2k

¼ ðak þ bkÞfkðxkjmkÞ: ð5Þ

Since ak > 0 and bk > 0, the second derivative is
nonnegative (positive if fkðxkÞ > 0) for all xk 2
ð0;1Þ. This proves the theorem. �

Fig. 3. Penalty function for a given probability density func-

tion.
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Corollary 1. HðxÞ is strictly convex over Rs1 P 0.

Proof. Any positive sum of strictly convex func-
tions is also strictly convex [18]. �

Note that if there exists an optimum of (PMPn),
then it is the unique optimum. This is because the
objective function is strictly convex by Corollary 1.
With the convexity of the objective function, the
problem is solved easily.

Definition 2. A constraint hðxÞ6 0 is said to be
‘binding’ at x� if hðx�Þ ¼ 0 for an optimal vector x�.

Definition 3. A square matrix Q is said to be
‘positive definite’ if ytQy > 0 for all y 6¼ 0.

To solve (PMPn) we apply Lagrange multiplier
theory [18]. We first define a Lagrangian function
L : Rs1þ1 ! R for (PMPn) as

Lðx; kÞ ¼ HðxÞ þ khðxÞ; ð6Þ
where k is a nonnegative scalar called a Lagrange
multiplier.

Theorem 2 (Sufficient conditions for optimality).
Let x� and k� satisfy

rxLðx�; k�Þ ¼ 0; rkLðx�; k�Þ ¼ 0; ð7Þ

ytrxxLðx�; k�Þy > 0; ð8Þ
for all y 6¼ 0 with rhðx�Þty ¼ 0. Then x� is a strict
local minimum.

Proof (abbreviated). Our Lagrangian function de-
fined in Eq. (6) is convex. In this special case the
proof is very simple. By Eq. (5), rxxLðx�; k�Þ is
positive definite. Thus ðx�; k�Þ satisfying Eq. (7) is
the strict local minimum of Lðx; kÞ, which means
that x� is also the strict local minimum of HðxÞ
subject to hðxÞ6 0. (A complete proof can be
found in Ref. [18].) �

4.4. Solution procedure for (PMPn)

We first consider a property of the problem and
show a solution algorithm.

Step 1: (Solve argminx2XHðxÞ)

Assume that there is no constraint, then solve
(PMPn) as follows: Since HðxÞ is strictly convex,
x� is the optimum such that

rxHðx�Þ ¼ 0: ð9Þ
In this case, for each k we can simply find

x�k ¼ F 
1
k

bk
ak þ bk

� �
; ð10Þ

where Fk is the distribution function [17] for fk and
F 
1
k ðxÞ ¼ inffyjFkðyÞ ¼ xg. Note that F 
1

k ðxÞ is
simply the inverse function of FkðxÞ if it is invert-
ible. If hðx�Þ6 0, then current x� is feasible in
original problem, thus, it is optimal (Stop). Else, it
is infeasible in original problem, and it is clear that
hðx�Þ ¼ 0, i.e., the constraint is binding at the op-
timum x� (go to Step 2).
Step 2: (Solve argminx2fxjhðxÞ¼0;x2XgHðxÞ)
If the constraint is binding, there exists a non-

negative scalar k� such that

hðxÞ ¼ 0; ð11Þ
that is,

xt/ ¼ BW
mt/ 
 EðBðtÞjmÞ þ En; ð12Þ
where xk is represented with k as

xk ¼ F 
1
k

bk 
 k/k

ak þ bk

� �
: ð13Þ

This is due to Lagrange multiplier theorem or ba-
sically to Farkas’ Lemma [18]. Furthermore, since
Eq. (12) is a linear equation of x and there exists a
one-to-one mapping between xk and k, there always
exists a unique k� satisfying the equation. With this,
we can find the optimal solution x� where

x�k ¼ F 
1
k

bk 
 k�/k

ak þ bk

� �
: ð14Þ

Step 3: (obtain optimal integer solutions)
(3.1) ek :¼ x�k 
 ½x�k �, for k ¼ 1; . . . ; s1, where

½x� ¼ maxn fn6 x; n 2 Zg.
(3.2) If

Ps1
k¼1 ek > 0, allocate currently avail-

able bandwidth, i.e.,
Ps1

k¼1 ek/k again. Solve a bi-
nary integer programming (BIP) problem of x with
the objective HðxÞ and a constraint

Ps1
k¼1 ðxk 


ekÞ/k 6 0. Let the optimal integer solution for
class k be r�k .

