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Abstract. The fluctuation of available link bandwidth in mobile cellular networks motivates the study of adaptive
multimedia services, where the bandwidth of an ongoing multimedia call can be dynamically adjusted. We analyze
the diverse objectives of the adaptive multimedia framework and propose two bandwidth adaptation algorithms
(BAAs) that can satisfy these objectives. The first algorithm, BAA-RA, takes into consideration revenue and
“anti-adaptation” where anti-adaptation means that a user feels uncomfortable whenever the bandwidth of the
user’s call is changed. This algorithm achieves near-optimal total revenue with much less complexity compared
to an optimal BAA. The second algorithm, BAA-RF, considers revenue and fairness, and aims at the maximum
revenue generation while satisfying the fairness constraint defined herein. Comprehensive simulation experiments
show that the difference of the total revenue of BAA-RA and that of an optimal BAA is negligible. Also, numerical
results reveal that there is a conflicting relationship between anti-adaptation and fairness.
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1. Introduction

Due to the rapid advances in wireless/mobile communications technology, there have been
tremendous efforts in deploying multimedia services in this environment. However, the link
bandwidth of mobile cellular networks is still a bottleneck. The scarcity in wireless resources
motivates us to research on the adaptive multimedia services which can operate ovefa wide
range of available bandwidth [1-5].

The adaptive multimedia paradigm can play an important role to mitigate the highly-
varying resource availability in wireless/mobile networks. For example, in a non-adaptive
multimedia framework where the bandwidth of a call is fixed, the handoff call is forced to
terminate if there is no available bandwidth in the forward cell. In contrast, in an adaptive
multimedia framework, it is possible to overcome the link overload condition by reducing
the bandwidth of individual calls, which we call bandwidth adaptation, thereby accepting the
handoff call.

Originally, the concept of adaptive multimedia service was introduced in wired networks
to cope with network congestion. Broadly, two approaches in adaptive multimedia have been
proposed in the literature. In the first approach, the source adjusts the rate (or bandwidth)
of a multimedia stream depending on the condition of the network [6, 7]. The value of the
rate is usually continuous. In the second approach, on the other hand, the multimedia stream
is compressed in the form of layered (or hierarchical) coding to support heterogeneous re-
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2 Taekyoung Kwon et al.

ceivers. Thus, each receiver can selectively choose the subset of layered coding depending on
both its capability and bandwidth availability [8, 9]. Another scheme in the second approach
is transcoding where one multimedia coding is changed into another (e.g., MPEG-1,2 into
H.263) [1, 10].

More recently, some bandwidth adaptation algorithms (BAAs) have been proposed in
wireless/mobile networks [2, 3, 4]. Bharghavan et al. [2] seek to achieve optimal bandwidth
allocation over the whole network. However, the message overhead is inherently high for
this scheme which also assumes continuous values of bandwidth. A more generalized BAA
is proposed by Talukdar et al. [3] who investigate the tradeoff between network overhead
and optimal bandwidth allocation. While the algorithms in [2, 3] aim at optimal bandwidth
adaptation over the whole network, Das and Sen [4] propose a BAA from a cell’s perspective.
They exploit the tradeoff between the carried traffic and bandwidth degradation, thus deriving
an optimal policy to maximize total revenue.

In this paper, we adopt the layered coding approach where the bandwidth of a call can
take a set of discrete values, as in [1, 3, 12] and a sender transmits the layered coding of
a multimedia stream to a mobile terminal (MT). If a cell is “underloaded”, the MTs (with
an ongoing adaptive multimedia call) in the cell receive the full multimedia stream, i.e., the
whole set of layered coding. However, if congestion takes place in the cell, the layered coding
is adapted at the base station or at the adaptation-enabled switch. In other words, the subset of
the layered coding is filtered or transcoded at the base station to adapt to the situation of the
“overloaded” cell [1, 13].

Additionally, as suggested in [1, 4, 12], we focus on the bandwidth of individual cells
rather than the whole network [2, 3], due to the following reasons:

1. We believe that the bandwidth adaptation in the whole network is of high-complexity and
is likely to have a negative impact on the data traffic (e.g., TCP’s congestion control).

2. Without loss of generality, the wireless link bandwidth is much more valuable than the
bandwidth of wired networks. As a result, wireless bandwidth will be a dommant factor
in overall connection from a revenue point of view.

3. We believe that the probability of overload (when the bandwidth adaptation is required) in
a cell is presumably bounded by a call admission control (CAC) algorithm (e.g., [4, 12]).

With the help of a CAC algorithm, we propose bandwidth adaptation algorithms (BAAs)
for the case in which a cell is overloaded only occasionally. Compared to the fixed networks,
the fluctuation in resource availability in wireless/mobile networks results from two inherent
features: fading and mobility. The fading in a wireless channel is highly varying with tem-
poral and spatial dependencies and interferences. We assume that the effect of fading can be
mitigated by a rich-function transmission/reception wireless subsystem (e.g., [14]). Hence,
our adaptive multimedia framework takes into consideration only mobility (or equivalently,
handoff). That is, an adaptive multimedia call may have to change its bandwidth when there
is a new call arrival, a call completion, or an incoming/outgoing handoff. Therefore, a BAA
should choose which call(s) to adapt and how much bandwidth of each chosen call is changed.

