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Abstract 
In order to guarantee quality of service, we must be able to calculate the link 
capacity, i.e., the total number of calls of different types that can be admitted 
on a single link at any given time. In this paper we use the schedulable region 
to represent the link capacity, and, we present a new approach for computing 
the schedulable region. Our methodology relies on real-time quality of service 
measurements to dynamically compute the size and shape of the schedulable 
region. We do not make any assumptions on traffic source models or scheduler 
operations. 
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1 INTRODUCTION 

Guaranteeing Quality of Service (QoS) is the main challenge in future broad
band networks. When several calls are statistically multiplexed into a single 
channel, there is the need to find out if and how the telecommunication sys
tem can guarantee their QoS constraints. In other words the problem is how 
many calls of a given type can be admitted to the link at any given time. 
In this paper we focus on the so-called "low-level" QoS and in particular on 
the cell flow level of an ATM network. At this level, the quantities of interest 
are the probability of exceeding a given value of delay and the probability of 
having cells blocked due to the lack of transmission resources. 

Each node of a telecommunication network has a finite switching capacity, 
due to the finite processing power and the finite link capacity. This switching 
capacity strongly depends on traffic statistics and QoS constraints. In a circuit 
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switching, this maximum switching capacity is easy to find, while in a packet 
switched framework in which a set of QoS have to be guaranteed, the switching 
capacity is, in general, unknown and the problem is to find it. 

The problem of finding the link capacity has been largely considered and 
many examples can be found in the literature (see for example (D. Ferrari 
et aZ. 1990, R. Guerin et aZ. 1991)). All these techniques rely on very strong 
assumptions on the system structure (e.g., markovian behavior of input flow, 
FIFO scheduling, simple server model), and they generally need a computa
tional effort that might lead to a non effective utilization in a real-time frame
work. A common problem with these techniques is that the analysis generally 
focuses only on the entry points of the network since source models are usu
ally non effective as the flow goes deeply into the network. This is mainly due 
to the fact that each scheduler might change the flow properties that cells 
had when they entered the network (J.F. Kurose 1993). Several techniques 
have been proposed to overcome this problem (see for example (A. Parekh et 
aZ. 1992)). Other techniques keep track of the variations that the single flows 
have as they travel along the network (J.F. Kurose 1992). They do not try to 
preserve the characteristics of the flow, but instead they are able to compute 
bounds on a node-by-node fashion. 

The approach which we are considering in this paper is to find the link 
capacity of a node without relying on any mathematical model of sources or 
on the presence of a given scheduler, but only by means of measurements on 
the QoS. It is worth to point out that by means of measurements it is not 
possible, in general, to find the real switch capacity but only an estimation 
of it. On the other hand, this approach, has the notable advantage of being 
applicable to a wide range of situations, since it does not require any particular 
constraint on the switch components such as the scheduling policy, the buffer 
size or the buffer management policy. In (J. M. Hyman et al. 1991), given a set 
of traffic classes, the switch capacity is estimated by means of a simulation 
process and described by a data-structure called "schedulable region". The 
main problem with this approach is that, if the traffic statistics of a given class 
change, the switch capacity previously found is no longer reliable. Another 
simulation therefore would have to be run with the new traffic characteristics. 
This problem could be solved if we were able to estimate the link capacity in 
real time. In this paper we analyze this problem, suggesting a framework in 
which this complex estimation task can be carried out. 

In Section 2 we introduce the framework and the model of the switching 
system we will consider. In Section 3 we describe the estimation approach 
we propose, while in Section 4 we present some numerical results. Section 5 
draws the conclusions of this work. 
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Figure 1 An example of schedulable region. 

2 A FRAMEWORK FOR LINK CAPACITY ESTIMATION 

In this paper we represent the link capacity using the schedulable region. The 
schedulable region of a system is the set of call configurations, for the various 
traffic classes, for which QoS would be guaranteed. In Figure 1 is depicted 
an example of schedulable region of a link over which three traffic classes are 
multiplexed. Over that link, if no calls of class I and III are present, than 
more than 4000 class II calls can be multiplexed, and all of them will have 
their QoS guaranteed. 

The link capacity is a function of a number of parameters such as the link 
speed, the scheduling policy, the buffer policy, the traffic statistics and the 
buffer size, and therefore it changes as a result of changes in one of them. The 
problem we will analyze in this paper is to keep track of these variations in 
real time in order to maintain consistency on the network. It helps to think 
of a system that once in steady state is perturbed. There are no general rules 
that enable to compute the new boundary of the schedulable region given that 
some parameters have changed. 