(3.3) x�k :¼ ½x�k � þ r�k , for k ¼ 1; . . . ; s1.
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In Step (3.2), we mention BIP. Efficient solution
algorithms for such a BIP are easily found in the
literature, for example, Section 13.7 in Ref. [19]
could be referred to. For a mobile multimedia
network with less than 10 classes of realtime ser-
vices, branch-and-bound technique and dynamic
programming approach could solve this BIP within
a very short time less than a few milliseconds.

Example 1. To explain how our algorithm runs we
have a simple example. Let m ¼ ð3; 5Þ, / ¼ ð2; 1Þ,
BW ¼ 15, BðtÞ ¼ 0,

f1ðxjm1Þ ¼ 1
2
e
x=2; ð15Þ

f2ðxjm2Þ ¼ 1
3
e
x=3: ð16Þ

We can easily find that this example is under a
congested case. Then Eq. (12) becomes


2/1 ln
a1 þ k/1

a1 þ b1


 2/2 ln
a2 þ k/2

a2 þ b2

¼ 4; ð17Þ

we obtain

a1 þ b1

a1 þ k/1

� �2 a2 þ b2

a2 þ k/2

� �
¼ e2: ð18Þ

Given that ða1; b1; a2; b2Þ ¼ ð1; 4; 0:5; 2Þ, we obtain

k� ¼ 5e
2=3 
 1

2
: ð19Þ

Then we obtain the optimal solution for (PMP0) is

x�1 ¼ 4
3
; x�2 ¼ 4

3
:

Thus 8=3 units and 4=3 units are reserved to admit
handover requests of classes 1 and 2, respectively,
at update period start. If an integer solution vector
is required, the optimal solution will be x�1 ¼ 1 and
x�2 ¼ 2 because the corresponding BIP has the
optimal solution ðe�1; e�2Þ ¼ ð0; 1Þ.

4.5. Bandwidth reservation algorithm with admis-
sion control

In our algorithm, the amount of bandwidth
reservation for each class is determined in Step 1,
and the amount of additional reservation due to
each event of bandwidth (channel) release is de-
termined in Step 2. During a given update period,
Step 3 runs for admission control following the
thresholds determined in Steps 1 and 2.

Step 1 (Solve (PMP0)): Obtain an optimal so-
lution x�.
Step 2 (Solve (PMPn): event-sensitive resched-

uling)
(2.1) Obtain an optimal solution xn;1; . . . ; xn;s1

for each case of n.
(2.2) If xi;k > xiþ1;k, resolve (PMPiþ1) with fixing

x�k ¼ xi;k and obtain a new optimal solution. Re-
peat (2.2) until xi;k 6 xiþ1;k, 8k ¼ 1; . . . ; s1.

(2.3) If xi;k 6 xiþ1;k, 8k ¼ 1; . . . ; s1, build a matrix

x1;1 � � � x1;s1
..
. . .

. ..
.

xn;1 � � � xn;s1

2
64

3
75:

Step 3 (Admission control):
If (class k arrival)

If xk P 1
Accept connection;
xk :¼ xk 
 1;

Else Reject connection;
Else If (departure)

xk :¼ xk þ Diþ1;k for 8k Diþ1;k > 0;
where Diþ1;k ¼ ðxiþ1;k 
 xi;kÞ.