In this paper, we propose two BAAs considering the diverse quality-of-service (QoS)
requirements in the adaptive bandwidth framework. The first algorithm, called BAA-RA,
considers the revenue and the adaptation cost (the penalty for each bandwidth change of a
call). Whereas, the second algonthm, called BAA-RF, takes into account the revenue and the
fairness property.
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Figure 1. Examples of revenue function.

The paper is organized as follows. The diverse objectives of the bandwidth adaptation

framework are identified in Section 2. The model of adaptive multimedia stream is described
in Section 3. Our BAAs are proposed in Section 4 while Section 5 evaluates our algorithms in
terms of defined objectives through simulation experiments. Then the concluding remarks are
given. The analysis of the CAC algorithm under consideration is provided in appendix.

2. BAA Objectives

The objectives or requirements of BAAs can be categorized from the standpoint of service
providers as well as service users. For example, service providers of adaptive multimedia may
need to satisfy the following two requirements.

Revenue

The primary concern is the revenue. The revenue rate of an ongoing call is mainly depen-
dent on the current bandwidth of the call. In this paper, we assume that the revenue rate
of a call is determined by a monotonically increasing revenue function of the bandwidth.
Figure 1 shows two types of revenue functions, namely linear and convex.

Complexity

Another concern of service providers is the cost of the network equipment (e.g., base
station). The implementation complexity of deploying the adaptive multimedia services
has a significant effect on the cost of the deployment. Therefore, the overall complexity
of a BAA should be reasonable (say, polynomial-time complexity). ~

On the other hand, the service users may have the following (QoS) requirements in terms

of bandwidth. In our adaptive multimedia framework, QoS parameters such as delay and jitter
are not taken into account.

Quality
Obviously, the more the bandwidth allocated for a call, the more satisfied is a service

user. We assume that the perceived quality of an adaptive multimedia stream is dependent
only on the currently allocated bandwidth of the call. Furthermore, the quality function
of bandwidth is the same as the revenue function considered. Thus, maximizing revenue
implies maximizing the perceived quality of users.

Anti-adaptation

A service user may feel‘uncomfortable whenever the adaptation (i.e., the change of band-
width of the user’s call) occurs as proposed in [2, 3, 12]. We denote this QoS requirement
as “anti-adaptation” and consider the following three formulations for anti-adaptation.
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(1) negative revenue: Each adaptation has a penalty associated with it [2, 4]. Accord-
ingly, BAAs should take into account both positive revenue for the bandwidth of
a call and negative revenue for the change of bandwidth of the call.

(ii) adaptation rate: The upper bound on the number of adaptations per unit time is
guaranteed in this formulation. A proposed BAA keeps track of the information
about adaptation rate of each call and adapts the bandwidth of calls whose adap-
tation rate is less than the specified upper bound. (The BAA in [3] also seeks to
achieve fairness in adaptation rate.)

(iii) inter-adaptation time: This formulation can enforce that the time between two
successive adaptations of a call is larger than some QoS value. This parameter
can be regarded as a more stringent QoS requirement than (ii).

e Fairness

Another important aspect considered by the service users in a cell is fairness. If the
bandwidth values of adaptive multimedia services are assumed to be continuous, then
fairness would be ensured because every call would need to reduce its bandwidth by the
same ratio, which makes the resulting sum of bandwidth of all calls equal to the capacity
of a cell. However, the bandwidth values of adaptive multimedia under consideration
being discrete, there exists a problem of fairness between calls. More precisely, there
are two kinds of fairness: inter-class fairness and intra-class fairness. Inter-class fairness
means that the bandwidth of a cell should be fairly partitioned among service classes.
Whereas, intra-class fairness means that each call in a class should be allocated an even
portion of the bandwidth partition for that class.

It is not difficult to see that there is a conflicting relationship between anti-adaptation and
fairness criteria. Intuitively, fairness tries to adapt as many calls as possible by an equal ratio.
On the contrary, anti-adaptation attempts to reduce the number of calls whose bandwidth is
to be changed. Therefore, we believe that a BAA which seeks to satisfy anti-adaptation and
fairness at the same time is not meaningful. To this end, we propose two algorithms: BAA-RA
for revenue and anti-adaptation, and BAA-RF for revenue and fairness. N

3. Model Description

We consider a general model consisting of K classes of adaptive multimedia calls in wire-
less/mobile cellular networks. This section describes our traffic model, adaptive multimedia
model, and a CAC algorithm.