In order to keep track of the schedulable region in real time is therefore 
necessary to exploit estimation tasks. Estimating the schedulable region means 
to estimate what is the maximum load achievable by the multiplexer, and 
this, in turn, means to understand how QoS changes as the number of calls 
increases. The system therefore has to perform two estimation tasks. The first 
is the estimation ofthe current level of QoS which is being offered to the calls 
in progress. The second task is the estimation of the maximum number of calls 
that could be accepted by still guaranteeing QoS constraints. In this paper 
we will focus on the second estimation task. 

2.1 The system model 

The key point of the underlying switch model is the presence of a multiplexer 
that is designed to work with a finite set of traffic classes. The traffic class is an 
attribute that reflects the quality of service parameters and that it is defined 
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by a set of quality of service constraints. For the sake of simplicity, we restrict 
our analysis to a link shared by two different classes of real-time traffic: voice 
and video. In such a framework, QoS are given in terms of maximum cell 
delay and maximum probability of exceeding such delay boundary. We will 
refer to the maximum delay for class h as Sh and to the maximum probability 
of exceeding Sh (i.e., the QoS constraint for class h), as £h. Hence, for class 
h, QoS will be guaranteed if: 

(1) 

We will moreover express the load in terms of number of calls for the various 
traffic classes multiplexed in the system. We will refer to the number of calls 
for class h as Kh . We will study two different scheduling disciplines: FIFO and 
SPS. Moreover, we will focus on delays therefore assuming infinite buffer size. 
The server models an ATM link which transmits cells at a constant rate of JJ 
bits/sec. The scheleton of the model of such a multiplexing system is depicted 
in Fig. 2. In all the experiments we will show in the remainder of the paper, 
the link speed JJ is equal to 100 Mbits/sec. The voice source is generated with 

Figure 2 The model the multiplexing system. 

the well-known On-Off model with exponential state transition rates. When 
in Off state, the source is idle, while when in On state the transmission takes 
place at a rate of 64 Kbit/sec. The On and Off average periods are respectively 
0.352 sec and 0.653 sec. The generated flow is supposed to be inserted in the 
payload field of ATM cells. The video source generates 24 frames per second 
and each of them is associated a variable number of bit. The number of bit 
per frame is a random variable II that comes from a given distribution and 
that has a correlation given by a particular extraction rule. Such video stream 
is generated by using the TES (Transform, Expand, Sample) technique (A. A. 
Lazar et al. 1994). We considered three different video sources, which in turn 
correspond to three different distributions for the variable II. Let us call them 
Videol, Video2 and Video3. Figure 3 show the three distributions for the three 
different video sources. In particular, Videol and Video2 have a peak rate 
equal to 56000 bits/frame, while Video3 has a peak rate of 64000 bits/frame. 
It is worth noting that for Videol, the probability of exceeding 50000 bits/sec 
is extremely low. As regards average rates, Video 1 and Video2 have an average 
rate of about 23000 bits/frame while Video3 has an average rate of about 
44000 bits/frame. Notice that actual video sources might have higher peak 
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rates. We adopted these figures in order to test in a more reliable way the 
effect of statistical multiplexing. 

3 A NEW APPROACH: MODELING DELAY DYNAMICS 

The approach we are considering in this work is to directly focus on delay 
distributions, trying to analyze their dynamics. We want to find a parametric 
model for delay distributions and to study how the model parameters change 
with variations both in the load and in traffic statistics of the input streams. 

3.1 The delay distribution model 

The model we suggest in this paper describes delay distribution for the traffic 
class h as a collection of N exponential functions, each of them representing a 
portion ofthe delay axis. More in particular, if pdf" (x) is the delay probability 
distribution for Class h, then the model can be expressed in the following way: 

Nit 

pdt(x) = I>a~+b~~l[~~'~~+l)(X) (2) 
;=1 

Figure 4(a) gives a pictorial representation of the model expressed in equa
tion (2), while in Figure 4(b) is shown an example of an actual delay dis
tribution which comes ftom an experiment with KI = 80, KII = 1980, and 
SPS scheduler. The shape of this delay distribution is clearly represented by 
the model (2). The two lines represent the exponential functions (in this case 
two) that approximate the delay distribution. We have observed the same 
behavior of the pdf for various traffic load characteristics as we will present 
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later in Section 3.2. In our case, the schedulable region is defined by the set of 
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Figure 4 The model for the delay distribution. (a) Pictorial representation; 
(b) Example of delay distribution for Class II traffic. 

