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Abstract

On-line measurement of tra�c can improve the
quality of network monitoring and call admis-
sion control algorithms by providing reliable es-
timates of QoS parameters. We propose to es-
timate QoS by �tting an appropriate function
to the bu�er occupancy distribution of a single-
server �rst-come-�rst-served queue. We collect
samples of the bu�er occupancy distribution just
after packet arrivals in the queue. Then, we �t
an approximating function, a positive sum of ex-
ponentials, using minimum chi-squared estima-
tion techniques. The QoS parameters can then
be inferred from the �tted distribution function.
We consider three types of minimum chi-squared
estimators: the �rst uses the sample covariance
matrix, while the last two use biased approx-
imations that are considerably easier to com-
pute. Furthermore, we extend these algorithms
to virtual queuing systems to estimate the im-
pact of additional connections being admitted to
the queue. We provide algorithms and criteria
for all three estimators, along with simulation
results. These simulations show that we can ob-
tain reliable estimates of QoS parameters within
minutes.

1 Introduction

Providing guaranteed Quality of Service (QoS)
on the Internet requires that the network be able

to measure tra�c and negotiate access to net-
work resources. As QoS-demanding applications
are more widely used, the network will eventually
need to provide users with statistical guarantees
of QoS, such as the loss rate, average packet de-
lay, and delay jitter. In this paper, we present
a collection of estimators that use on-line mea-
surements of user tra�c to provide call admission
for a single-server �rst-come-�rst-served (FCFS)
queue. Our approach infers the QoS parame-
ters from measurements of the bu�er occupancy
at packet arrival times. A nonlinear optimiza-
tion routine is used to �t these measurements to
a bu�er occupancy distribution, from which we
can infer the loss rate and delay statistics. Fur-
thermore, we extend these estimators to call ad-
mission by combining our �tting algorithm with
virtual queuing systems to estimate the addi-
tional capacity within the queue. As a result,
we are able to improve the performance of call
admission algorithms by providing fast and reli-
able estimators of QoS.

To motivate our approach, consider the sim-
ple network in Figure 1. Suppose that we have
a collection of users who are multiplexed onto
a single bottleneck connection to the Internet.
Such a scenario could easily describe local sub-
scriber access for cable modems or ADSL tech-
nology. Tra�c is divided into classes, with high-
priority tra�c scheduled before low-priority traf-
�c in the multiplexer. Although users are free
to send \best-e�ort" tra�c to the low-priority
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Figure 1: Multiple users sharing a high-priority
and low-priority queue.

queue at any time, high-priority connections must
be admitted beforehand. Assuming that high-
priority tra�c is rate-controlled and properly po-
liced by the network, QoS is controlled through
call admission. A call is blocked if the multi-
plexer estimates that su�cient resources are not
available to handle the additional tra�c. To
provide statistical guarantees of service in the
high-priority queue, a Network Monitor is used
to measure the tra�c and predict the amount of
available resources.

Direct measurement and estimation of QoS
parameters is di�cult, usually because of the
large variance of such estimators. For example,
if we are interested in maintaining a loss rate of
10�7, then a suitable 95% con�dence interval of
the loss rate requires over 154 million packets,
which may take days to collect.

We propose indirect estimators of QoS pa-
rameters which reduce the convergence time to
minutes. These estimators are natural exten-
sions to estimation techniques presented in [3].
Let W� be the occupancy of the queue, in bytes,
immediately after a typical packet arrival. Then,
the distribution F of W� determines the QoS
provided by the queue. To estimate the QoS pa-
rameters, our approach consists of the following
steps. First, we collect a histogram of W� . Sec-
ond, we �t a distribution G(�) to the collected
histogram, so that G(�̂), for some �̂ 2 �, is the
\best" �t with respect to some discrepancy mea-
sure in �. Third, we then use G(�̂) to infer the
loss rate and delay statistics. Speci�cally, we