3.1. TRAFFIC MODEL

For simplification, we consider a single isolated cell. Call arrivals of class-i, where i =
1,2,..., K, are assumed to form a Poisson process with mean arrival rate A;. Also, handoff
calls of class-i are assumed to arrive as a Poisson process with mean rate 4;. The call holding
time (CHT) of a class-i call is assumed to follow an exponential distribution with mean 1/p;.
For the mobility characterization, we assume that the cell residence time (CRT), i.e., the
amount of time during which a call stays in a cell before handoff, follows an exponential
distribution with mean 1/k. We assume that the CRT is independent of class; that is, calls in
any class follow the same CRT distribution. Note that h represents the mean handoff rate.
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Figure 2. Example of a Class-1 Adaptive Multimedia Stream.

3.2. MODEL OF ADAPTIVE MULTIMEDIA

According to the adaptive multimedia paradigm, a multimedia call can dynamically change
its bandwidth during its lifetime. Assume that the bandwidth of a class-i call takes its value
from the set V; = {b; 1,b;,..., b5} where b; ; < b; j4 for j = 1,...,s; — 1. Here, s; is
the number of possible bandwidth values that a class-i call can be allocated.

Figure 2 illustrates an example of an adaptive multimedia stream of a class-1 call where
s; = 3. For the purposes of illustration, let us assume that a cell has only class-1 calls. If
the cell is underloaded, every call in the cell will be allocated its maximum bandwidth, b, ;.
Otherwise, depending on how much the cell is overloaded, one or more calls in the cell will
be allocated by, or by,;. The difference Aby,; = by j41 — by,j, for j = 1 and 2, is the jth
segment of multimedia stream with respect to the minimum bandwidth (b ;) of the class-1
call.

As mentioned earlier, the revenue rate for a call is dependent only on the bandwidth allo-
cated to that call. Henceforth, the revenue rate will simply be referred to as the revenue. A
revenue function for a class-i call will be denoted by r; (). For example, when bandwidth b; ;
(J=1,...,s)is allocated to a class-i call in progress, the corresponding revenue is r; (b;, ;).

Assuming a fixed channel allocation (FCA) scheme, the total bandwidth (number of chan-
nels) in each cell is the same, denoted by C. Furthermore, we assume that the bandwidth of a
wideband call can be scattered across the bandwidth pool as in [15, 18].

3.3. OUR CAC ALGORITHM

The current state of a cell is represented by a vector X7 = (xy, xa, . .. , Xg ), where x; denotes
the number of ongoing class-i calls in the cell. Let Ny be the total number of calls.in state
X. Then, the role of a BAA is to allocate/reallocate the appropriate bandwidth to individual
Ny calls satisfying the previously mentioned objectives whenever the cell is overloaded. The
probability that the cell is overloaded is determined by a CAC algorithm, which decides the
state space of a cell. We apply a simple CAC algorithm called the upper limit (UL) CAC
algorithm [17] which is also classified as the coordinate-convex CAC [18].

To adopt the UL CAC algorithm in our context, we take into account the cell overload
probability, Po, which is defined as the sum of the steady probabilities for the states where
at least one call in the cell should be “degraded” in bandwidth. (A cell is designated as
“overloaded” if at least one call in the cell needs to be degraded.) This degradation happens
when the bandwidth of the cell is not enough to accommodate every call with its maximum
bandwidth. That is, bpux-X > C where byax = (b1,5,, b2.5;5 - - - » bk s ) 18 @ vector of maximum
bandwidth values for all classes.

In this CAC algorithm, a newly arriving call is blocked if the number of class-i calls is
greater than or equal to a threshold value, say t;. Whereas, the handoff incoming call will not
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be blocked because the forced termination of a handoff call is much more unbearable to users
than blocking of a new call. By adjusting the value of ¢ for each class, we can derive a CAC
algorithm which satisfies the QoS requirements (e.g., upper bound on Pp).

4. Proposed Bandwidth Adaptation Algorithms

In this section, we propose two bandwidth adaptation algorithms (BAAs) which meet the
objectives discussed in Section 2. As mentioned earlier, the revenue for the bandwidth is
assumed to be equal to the perceived quality by a service user for the same bandwidth. In
other words, we need not consider the perceived quality separately from the revenue. The
following presents a BAA for revenue and anti-adaptation, and another BAA for revenue and
fairness. Before proceeding further, let us first present a basic BAA which considers only
revenue in a cell.

4.1. BAA FOR REVENUE ONLY (BAA-R)

A naive implementation of BAA for optimal revenue is NP-hard and has exponential time
complexity [16]. Hence, the proposed BAA-R seeks to achieve a near-optimal revenue with
polynomial time complexity in an overloaded cell. It is based on a greedy approach [19],
featuring d-combination lookahead.