(KI, KIl) pairs such that the delay constraints for all the traffic classes are 
guaranteed. With respect to our delay distribution model (see equation (2)), 
this turns into the following: 

(3) 

Equation (3) has to be satisfied for each traffic class h (h = I, II). To find 
the boundary of the schedulable region we first fix the value of K I and find 
the maximum value of KII that satisfies (3) for h = I,ll. We then do the same 
operation, fixing KIl, to find the maximum value for KI. 

3.2 Delay distribution dynamics 

In Section 3.1 delay distributions have been modeled as a collection of ex
ponential functions. We have now to investigate how all these functions are 
affected by a change in the load. In other words, we have to find a model 
for the parameters of the exponential functions able to give us an insight on 
how they depend on the load. We have then to exploit such a model in order 
to estimate the boundary of the schedulable region. More specifically, notice 
that the parameters af and bf, in equation (3) are function of the load (i.e., 
K 1 , KIl). Since our goal is to predict the boundary of the schedulable region 
before actually reaching it, we have to determine how af and bf change when 
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the load is increased. It is worth to point out that also xf and Xf+l depend on 
the load even if, from our experiments, we noticed that the effect of varying 
the load is small as regards them. Let us concentrate, for the time being, on 
the parameters af and bf: in our first experiment, we load the system with 
the traffic classes described in Section 2.1, with SPS scheduler. Figure 5(a) 
shows how the pdf of Class II changes as the load increases. Fig 5(b) the 
approximation of equation (2) for the same experiment. Labels "1", "2" and 
"3" both in Figures 5(a) and 5(b) refer respectively to (KI, Kll) = (80,1980), 
(KI, Kll) = (80,1960) and (KI, Kll) = (80,1940); the scheduling policy is 
SPS. Let us assume, for this experiment, that the pdf, for h = II, is composed 
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Figure 5 Delay distributions with increasing load (a) Actual distributions; 
(b) Model 

of two exponential functions, that is: 

(4) 

Figures 6(a,b,c,d) show how the parameters ail, b{l, a~l and b~l change as 
the load is increased. The hypothesis that we make is that, in the range of 
load investigated, the behavior of the model parameters is linear, with respect 
to the load. More specifically: 

(5) 

This is an heuristic assumption that comes out from a number of experi
ments we carried out. The problem turns now into finding the values of TJah , 

Vah, TJb'! and Vbh. If we want to find them by only utilizing measurements, we .. . 



108 Part Two Traffic Management 

-1.6 

-1.8 0 0 0 

-2.0 

all -2.2 

-2.4 

-2.6 

o 
o 

o 0 

o 0 
o 

-2.8 L-_-'----_-'-_-'-_-'-_---'---' 
1900 1920 1940 1960 1980 2000 

K" 

-5 

af -10 0 
00 

-15 
o 

1900 1920 1940 1960 1980 2000 2020 
K" 

(c) 

-0.05 r--.,--,---.,---,---,---, 

-0.06 

-0.07 

-0.08 

W -0.09 

-0.10 

-0.11 

-0.12 

o 
o 0 

o 

o 
o 0 

o 0 
o 

-0.13 L-_-'----_-'-_....L._-'-_---"----' 
1900 1920 1940 1960 1980 2000 

K" 

(b) 
0.010 r--,----,----,---,--.,--, 

0.005 

o 
-0.005 o 

o 

-0.010 

o 
o 

o 000 
o 

1900 1920 1940 1960 1980 2000 

(d) 

Figure 6 Parameters a and b as a function of the load. Scheduler=SPS, f{l 
= 80, J.I. = 100 Mbits/s_ (a) af1; (b) bf1; (c) a~l; (d) b~l; 

have to perform a fitting operation among the measured values of a~ (to find 
TJah and vah) and bf (to find TJbh and Vbh): whenever a new load condition 
oc~urs, a n~w fitting task is performed and TJah, Vah, TJbh and Vbh are properly 
adjusted. Figure 7 shows this task for different'values ot the load. Notice that, 
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in this example, vbh has been assumed to be zero. Each time we add calls to , 
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the system (i.e., in this case as KII increases), we can collect new information 
that adjust our estimation. By utilizing the various approximation obtained 
with different values of KIl, and by means of both (4) and (3), we are able 
to estimate the schedulable region. 

