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Abstract

We develop a unifying framework to perform the end-to-end quality of service (QoS)
management of advanced data services in PCS networks. For this purpose, we first describe
a generic fluid-flow model with Markov-modulated input flows and variable service rates
depending on a Markovian environment for the wireless part of the transport path. Then
we indicate how it can be used to evaluate the QoS of the data transport and to what extent
the varying capacity of the transport channel influences the latter.
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1 Introduction

At present, the provision and integration of voice and advanced data services in micro-cellular
personal communication services (PCS) networks with macro-cellular overlay networks, such
as GSM+, is a challenging technical and economic task. Along with the evolution of these
second generation systems towards the third generation, such as UMTS, various technical and
teletraffic issues regarding resource allocation, mobility, traffic and end-to-end quality of ser-
vice management are not addressed or satisfactory solved so far.

In addition to the loss-free delivery and the stringent delay requirements of selected real-
time services such as voice over an RTP/UDP interface let us consider the QoS requirements
of non real-time data services that are carried in such a PCS network. Then powerful unify-
ing teletraffic models with tractable complexity are required to evaluate the end-to-end loss
and delay performance of these considered data services and the resource consumption in the
wireless and wired segments of the network.

Normally queueing models are developed to assess the performance of data services at the
packet and burst level in wired and wireless networks, for instance, models of multiplexers



or buffers. In recent years, however, stochastic fluid-flow models have been developed as a
simplification of such detailed descriptions of the resource competition, allocation and con-
sumption processes (cf.[1], [5]). They are successfully applied to calculate in an efficient way
the delay and loss performance of the packetized data transfer at the burst and frame level of
packet-switched networks such as ATM backbones and the Internet (cf. [2], [6]).

In this paper, we follow this line of teletraffic modeling and analysis. First we develop a
generic fluid model with a finite buffer and varying server capacity for the wireless segment
whose parameters can be related to the specific features of the underlying transport system (see
also [7], and [4] for the infinite buffer case with one source and one server). The input flows are
modulated by a finite continuous-time Markov chain and the server capacity varies according
to an independent Markovian environment as well. We point out that from the perspective of an
individual source-destination pair or of a service class constituted by a superposition of several
flows with similar properties the sketched modeling framework is flexile enough to describe
the performance of the data transfer over a wireless segment of the network above the data
link layer or at the network layer. The advantage of the approach are the simple integration
of those fluid-flow models with constant service capacity describing the behavior of the wired
part of the transport network and the unified analysis employing a link-by-link decomposition
approach.

The remainder of the paper is organized as follows: Section 2 describes the parameters
of the fluid-flow sources, servers and buffer. Section 3 deals with the fluid-flow analysis for
an arbitrary number of sources and servers combined with a buffer of finite size. Section 4
discusses how the fluid-flow model can be used to evaluate and improve the QoS on a wireless
link that experiences temporary capacity degradation, and section 5 summarizes the findings
of the paper.

2 Fluid-flow Modeling

Let us consider a fluid buffer of finite sizeK with a Markov-modulated input flow and a variable
server capacity depending on another Markovian environment. We illustrate the application
of this versatile model restricting both Markovian environments to two independent 2-state
continuous-time Markov chains (CTMCs)E+ andE�, respectively. Both can be treated in a
similar manner.

The corresponding states ofE+ can be derived from a low-high or on-off semantic of the
arrival pattern of the packet flow at the burst or frame level. We assume that the bit rates of
the input flow in the high and low state are denoted byh+ � l+ andl+ � 0, respectively. The
corresponding transition rates ofE+ from low to high are denoted byλ+ > 0 and from high
to low byµ+ > 0, respectively. Figure 1 shows the corresponding state diagram and illustrates
the relation to the rates delivered by the source. The mean input rate is given by

m+ =
µ+l++λ+h+

µ++λ+
(1)

and the state probabilities by

π+
h = 1�π+

l =
λ+

µ++λ+
: (2)
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Fig. 1. State diagram of one 2-state VBR source or server.