4.1.1. Graph Abstraction

The BAA-R uses the following graph formulation. The “start” node is set up initially. Then,
degradable bandwidth segments (see Figure 2) of each ongoing call correspond to the nodes
laid out in a chain as illustrated in Figure 3, which contains two class-1 calls and one class-2
call. Thus the number of chains is the same as the number of calls in progress in a cell. In
each chain, the first degradable segment of each call is connected to the “start” node. Bear in
mind that the first degradable segment of a class-i call is Ab; 5,1 = b 5; — b 5;—1. Similarly,
the second degradable segment, of the call is connected to the first degradable segment and
so on. In Figure 3, the direction of the edges are downwards which reflects the degradation
order. Furthermore, the minimum bandwidth segment, b; ;, of each call is not represented in
the graph because it is not degradable.

The cost of the edge to the node Ab; ; is expressed by ¢; ; which is calculated by d1v1d1ng
the revenue of the node by its bandwidth size. The revenue of the node denotes the decreasing
revenue by degrading the bandwidth segment (represented by the node) of the call. Thus, the
lower the cost of the edge, the more bandwidth can be degraded with the same revenue loss
by choosing the edge. The cost ¢; ; is calculated as

_ri(bi j41) = ri(bi,;)

;o= , j=1,2,...,85 —1. 1
Ci j Abi, J S ¢y

For the convenience of notation, the graph in Figure 3 can be modified as follows. The
“start” node is denoted by node 0. Each degradable bandwidth segment of each call is indexed
as illustrated in Figure 4. Here, the index of the node can be ordered arbitrarily. Also, each
edge to a node n is associated with a two-tuple (c(n), b(n)) where c(n) is the cost of the edge
to node n and b(n) is the bandwidth size of the node n.
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Figure 4. Modified graph representation.

4.1.2. Description of BAA-R
The BAA-R scheme stems from Prim’s minimum spanning tree (MST) algorithm [19]. The
nodes are selected one by one at each step, which corresponds to the selection of the bandwidth
segments to be degraded. The main difference between the BAA-R and the Prim’s algorithm
is that BAA-R spans the tree until the sum of the bandwidths of selected nodes is at least
bmax - X — C. For this purpose, the BAA-R keeps track of the costs and bandwidths of all
nodes. The important feature of BAA-R is the “d-combination lookahead” method, where d
is a positive integer indicating how many combination of edges to be searched to find out a
near-optimal bandwidth adaptation. In the algorithms to be proposed, the selection of a node
and the selection of an edge to the node have the same meaning. Henceforth, we use the terms
node and edge interchangeably.

When d = 1, we look ahead only one combination of the outgoing edges. More exactly,
before selecting the edge with the minimum cost at each step, we compare the maximum
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Table 1. BAA forrevenue (BAA-R).

1 N <«<0,sump <0
2 breg < bpax - X — C — sumy,
3 while (breg > 24 UM
4 choose the minimum cost edge in U(N)
5 add n (the node of this edge) to N
6 sumy, < sumy + b(n)
7 breq < bmax - x — C — sumyp
8 )
9  Rpip < o0
10 for(mis 1tod){
11 for (every possible m edges in U(N)){
12 S <« selectedm edges
13 if (B(s) = breq and R(S) < Rmin){
14 Smin < S
15 Ruin < R(S)

16 }
17 }
18 1}

bandwidth of the edge among U (N) edges with the required bandwidth, say b,. Here, N
is the set of already explored nodes, and U (N) is the set of unexplored outgoing edges of
nodes in the set N. Note that the number of edges in U (N) is always the same as the number
of ongoing calls. Furthermore, by = byux - X — C — ), is the amount of insufficient
bandwidth to terminate the BAA-R algorithm, where Zb is the sum of bandwidth of the
already explored nodes (or equivalently, edges) at that instant. If b, is less than orequal to
the maximum bandwidth of the edges in the set U(N), then we investigate all the outgoing
edges individually (so-called 1-combination). Among the investigated edges, we choose that
edge with the minimum revenue loss while the bandwidth of the edge is greater than b,,,.
Otherwise, we choose the edge with the minimum cost and repeat this step (lines, 3-8 in
Table 1) until by, is less than or equal to the maximum among bandwidth values of the edges
in U(N).

When d = 2, this algorithm searches more adaptation cases (2-combination). Before se-
lecting the edge with the minimum cost, we compare b,,, with the sum of the two largest
bandwidth values in U (N). If this sum is greater than b,,,, we investigate every combination
of two edges in U (N). Among the investigated cases, the minimum revenue loss of two edges
is chosen on the condition that the bandwidth sum of two edges is greater than or equal to by,,.

Table 1 describes our BAA-R scheme. The notation Zd S represents the sum of the d
largest bandwidth values of the edges in the set S. Let R(S) and B(S) be respectively the sum
of revenue loss and the sum of bandwidth values of the selected edges in the set S. In addition,
Rpin is the minimum revenue loss by degrading bandwidth segments in the set Sy;,. After the
BAA-R is executed, the nodes in N and Smin Will be degraded. For example, if the nodes
within the dotted line in Figure 4 are selected by the BAA-R procedure, then two class-1 calls
are allocated a bandwidth bl,s,fx and a class-2 call is allocated a bandwidth b5 5, 5.
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Note that the combination of less than d edges is also searched (line 10 in Table 1). Clearly,
as d increases, the corresponding revenue increases because the algorithm searches more cases
of bandwidth adaptation.