collect measurements during busy cycles. Un-
der certain assumptions, the histogram bins are
asymptotically multivariate normal. As a result,
we consider three discrepancy measures which
perform minimum chi-squared �tting. The Max-
imum Likelihood Estimator (MLE) uses an unbi-
ased estimator of the covariance matrix in addi-
tion to the histogram. The other two estimators,
the Neyman IID Chi-Squared Estimator (NCE)
and Pearson IID Chi-Squared Estimator (PCE),
use the same �tting algorithms, except they com-
pute a biased estimator of the covariance ma-
trix that considerably reduces complexity. In all
three cases, we compute suitable criteria, or es-
timators of the expected discrepancy, that may
be used in evaluating the quality of the �tting
algorithm. If used in conjunction with a virtual
queue, then these estimators can also be used to
predict the impact of adding additional tra�c.

In Section 2, we present our queuing model
and the relevant QoS parameters. Section 3 pro-
vides an introduction to model selection tech-
niques, and presents suitable selection criteria for
the three types of estimators we consider. Sec-
tion 4 demonstrates how these algorithms may
be incorporated into virtual queuing systems for
predicting the e�ect of additional tra�c on the
queue. We brie
y consider implementation is-
sues in Section 5. To show the performance of
our system, we provide simulation results in Sec-
tion 6. Our concluding remarks, including future
directions, are presented in Section 7.

2 Queue Model

We model the high-priority queue as a single-
server FCFS queue with rate R bytes per second
and a maximum bu�er size of B bytes, as shown
in Figure 2. Let fAt : t � 0g be the packet arrival
process to the queue, where At is the number of
packet arrivals for the aggregate connection up
to time t, for t 2 [0;1). If an arriving packet
exceeds the available bu�er capacity, then the
entire packet is dropped by the queue. De�ne �n
to be the n-th packet arrival time, so that the
jumps of At are precisely the times in the set
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f�n : n � 1g. Denote the corresponding packet
lengths by the random variables fSn : n � 1g,
where Sn � 1 is the length, in bytes, of the n-th
packet. Finally, let Wt be the bu�er occupancy,
in bytes, at time t 2 [0;1). Therefore, W�n is
the number of bytes in the queue immediately
after the n-th packet arrives.

B

R

Wt

Figure 2: Single-server FCFS queue with rate R
and bu�er size B.

The perceived QoS by a typical arriving packet
depends on the occupancy of the bu�er at the
time of arrival. If the arrival process is time-
stationary and ergodic, and the queue is stable,
then we can de�ne W� to be the occupancy of
the bu�er at a typical arrival time � . The QoS
depends on the stationary distribution F of W� .
From now on, we will assume that the tra�c is
stationary. We consider extensions to these al-
gorithms for time-varying tra�c in Section 7.

Under this model, we may compute all of our
QoS performance measures directly from F . The
loss rate, i.e., the fraction of packets that will
be dropped by the queue because of over
ow, is
de�ned as

L � Pr(W� > B) = 1� F (B):

Furthermore, the moments of the packet delay,
D, may be computed directly from F . In par-
ticular, the average packet delay, E[D], and the
delay jitter, V ar[D], may be computed from

E[D] =
1

R

Z
1

0
(1� F (x))dx

V ar[D] =
1

R2

Z
1

0
2x(1� F (x))dx� E[D]2:

Of course, F is an unknown distribution func-
tion. In the next section, we will see how these

QoS measures may be estimated by recomputing
the statistics above using a suitable distribution
function to approximate F .

3 Estimating the Bu�er Occu-

pancy Distribution

To estimate F , we rely on model selection tech-
niques [6]. First, we de�ne a set of parameter-
ized distribution functions that we will use to
approximate F . Second, we present an overview
of chi-squared estimation techniques. Third, we
present a collection of three estimation algorithms,
based on chi-squared �tting, that are used to �t
an approximate distribution to F . Lastly, we
suggest a suitable goodness-of-�t test based on
the chi-squared distribution.