5. Performance analysis

5.1. Simulation model

We consider four performance measures: the
blocking probability of new calls, the blocking
(dropping) probability of handover calls, the pen-
alty newly defined in this paper, and the amount of
idle bandwidth. To compare the performance, we
consider two previous schemes: scheme-1 [14], and
scheme-2 [16]. A 19-cell system model is considered
during rush hour and during non-rush hour. In this
simulation, the traffic arrival events are generated
from truncated (by ½0; z�) gamma-2 distributions,
e.g.,

f ðxÞ ¼ fgammaðxÞR z
0
fgammaðyÞdy

with different values of z. We consider two cases of
penalty factors: (Case 1) ðb1 þ b2 þ b3Þ=ða1 þ a2 þ
a3Þ ¼ 2:0; (Case 2) ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼
1:8. In this paper, the penalty factors for three
classes considered are just examples. In Case 1, we

638 K.-D. Lee, S. Kim / Computer Networks 38 (2002) 631–643



consider one of the simplest cases that the average
loss of one excessive arrival is twice penalized
comparing with the loss of opportunity cost due to
excessive reservation. In Case 2, we consider a case
that each opportunity cost is greater than that
used in Case 1. In our simulation, all of the dis-
tributions in 19 cells follow truncated gamma-2
distributions (the parameter(s) could be different
for each cell).

5.2. Simulation results and discussion

As shown in our simulation results, it is ob-
served that our scheme is dominant over the other
two schemes. This is because, unlike our scheme,
schemes-1 and -2 do not utilize full information
included in the probability distributions in their
decision making. The bandwidth utilization of our
scheme and that of scheme-2 dominate that of
scheme-1 because of sensible and selective band-
width reservation. There are relatively too much
bandwidth reserved in neighboring cells in scheme-1.

We think that the following example gives
easy understanding about the performance of our
scheme from simulations.

Example 2. Let us consider a case for class k
where the expected number of handover arrivals is
11, the expected number of departures (handover
departure and call completion) is 4, and the prob-
ability distribution of pure increase of ongoing
calls follows an exponential distribution with mean
7 (¼ 11
 4). Under the condition that there are
appropriate sufficiency of available bandwidth,
scheme-2 [16] determines that required bandwidth
for handover admission is 6:955/k, i.e.,

Y k ¼
X

s2Sð4;11Þ
YkðsÞ

1

jSð4; 11Þj ¼
X

s2Sð4;11Þ
YkðsÞ

1

1365

¼ 6:955:

However, the decision based on our scheme is

x�k ¼ 7 ln
ak

ak þ bk

� �
;

and if ðak; bkÞ ¼ ð1; 2Þ is known, then x�k ¼ 7:690
(if ðak; bkÞ ¼ ð1:2; 2Þ, then x�k ¼ 6:866).

The difference between the results of scheme-2
and our scheme results from the following fact:
scheme-2 uses the expected values (partial infor-
mation of a PDF) for arrivals and departures as a
consideration bound, thus there is no further con-
cern regarding excessive/fewer arrivals and exces-
sive/fewer departures with respect to the PDF,
respectively. If the variance of the distribution
considered is very small or close to zero, the bound
is sufficient for an optimal decision. In general
cases, however, it is more beneficial in decision
making to use full information of a PDF than to
use its partial information. In this case,

HkðxÞ ¼ akx
 1
7
ak þ ðak þ bkÞ17e


x=7;

and then we obtain Hkðx�kÞ ¼ 7:69 and HðY kÞ ¼
7:73.

Aggregated blocking probabilities on our three
realtime classes are shown in Figs. 4 and 5. In the
figures, it is observed that scheme-2 and ours
show dominant performance over scheme-1, i.e., it
shows that all of the performance measures con-
sidered of scheme-1 are not better than those of
scheme-2 and our scheme. This is because scheme-
1 reserves too much bandwidth of neighboring
cells which is possibly unnecessary. Also, since we
consider non-uniform traffic condition, the amount
of reserved bandwidth in such cells with low traffic
load does not contribute to reducing blocking
probability and increasing bandwidth utilization,
rather it contributes to degrading those two mea-
sures in cells with relatively heavy traffic load.

In Fig. 5(b), the blocking probability of han-
dover calls in our scheme is slightly dominated
by the other two schemes. However, smaller block-
ing probabilities of handover calls achieved with
schemes-1 and -2 do not compensate for the op-
portunity loss of lower-priority admission at ððb1 þ
b2 þ b3Þ=ða1 þ a2 þ a3ÞÞ ¼ 1:8. Our scheme domi-
nates the other two schemes in the other three
measures. Also, since our decision is based on the
third measure (i.e., penalty), being ranked over the
other two schemes in penalty (see Fig. 6) should be
focused. In Fig. 7, it is observed that our algorithm
shows highly adaptive feature to temporarily
uneven traffic condition. This is owing to an event-
sensitive rescheduling function of the proposed
scheme.
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6. Summary and conclusions