4.2. REVENUE AND ANTI-ADAPTATION (BAA-RA) ALGORITHM

The scheme BAA-RA considers both revenue and anti-adaptation. It is equivalent to the BAA-
R except that the notion of anti-adaptation is incorporated into the graph. Among the three
formulations of anti-adaptation (see Section 2), we choose the negative revenue because the
adaptation rate and inter-adaptation time can be easily incorporated with other objectives.
That is, we just need to exclude from BAAs the calls which will violate the requirements of
adaptation rate or inter-adaptation time.

In general, the adaptation cost may be dependent on the characteristics of the application
service. For example, the adaptation costs for audio, video, and data services may be different
from each other. Accordingly, the penalty for anti-adaptation is modeled by a; (a positive
value) for each class-i call and will be subtracted while calculating the total revenue.

This penalty a; is incorporated into the graph for BAA-R algorithm (Figure 4) as follows.
Note that g; is the penalty value at the instant of adaptation, whereas the revenue is the notion
of rate, i.e., a user pays the revenue for an allocated bandwidth during which the user is
serviced by that bandwidth. Hence, we formulate the “adaptation rate” instead of “‘adaptation
cost” as follows. First, the time, Ty, from state X to any next state is estimated. Then, g; is
divided by Ty to make the dimensionality equal (revenue rate and adaptation rate). From state
X, the expected time until the next state will be given by the reciprocal of the sum of state
transition rates, and is given by

K -1

Ty = I:Z{)»il(xi < )+ hi + (i + h)xi}] , (2)
i=1

where 1(-) is an indicator function which equals 1 if its argument is true and equals O other-

wise. Recall that x; is the current number of class-i calls; A; and h; are respectively the arrival

rates of new and handoff class-i calls; Also, i; and / are the service rate and handoff rate, and

t; is the threshold denoting the blocking of a cell.

With this formulation of adaptation cost, if the bandwidth of a call before adaptation is
less than its maximum bandwidth, we modify the cost of edges as in Figure 5. Here r¢z) and
b(n) respectively denote the revenue loss and the bandwidth amount of the node n. When an
edge is selected while running the BAA-RA scheme and the resultant bandwidth of the call is
equal to the bandwidth of the call before adaptation, the revenue loss of the edge is decreased
by a;/Tx. Subsequently, the cost of the edge is also decreased. (We implicitly assume that
the decreased cost is a non-negative value.) This formulation may encourage the selection of
the edge which makes the bandwidth of the call remain unchanged (see c(1) in Figure 5(a)),
thereby avoiding the penalty of the adaptation cost. The cost of an edge does not necessarily
mean the revenue loss directly; it just indicates how much revenue loss is incurred per unit of
degraded bandwidth.

On the contrary, when the bandwidth of a call is more degraded than the previous band-
width value, the selection of the edge is discouraged by increasing the revenue loss by the
amount a;/ Ty (see c(4) in f?igure 5(a)). Note that there is no change in the costs of other
edges. The bold line of the multimedia stream in Figure 5(a) indicates the allocated bandwidth
of the call before this adaptatior,
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Figure 5. Incorporation of anti-adaptation. (a) 1st case; (b) 2nd case.

On the other hand, in the case that the maximum bandwidth is allocated to a call before
adaptation, the formulation of adaptation cost for the call is simpler as depicted in Figure 5(b).
Again, the bold line represents that the call is allocated its maximum bandwidth before adap-
tation. If a new call is accepted and an adaptation has to be invoked, the call is represented
in the graph as shown in Figure 4. In addition, a handoff incoming call has its previously
allocated bandwidth. Thus, the handoff call can be represented in the graph as deplcted in
either Figure 5(a) or Figure 5(b).

The same algorithm in Table 1 applies to this modified graph. Depending on how adap-
tation cost is assigned for each class of call, there will be some skewness in adaptation. For
example, calls of the adaptive multimedia service whose g; is relatively low, may be most
frequently adapted when the cell is overloaded.

4.3. REVENUE AND FAIRNESS (BAA-RF) ALGORITHM

The BAA-RF scheme seeks to find out the best bandwidth allocation (not necessarily optimal
from the revenue point of view) while satisfying fairness. We define the fairness from the
standpoint of discrete bandwidth adaptation and discuss how to maintain the fairness hereafter.
For the convenience of explanation, we compare the fairness of discrete bandwidth adaptation
with that of continuous bandwidth adaptation.
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In continuous bandwidth adaptation, an overloaded cell satisfies by, - X > C. So every
call only needs to be allocated its maximum bandwidth value multiplied by the ratio
where for state X, the bandwidth partition B; for all class-i calls will be given by

B = bi..\','-xi C 3

={;"%)¢ 3)

This equation represents the “inter-class fairness”. From B;, the allocated bandwidth to
each class-i call will be given as %" which defines the “intra-class faimmess”.