To characterize the dynamics of the input flow, we use the basic time constant

τ+ =
1

λ+
+

1
µ+

(3)

describing themean cycle time of a source, i.e. the CTMCE+. It means that on average,
one “low” and one “high” phase occur during the timeτ+. Furthermore, we define the(high-)
activity factor of the source:

α+ =
λ+

λ++µ+
: (4)

It is an indicator of the activity pattern of the source, i.e. the smallerα+ the shorter the “high”
phases on average. Equations (3) and (4) determine the parameters

λ+ =
1

(1�α+)τ+
; (5)

µ+ =
1

α+ τ+
: (6)

The sketched model can be simply generalized to describe the superposition of several flows
each governed by an independent Markovian modulator.

In a way similar to the description of the input process, the service process with variable
Markov-modulated rates can be defined. Leth� � l� denote the bit rate of the high-capacity
state of the logical data transfer channel of a connection andl� � 0 be the bit rate of the
corresponding low-capacity state. Usingl� = 0 a temporarily high error-prone regime, e.g.
packet corruption due to long-term fading, handoff or other error-conditions of the wireless
environment, can be taken into consideration.

We assume that the transition rates ofE� from the low to the high regime and from high
to low are given byλ� andµ�, respectively. Then the mean capacity of the logical channel is
determined by

m� =
µ�l�+λ+h�

µ�+λ�
; (7)



and the time constant

τ� =
1

λ�
+

1
µ�

(8)

calledmean cycle time of a channeldescribes the channel dynamics.
The (high-) activity factor of the channelis given by:

α� =
λ�

λ�+µ�
(9)

It is an indicator of the availability of the transport channel for the data transfer of a considered
connection. Then equations (8) and (9) determine:

λ� =
1

(1�α�)τ�
(10)

µ� =
1

α� τ�
(11)

Hence, the system dynamics can be simply classified by the ratiod = τ�=τ+, e.g. if d < 1
then the channel capacity varies on average faster than the source behavior. To characterize the
studied transfer regimes, we will useα� andτ� instead ofλ� andµ�.

We consider a fluid buffer with finite sizeK. If on-off sources are modeled, i.e.l+ = 0, the
latter may be specified in terms of multiplesκ of the average burst length of one source:

K = κ
h+

µ+
: (12)

The performance parameters of interest are theloss probability PLoss and the delay quantiles.
PLoss determines the fraction of the packet or frame flow that is lost on average due to the
dynamics within the transport system. It reflects the QoS experience of an individual data
connection.

Depending on the ratio between the mean cycle times of the source and the server, the
following extreme cases may be analyzed to investigate the dynamics of the transport system:
If d� 1, i.e.τ+� τ�, then the channel dynamics is very fast compared to the sources, and the
latter realizes a CBR-like server with mean capacitym�. Then the approximate loss probability
is given by

PLoss' PLoss(m
�): (13)

If d� 1, i.e.τ+� τ�, then the source experiences a fluctuation between two CBR-like servers,
one with capacityl� and another one with capacityh�, both seen with the corresponding state
probabilities. The approximate loss probability is given by

PLoss' (1�α�)PLoss(l
�)+α�PLoss(h

�): (14)



3 Analysis of the Finite Fluid Buffer

Regarding the sketched finite fluid buffer with Markov-modulated input and service processes,
an extension of well-known analysis techniques can be used (cf. [1], [2], [5], [6]). Here we
describe the fluid-flow analysis for the general case of an arbitrary number of source and server
groups. The modulating Markovian environment is denoted byE = E+
E� and the model is
described by thegenerator matrixM and thedrift matrix D = Diags(ds).

We observe that due to the variable bit rate of the server(s), the fluid system is in principle
a heterogeneous one. Therefore, closed-form solutions for homogeneous sources are not ap-
plicable (cf. [1]). A proper numerical treatment of the model has been assured (cf. [3]). From
a mathematical point of view, we have to use the formulation as inverse eigenvalue problem
to determine the sets of eigenvaluesfzqg and eigenvectorsf~ϕqg. These sets have as many
elements as there are states at the burst level.

The basic formulae are determined by

γq(zq)~ϕq =

�
D�

1
zq

M
�
�~ϕq (15)

with
γq(zq) =∑

j

γ( j)
q (zq) = 0; (16)

where j denotes a group of homogeneous sources or servers. For a group ofn exponential
on-off or high-low sources withk objects among these in the “on” or “high” phase in stateq
the eigenvalues of the inverse problem are given in closed form:

γ( j)
q (zq) = nl++

1
2zq

�
n(zqh+�zql+)+λ++µ+)+

+sign(zq)(2k�n)
q

4λ+µ++(zqh+�zql+�λ++µ+)2
�
: (17)

For a server groupj 0 the same formula (17) may be applied by simply changing the signs of
the bit rates, i.e. use�h� (�l�) instead ofh+ (l+).