4 EXPERIMENTAL RESULTS 

In this Section we report and discuss some numerical results on specific ex
amples. More in particular we show how the estimating mechanism is able 
to refine its estimation as the load increases. We use the system described in 
Section 2.1 in which two traffic classes are statistically multiplexed over a link. 
For the sake of simplicity we only consider variations of one traffic class keep
ing the other one fixed. More specifically, we keep Class I traffic fixed to 80 
calls (i.e., KI = 80) and we vary the number of Class II calls. Each time Class 
II load increases, we perform the mechanism described in Section 3 in order to 
update the estimation of the schedulable region. As the system acquires more 
information (i.e., the load increases) it refines the estimation of the boundary 
of the schedulable region. We expect, therefore, to obtain rough estimations 
when the load is low (i.e., deep inside the schedulable region) which turn into 
better ones as the load increases. Class I and II load is represented by video 
and voice calls, respectively, modeled as described in Section 2.1. The three 
different types of video sources described in Section 2.1 are considered. Both 
FIFO and Static Priority (SPS) schedulers have been taken into account. We 
always consider to have an infinite buffer. As regards QoS, both video and 
voice cells are dropped when they experience a delay greater than 2 ms., and 
QoS are guaranteed when the dropping probability does not exceed 0.005 for 
video and 0.05 for voice (i.e., (I = 0.005, (II = 0.05). In order to be able to 
test the efficiency of the estimation mechanism, we computed beforehand the 
"real" schedulable region with an exhaustive method and very long simula
tions. 

Figure 8 shows the results ofthe estimating mechanism, when SPS scheduler 
is adopted (the horizontal line in the plot represents the "real" schedulable 
region). Class II load has been increased from a point well below the schedu
lable region to the point on the boundary of the schedulable region. Notice 
that the range of the X axis of the three cases is different: this is because 
different traffic statistics (i.e., Vide01, Vide02, and Vide03) lead to different 
schedulable regions. 

We observe that when Class II load is small, our approach underestimates 
the boundary of the schedulable region. As the Class II load increases (i.e., as 
the load approaches the schedulable region boundaries) the estimation suc
ceeds in correctly predicting the boundary of the schedulable region. It is 
worth noticing that, as regards QoS measurements, in this experiment we 
only measured Class II delay: SPS scheduler, in fact, always gives priority 
to Class I cells which, therefore, never experience delay. This means that, in 
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estimating the boundary of the schedulable region, we exploit (3) for h = 2 
only (i.e., for Class I QoS are always guaranteed). 
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Figure 8 The schedulable region estimation (SPS scheduler). (a) Video1; (b) 
Video2; (c) Video3. 

Let us turn now to the FIFO scheduler. In this case we not only have to 
consider Class II delay but also Class lone. In fact, the FIFO discipline does 
not make any difference between the various traffic classes involved in the 
multiplexing system, and therefore the schedulable region boundary is found 
when QoS of anyone of them is not guaranteed anymore. Figure 9 shows the 
results of the estimating mechanism for the two traffic classes (i.e., "<>" for 
Class I and "+" for Class II). Notice that the lowest one of the two estimations 
has to be considered as "the" estimation of the boundary of the schedulable 
region. 

5 CONCLUSIONS 

A framework for a real time estimation of the link capacity in a multiclass 
network has been presented. A model able to capture delay distribution dy-



Real-time estimation of link capacity III 

2600 
4000 ,..-,r---r----.,----,---.,..--,.--, 

C1 ... 1 estimated boundary 0 CI ... I estimated boundary 0 
2400 CI888 II estimated boundary + 3500 

2200 Actual SchedUlable±Re~n :u;dar: -:- 3000 
C1 .... II estimated boundary + 

Actual Schedulable ReSion boundary -

Estimat,ed 2000 \----e-..... +-+-+..Qo-..Qo--l Estimated 2500 
+ + + + 

o + + 
Boundary 1800 0 0 Boundary + 
~ ~ +.000000 1600 2000 F-__ ....:;O _______ ~ 

1400 

1200 
+ 1500 

1000 0 
1000 L-_.L-_...I.-_....I..-_-'-_-L....l 

1900 1920 1940 1960 1980 2000 
CII .... II calla, K II 

1800 1820 1840 1860 1880 1900 
C1888 II calla, K II 

(a) 

Eotimaled 
Boundary 

B" 

(b) 
600 r-----r--y--r---r-"'"T"""---, 

CI_ I .. tim.1ed boundary <> 
CI_ II .. 1im.1ed bouadary + 

680 Actual Schedulable Rqioa boundary -

680 + 
+ l> 

+ 
<> ~ 

540 

520 

500'----'---'--~--'---'---' 
535 540 546 550 656 660 665 

CI .. II can., KII 

(c) 

Figure 9 The model for the delay distribution (FIFO scheduler). (a) Video1; 
(b) Video2; (c) Video3. 

namics has been analyzed and exploited for the estimation task, and numerical 
results from a number of experiments have been presented. 
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