_C
bmax-X

Let us first try to maintain intra-class fairness of discrete bandwidth adaptation. Let f; = %
be the target bandwidth value for perfect intra-class fairness. If f; € V;, i.e., it equals some
discrete bandwidth value of class-i, then we need to allocate that value to every class-i call.
(Recall that V; is the set-of possible bandwidth values of a class-i call.) However, it is hard to
expect such an ideal case; accordingly, we assume two bounds /;,g; € V; on bandwidth values
such that [; < f; < g;. In this paper, the intra-class fairness will be satisfied if every class-i
call is allocated a bandwidth of either /; or g;.

Let us now explain how inter-class fairness is maintained in discrete bandwidth adapta-
tion. Among x; class-i calls, suppose that n;, calls will be allocated a bandwidth /; while the
remaining x; — ny, calls will be allocated g; to meet intra-class fairness. For the best inter-class
fairness, we aim to derive the value of n;, which makes the real bandwidth sum of class-i calls
close to B;. Alternatively, n;, can be calculated by considering that the weighted average of the
bandwidth values of x; calls should be close to f;. More precisely, the number of calls with
bandwidth /; can take two candidate values y; and y; 4 1 for class-i to meet both inter-class
fairness and intra-class fairness. This implies

i+ DL+ —yi — Dgi

yili + (xi — yi)gi
<< .
X {

Xi

(4)

< fi

Depending on the number of calls with bandwidth ;, the real sum of bandwidth-values,
say R;, of all class-i calls may be greater or smaller than B;. In this paper, inter-class fairness
will be maintained if |R; — B;] < g; — I;. If either of the two weighted averages in Equation
(4) equals f; coincidentally, then there is only one adaptation case for that class.

Finally, for both kinds of fairness, there are at most two alternatives for each class. It is
expected that the number (K) of adaptive multimedia service classes is fairly small because
the main adaptive multimedia is focused on video stream [1, 6-9]. As a result, we can search
all possible cases of bandwidth adaptation with time complexity O (2%). Among these cases
satisfying the best fairness, we need to choose only the one with the maximum revenue such
that the sum of bandwidth values is less than or equal to C.

5. Simulation Experiments

According to our model described in Section 3, we simulate one cell to evaluate the per-
formance of the proposed BAAs with various objectives. First, we discuss how to quantify
the objectives of BAAs and' also introduce two other adaptation schemes for comparison
purposes. Next, the model of adaptive multimedia services used in the simulation experiments
is described. Finally, numericalfesults are presented under diverse simulation scenarios.
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5.1. PERFORMANCE METRICS

We use three performance metrics: (i) total revenue including revenue and adaptation cost, (ii)
adaptation cost only, and (iii) fairness (intra-class and inter-class). Total revenue is calculated
by subtracting the adaptation costs from the sum of revenue of individual calls in a cell.
Suppose an adaptation occurs at time ¢, and no more adaptation takes place in (¢, ¢']. Then, the
total revenue, TR (the first metric), generated during the interval [, #'] due to the adaptation at
time ¢ is given by

K x K
TR=(@'-0)) Y r(BG))—Y az, (5)
i=l1

i=1 j=I

where z; is the number of class-i calls whose bandwidth is changed at time ¢ and B(i, j) is the
allocated bandwidth to the jth call in class-i at time ¢ by applying a BAA. The second metric,
the adaptation cost in a given cell (AC), is expressed by

K
AC = Za;zi . (6)
i=1

Since fairness is difficult to quantify, both kinds of fairness is defined by the standard
deviation from the the exact bandwidth value (in continuous bandwidth adaptation case). Intra-
class fairness (IF) and inter-class (XF) fairness for state X during [¢, ¢'] is given by Equations
(7) and (8), respectively.

K

IF=@—1) | Y > (BG.J) - £)? (7)

i=1 j=1

K
XF=("—1) | D (R~ B)> ®)

i=l

For the purpose of comparison with BAA-RA and BAA-RF, we introduce two.more
schemes. The first algorithm is a bandwidth adaptation algorithm for optimal total revenue
(BAA-O) whose objective is the same as BAA-RA. The naive implementation of BAA-O
as a reference algorithm, may investigate every adaptation case (every bandwidth for every
call), and thus achieving the maximum total revenue for every state X. As a result, it has an
exponential complexity O(SZM ), where Ny is the maximum among possible Ny values and
sy is the maximum among s; for all i. In contrast, the BAA-RA scheme has polynomial time
complexity of O(Nysy + Nu?) with d-combination lookahead.

The other reference algorithm is BAA-A which attempts to minimize only the adaptation
cost. Thus, whenever an incoming call (either a newly originating call or a handoff call) is
accepted and subsequently an adaptation should be invoked, one or more calls with the lowest
adaptation cost will be degraded by the least possible amount of bandwidth to accommodate
the incoming call. However, there is no adaptation when a call terminates or hands-off to ad-
jacent cells; that is, the released bandwidth of outgoing calls will be used for future incoming
calls.
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Table 2. Bandwidth values (in channels).