Once the eigenvalues are determined numerically, the eigenvectors can be obtained by
closed formulae (cf. [1], [2]). Both eigenvalues and eigenvectors appear in the solution of the
buffer content distribution

~F(x) =∑
q

aq~ϕq exp(zqx) (18)

that is adapted to the boundary conditions

Fs(K) = πs= PrfE = sg ; ds < 0 (19)

Fs(0) = 0; ds > 0 (20)

by the coefficientsaq. The best-suited method to evaluate the latter is provided by a Gaussian
elimination with complete pivoting (cf. [3]). Using this solution, we can determine the loss
probability for sources of typej by

PLoss=
1

m( j) ∑
s:ds>0

(πs�Fs(K
�))ds

r( j)
s

rs
; (21)
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Fig. 2. The studied scenario and its corresponding fluid-flow model.

wherem( j) is the mean rate of all sources in groupj, while r( j)
s denotes the bit rate of groupj

andrs the bit rate ofall sources in states (cf. [2, (3.63), p. 34]).

4 Application to QoS Management in PCS Networks

Let us consider the data transfer between a server in the wired network and a mobile client
running on a mobile terminal (MT) that is connected via a base station (BS) and a mobile
switching center (MSC) to the wired part of a PCS network. We are interested in the per-
formance of the packetized data transfer at the burst and frame level of this packet-switched
segment of the network from the perspective of an individual client-server connection. The
MT receives packets from the BS transferred from the server via the MSC or vice versa and all
systems have finite buffers to store a message or at least parts of it. Regarding the delay-loss
performance their dimensioning is an important task of the end-to-end QoS management. Par-
ticularly those of the MT and BS must be properly designed if the transport channel along the
air interface and the original buffer capacity are not available to the desired extent due to the
usage and occupation by those PDUs of real-time services with transmission priority and the
lost and retransmitted PDUs of the considered or other data connections.

As illustrated by Figure 2 we use the fluid-flow model with variable server capacity to de-



d PLoss(α� = 0:9) PLoss(α� = 0:7) PLoss(α� = 0:5)

! 0 1.04�10�10 1.93�10�4 4.63�10�3

0.00001 1.06�10�10 1.93�10�4 4.63�10�3

0.0001 1.22�10�10 1.99�10�4 4.67�10�3

0.001 4.60�10�10 2.61�10�4 5.09�10�3

0.01 5.23�10�7 1.31�10�3 9.00�10�3

0.1 1.13�10�3 1.14�10�2 2.45�10�2

1 5.61�10�3 1.92�10�2 3.29�10�2

10 6.71�10�3 2.04�10�2 3.41�10�2

100 6.83�10�3 2.05�10�2 3.42�10�2

1000 6.84�10�3 2.05�10�2 3.42�10�2

! ∞ 6.84�10�3 2.05�10�2 3.42�10�2

Tab. 1. Loss probabilities for different mean cycle-time ratiosd, different high-activity factors of the
server,α+ = 0:01 andκ= 1.

scribe this transport and assume that due to the small size of micro-cellular systems the time
of retransmitting a PDU at the wireless DLL is shorter than the burst length of the transferred
data packet and that a retransmission can be considered by the source itself as a partly de-
graded transport channel. Moreover, the reduction of the channel and buffer capacity due to
retransmissions or an additional FEC enhancement at the DLC are taken into consideration by
this means, too. To cope with such a degradation of the transport capacity due to a temporar-
ily high error-prone regime, e.g. packet corruption due to long-term fading, handoff or other
error-conditions of the wireless environment, we use a simple Gilbert-Elliott model as channel
environmentE�. As shown in Figure 1 it has two states “bad” (low) and “good” (high) and we
assign appropriate bit rates to these two states (cf. [4], [7]).