This paper has focused on optimizing the
amount of bandwidth to reserve for handover
admissions in wireless multimedia networks under
uncertain traffic demand. The proposed scheme is
quite different from the previous ones because
both QoS guarantee and resource utilization are
reflected in the objective function in order to be
optimized using estimated full information of fu-

ture traffic condition. In addition, two different
penalty factor classes are considered in our ob-
jective: penalty due to making a reserved band-
width unit idle (in case that there are too much
bandwidth reserved), and penalty due to making a
handover request blocked (in case that there are
too little bandwidth reserved, i.e., lack of reserved
bandwidth). Owing to utilizing sufficient infor-
mation on estimated traffic parameters, more
exact and reasonable solutions for bandwidth

Fig. 5. Blocking probability at ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼ 1:8: (a) new call blocking and (b) handover dropping.

Fig. 4. Blocking probability at ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼ 2:0: (a) new call blocking and (b) handover dropping.
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reservation under uncertain traffic condition are
expected. In addition, our algorithm is highly
adaptive to temporarily uneven network traffic
condition because it has an event-sensitive re-
scheduling function, which improves the utiliza-
tion of valuable bandwidth resource.

Such a set of probable phenomena in a system
with limited available resource is formulated as a
mathematical programming, and an exact and ef-
ficient solution algorithm is studied. Performance
analysis shows that our scheme performs very well.

We believe that our scheme could be utilized as a
decision guideline for optimal radio resource al-
location in mobility management and target QoS
achievement.

Acknowledgements

The authors are very grateful to the anonymous
reviewers and (Dr.) H.Y. Kim for their valuable
comments. This work was prepared during the

Fig. 6. Total penalty: (a) ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼ 2:0 and (b) ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼ 1:8.

Fig. 7. Idle bandwidth: (a) ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼ 2:0, (b) ðb1 þ b2 þ b3Þ=ða1 þ a2 þ a3Þ ¼ 1:8.

K.-D. Lee, S. Kim / Computer Networks 38 (2002) 631–643 641



authors’ work at KAIST and supported in part by
the Brain Korea 21 (BK21) Project from Minis-
try of Education. It was completed at Radio &
Broadcasting Laboratory, ETRI. It is a pleasure
to acknowledge their kind hospitality.

Appendix A

A.1. Economic meaning of HðxÞ

In this section, we present an economic meaning
of our penalty function that is used for the ob-
jective function of our optimization model for
bandwidth reservation. At first, we introduce an
inventory control problem under uncertain de-
mand (ICPUD) [19,23]. Also, we make it sure that
an ICPUD is applicable to bandwidth reservation
model in order to optimize the amount of band-
width to reserve.

Consider a service provider and the customer
set. The demand of customers generally has un-
certainty or randomness [23]. The service provider
should optimize the amount of inventory, i.e., he
should determine the economic quantity of order.
If he orders too many items, there will be too much
inventory and high inventory cost. In contrast,
if he orders too few items, there will be loss of
sale due to lack of inventory. Under uncertainty or
randomness of customer demand, a PDF, if any,
would be very helpful to the service provider.

In optimizing the amount of bandwidth to re-
serve, if we reserve too much bandwidth for a class
handover, then there will be much loss of admis-
sion opportunity for lower priority calls and might
be much idle bandwidth although reserved. In
contrast, if we reserve too little bandwidth, then
there will be much loss of admission opportunity
of the handover although there will be many lower
priority calls to be admitted. There are two dif-
ferent kinds of costs: inventory cost (in case of
reserving bandwidth too much); opportunity loss
cost (in case of reserving bandwidth too little). The
inventory cost is a factor of penalty to the service
provider, and the opportunity loss cost is a factor
of penalty to the service provider and the cus-
tomers (because the customer who arrives at the
store to buy an item at the time of no inventory

probably dislikes it and the service provider might
lose the customer). With these concepts as in Refs.
[19,23,24], we have formulated the penalty func-
tions shown in Eqs. (2) and (3) in order to optimize
the resource allocation under uncertainty of de-
mand.
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