Services s; V; a;
Class1 4 {2,4,6,8} 40
Class2 4 {8, 16, 24,32} 160

Class3 4  {48,96, 144,192} 960

5.2. SIMULATION MODEL OF ADAPTIVE MULTIMEDIA

Considering the current wireless voice coding technology, we can presumably think that the
bandwidth value for adaptive voice is less than tens of Kbps. In the case of video compression
technology [8, 9], we take into account two classes: low quality video (H.263-based) and high
quality video (MPEG-based). We assume that the low quality video takes its rates between
tens of Kbps and hundreds of Kbps, while the high-quality video can be adaptively delivered
at rates between hundreds of Kbps and Mbps. Henceforth, these three adaptive services will
be denoted as class 1, class 2, and class 3, respectively.

We consider that the setting of bandwidth for adaptive multimedia services can be de-
termined flexibly using adaptation techniques (e.g., filtering and transcoding [1, 13]) and/or
compression algorithms (e.g., motion estimation and conditional replenishment [8, 9]). That
is, we can adjust s; and bandwidth values in V; arbitrarily for each class. Recall that s; is
the number of possible bandwidth values of a class-i call and b, is the maximum bandwidth
value of a class-i call. Table 2 shows the bandwidth values of adaptive multimedia services
used in our simulation experiments. Here, the bandwidth value is expressed by the unit of an
8 Kbps channel because currently low-rate voice coding schemes like QCELP and VSELP
deliver speech over a wireless link at a rate of 8 Kbps or less [11]. Even though there may
be some discrepancy between the real adaptive services and our simulation model of adaptive
multimedia, we believe that our model can reflect the real system’s behavior. k

As regards to the revenue generated by the bandwidth values, we consider two functions:
. . . —(x—bg, ) +bs, 2
the linear revenue function r; (x) = x, and the convex revenue function r; (x) = ——(X—bf?—'—.

(The convex revenue function is widely accepted in the literature [2, 4].) Moreover, in or-
der to observe the impact of adaptation cost (a;), we assume that this cost for each of the
three multimedia classes is proportional to the corresponding maximum bandwidth. In the
experiments, we make a; equal to the revenue difference of one bandwidth interval of class-i
multiplied by 20 seconds. For example, for the class 3, the bandwidth gap is 48, and thus
the revenue difference for that gap is 48 in the case of linear revenue function. As a result,
az = 4820 = 960. This implies that, if the bandwidth of a call is upgraded by one bandwidth
level and is changed before 20 seconds, the resulting (net) revenue is negative although the
bandwidth of the call increases. Table 2 also shows the adaptation cost for each class which is
used for both linear and convex revenue functions.

5.3. NUMERICAL RESULTS

Simulation experiments are ‘carried out as the Erlang load of every class increases. Through-
out, the Erlang load and the threshold #; for each class is equally set to provide the same grade
of service (e.g., call blocking probability). In the following experiments, #; = 5, which allows
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Figure 6. Revenue ratio vs. Erlang load (linear).

the fairly small cell overload probability. Moreover, the handoff call arrival rate is assumed to
be proportional to the new call arrival rate by h; = «A; for every class. If « is large, it implies
a micro-cellular network environment; otherwise, it can be regarded as simulating macro-
cellular networks. We assume o = 0.5. Throughout the experiments, the call holding time
(CHT) and the cell residence time (CRT) are assumed to follow exponential distribution with
mean 500 seconds and 100 seconds, respectively [20]. Also, C = 1000 channels leading to a
total of 8 Mbps bandwidth. Note that each class-i call will occupy b; channels. Accordingly,
the effective total Erlang Load in a cell will be Zi Ai/ui = b;. In the legend, the Erlang load
means only A;/u;.

5.3.1. Linear Revenue Function

In this section, we evaluate our BAAs in the case of the linear revenue function. Figure'6 shows
the revenue ratio of three BAAs, which is defined as the ratio of the total revenue of a BAA to
that of the BAA-O. When the Erlang Load is 1, there is no overload situation, which results in
no difference in the total revenue of BAAs. However, as the Erlang load increases, the revenue
difference between BAAs increases accordingly. Note that the revenue of the BAA-RA (with
d = 2) is fairly close to thta of the BAA-O.

The adaptation costs of three BAAs are shown in Figure 7. Here, as we expected, the
BAA-RF shows much higher adaptation cost, which proves our belief that there is a conflicting
relation between fairness and anti-adaptation. This reasoning is also verified in Figure 8 where
the BAA-A shows the worst fairness deviation. (Plotting of inter-class fairness shows a similar
trend.)