Our goal is a proper end-to-end management of the delay and loss characteristics of the
connection that can be performed by fluid-flow link modeling of the wired part as well (cf. [2],
[6]). The proper dimensioning of the buffers in the base stations is of particular interest.

We illustrate the versatility of the sketched generic fluid model by some examples. We
assume, for instance, that the transport channel is properly dimensioned such that there is
no performance degradation under peak allocation conditions, i.e. if the channel is in state
“high”, its bit rate is the same as that of the sources,h� = h+. A perfect transport channel that
always delivers this capacity would not produce any loss at all. Due to some unexpected error
conditions the channel changes to a “low” regime and it merely has half of its capacity left,
l� = 0:5h�. The source has an on-off characteristic, i.e.l+ = 0. It is obvious that the smaller
the high-activity factor of the server the higher is the loss probability. But results that are not
shown here explicitly reveal that the loss probability may also rise if the source activity factor
decreases. Table 1 and Figure 3 provide some insight to what extent the ratio of the mean
cycle times of the source and channel influences the loss probability. If the channel dynamics
becomes slower than that of the source, i.e.τ� > τ+ resp.d > 1, then the loss probabilities do
not degrade much. A ratiod = 1, i.e. τ� = τ+, seems to be like a break-point, i.e. a critical
time-scale for the channel. Moreover, Figure 3 shows the approach to the limiting cases (thin
lines close to the edges) given by (13) and (14). There may be several orders of magnitude
limited by these cases, especially when the high-activity factor of the channel is quite high.
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d κ(α� = 0:9) κ(α� = 0:7) κ(α� = 0:5)

! 0 0.55 1.80 3.12
0.00001 0.55 1.80 3.12
0.0001 0.55 1.80 3.13
0.001 0.57 1.88 3.20
0.01 0.95 2.52 3.75
0.1 2.86 4.64 5.36
1 4.96 5.82 6.15
10 5.41 6.00 6.27
100 5.46 6.01 6.28
1000 5.46 6.02 6.28
! ∞ 5.46 6.02 6.28

Tab. 2. Required buffer size forPLoss� 10�6 for different mean cycle-time ratiosd, different high-
activity factors of the server andα+ = 0:01.
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Table 2 and Figure 4 illustrate the buffer requirements for one of the previous examples for
a loss probability requirement of 10�6. If the channel varies very fast compared to the source,
merely a buffer of about half a mean burst length is needed, but in the reverse case, the buffer
requirement is about 5.5 times the mean burst length, i.e. about ten times as high. For matched
mean cycle times, the buffer requirement reaches already 90 % of its maximal value. We see
that the required buffer sizes do not differ that much for different high-activity factorsα� of
the server as they do it for different ratiosd. However, for smallerα� the relative difference
between the maximal and minimal buffer requirement becomes smaller; in the caseα� = 0:5
a factor of merely two appears.

An intuitive explanation of this behavior may be given as follows: As the QoS in case of a
fast-changing channel (d� 1) is basically determined by the mean capacity of the channelm�,
the relationship betweenm� andh� and, thus, the high-activity factorα� has great influence
on the loss probability itself. Especiallyα� ! 1 impliesm�! h�, and the QoS approaches
the ideal value of zero. On the other hand, ford � 1 the (bad) QoS stems from the term
PLoss(l�) in (14) due toPLoss(h�) = 0. Here, the different high-activity factors deliver barely
different weight factors 1�α� for the loss probability experienced by the source if the server
would be low all the time. The smallerα� gets, the larger is the probability to see a “bad”
channel, and the larger, i.e. worse, the loss probability gets. On the other hand, the larger the
loss probability is for a given buffer size, the larger gets the required buffer size for a desired
QoS level.



5 Conclusions

The sketched fluid-flow modeling approach is a versatile tool to analyze the sensitivity of the
loss probabilities to the dynamics of the channel and the sources and the consequences for
buffer dimensioning. The shown results reveal that it is not only important to know the per-
centage of the “high”-state regime of the channel, but also how fast the channel states change
compared to the sources. This feature depends on the offered data services and their perhaps
heavy-tailed burst characteristics. Matching the mean cycle times of both the channel and the
source delivers almost worst-case results.
From the perspective of the overall network design, fluid models provide a unifying, power-
ful framework for end-to-end QoS management of advanced data services delivered by PCS
networks.
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