Figure 9 shows the total revenue when the adaptation cost increases. Here, we increase the
adaptation cost by multiplying revenue difference of one bandwidth gap by 10, 20, and 30
seconds, respectively. The values along x-axis represent these time intervals in seconds. Also,
Erlang load is set to 9. As the adaptation cost increases, the total revenues of the BAA-RA
and the BAA-RF decreases notably, while that of the BAA-A shows a minor change. This
phenomenon indicates that, when the adaptation cost is large and the cell overload probability
cannot be ignored, the adaptation cost can play a dominant role in the total revenue. Accord-
ingly, the CAC algorithm should bound the cell overload probability. Otherwise, we should
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Figure 8. Intra-class fairness vs. Erlang load (linear).

devise another BAA that pays more attention to the adaptation cost (the BAA-A is an extreme
case).

2

5.3.2. Convex Revenue Function
In this section, the numerical results in the case of the convex revenue function are examined.
The results of simulation experiments of the convex revenue function show a very similar
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Figure 9 Total revenue vs. adaptation cost (linear).
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Figure 11. Intra-class fairness vs. Erlang load (convex).

pattern to those of the linear revenue function and therefore only two plottings are provided
here.

Figures 10 and 11 show the adaptation cost and the intra-class fairness of three BAAs. In
Figure 10, BAA-A shows the smallest adaptation cost while BAA-RF shows the largest one,
which indicates that there is a conflicting relation between the adaptation cost and the fairness.
Figure 11 shows the fairness deviation of BAAs and also verifies the above reasoning.

6. Conclusions

It is anticipated that demands for adaptive multimedia services will grow in future wire-
less/mobile networks, especially considering the highly fluctuating bandwidth resources. In
an adaptive multimedia framework, bandwidth adaptation algorithms (BAAs) that can satisfy
diverse requirements is a challenging issue. We identify the possible objectives of BAAs and
propose two algorithms: (i) the BAA for revenue and anti-adaptation (BAA-RA), and (ii)
the BAA for revenue and fairness (BAA-RF). Simulations are conducted to compare these
algorithms with other BAAs in terms of the total revenue, anti-adaptation, and fairness. The
total revenue of the BAA-RA is shown to be fairly close to that of BAA-O (BAA for optimal
total revenue). Whereas, the BAA-RF achieves the best total revenue while satisfying the
fairness criterion as defined in this paper. Overall, the measured performance metrics of the
proposed BAAs show wider differences in the convex revenue function than in the linear one.
Simulations reveal that there is"a conflicting relation between anti-adaptation and fairness.
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The analytic model of a cell is also presented in the case of upper-limit call admission control
policy.
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Appendix: Analysis of Upper-Limit CAC

Let us now analyze the performance of the UL CAC algorithm. First of all, the UL CAC
algorithm determines the space of states. With the help of the product-form solution, the steady
probability for state X is given by

K
7(X)=G'[]p@x), ©)
1

where G is a normalization constant given by

K
6= Y [lrto. 10)

bminX<C i=1

Here byin = (by,1, 02,1, ..., bg,1) is a vector of minimum bandwidth values of each class.
Moreover, p(x;) means the probability intensity that there are x; number of class-i calls in
state X and is given by
Xi
(%;—*:'_—h;;) /x,-! ifx,- <t
plx) = (1D

4 Xp ot
A N Y :
(“ﬂi'*';l) (_ﬂi';'h> /x,-! 1fx,~ > t,'

With these steady-state probabilities, the call blocking probability is given by Equation
(12).

P, = Y m(X), (12)

XiZtb

where ¢; is a vector of zeros, except for a one for the ith component. Table 3 shows the
call blocking probability calculated by Equation (12) and obtained from the simulation ex-
periments. Note that the call blocking probability calculated by analysis is independent of the
class because the threshold for each class is set equally. Also, the handoff dropping probability
is negligible, so its plotting is omitted. Finally, the cell overload probability, Py, is giyen by

Po= ) =(X). (13)
bar-X>C

Tables 4 and 5 show the cell overload probability, P, versus Erlang load when #; = 5 and
7, respectively. In both cases, the Erlang load of each class increases equally, and #; of each
class is set equally.
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Table 3. Call blocking probability (#; = 5).

Load Analysis Simulation
Class 1 Class 2 Class 3

0.000975 0.000951 0.000966 0.001183
0.007834 0.007349 0.008147 0.007839
0.026461 0.026332 0.025593  0.025884
0.058923 0.060115 0.058022 0.058399
0.103241  0.105412 0.100334 0.102873
13 0.155504 0.160023 0.158060 0.153816
15 0.211738 0.209334 0.207461  0.206327

— D ] W

Table 4. Cell overload probability (#; = 5).

Load Analysis Simulation
3 0.000019 0.000021
5 0.000403 0.000395
7 0.002485 0.002518
9 0.008333 0.008292
11 0.019605 0.019646
13 0.036793 0.036962
15 0.059276 0.059333

Table 5. Cell overload probability (¢ = 7).

Load Analysis Simulation
3 0.000033 0.000036
5 0.000629 0.000604
7 0.003763 0.003704
9 0.012650 0.012669

11 0.030315 0.030496

13 0.058386 0.58376

15 0.096807 0.095825
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