3.1 Approximating Family of Distri-
butions

To approximate the distribution F , we consider
a collection of distribution functions on [0;1) of
the form

G(�; x) = 1�
JX

j=1

�je
��jx; x � 0

where � 2 � is a vector of real, non-negative
parameters given by

� = (�1; : : : ; �J�1; �1; : : : ; �J)
T

and �J � 1 �PJ�1
j=1 �j . We restrict �j 2 [0; 1]

and �j 2 [0; �max], for some �max > 0, so that �
is a compact subset of <2J�1. Moreover, G(�; x)
is continuous and in�nitely di�erentiable in �.
Let GJ = fG(�; x) : � 2 �g be the set of all
approximating distribution functions of F , for a
given J .

The set GJ is an appropriate collection of dis-
tribution functions to consider. In fact, if we
model the tra�c process into the queue, given
by (At; Sn), as a p-state Markov-modulated 
uid
source, then the distribution of W� is precisely a
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distribution function from Gp�1 [11]. Further-
more, large deviation results state that, for a
large number of users, the decay rate of the tail
distribution of W� is approximately exponential
[2]. This suggests that a single exponential (J =
1) will be su�cient for estimating the loss rate
of a large capacity FCFS queue. However, the
head of the queue may be quite dependent on
additional terms, so multiple exponentials may
be useful in estimating the delay statistics.

3.2 Chi-Squared Estimation

Given a set of n observations fW�i : 1 � i � ng,
we want to select the distribution function from
GJ that best approximates the empirical distri-
bution F̂ of these observations. That is, we �nd
G 2 GJ that minimizes �(G; F̂), where �(�; �)
quanti�es the disparity between two distribution
functions.

Instead of �tting to F̂ , we approximate F̂

with a histogram H , with K bins, of the obser-
vations. Thus, H is a quantized approximation
of F̂ that reduces the complexity of our estima-
tors. In fact, the �tting of H involves only K
equations, rather than the number of observa-
tions n. We lose some information when com-
puting H from F̂ , and an important question is
how to choose K, and the locations of the K
bins, that de�ne H .

The histogram is constructed as follows. Let
K � 2J be the number of bin thresholds we
choose to �t. The bin thresholds are chosen
beforehand, with the constraint that b0 � 0,
bK � B, and b0 < b1 < : : : < bK�1 < bK . Note
that the last bin counts the number of actual
losses from the queue. Typically, we will refer to
these bin thresholds in vector form:

b = (b1; b2; : : : ; bK)
T :

Furthermore, let fXn;n � 1g be a sequence of
f0; 1gK-valued random vectors, such that

Xn = (Xn;1; Xn;2; : : : ; Xn;K)
T

GJ

G(   )θ*

G(   )θn
^

F(b)

H (b)n

~NN~

Figure 3: Convergence of distribution functions.

and

Xn;k =

(
1 W�n � bk
0 otherwise

:

Then, Xn;k is the indicator of the event that
the number of bytes in the queue, after the n-
th packet arrival, is below the threshold bk. The
histogram, Hn(b), is simply the fraction of the
�rst n packets that arrive before each thresh-
old. Therefore, we may de�ne the k-th element
of Hn(b) as

Hn(bk) =
1

n

nX
i=1

Xi;k:

This is also F̂ evaluated at the threshold bk. The
random vectors fXn : n � 1g are not indepen-
dent. However, the number of packets that ar-
rive during distinct busy cycles are i.i.d. for each
particular bin. Using this property, one can show
that Hn(b)

a:s:�! F (b), and that

p
n (Hn(b)� F (b))

d�! N(0; C)

for some covariance matrix C � 0. Therefore,
the histogram Hn(b) is asymptotically multivari-
ate normal, with mean vector F (b) and covari-
ance matrix 1

n
C ! 0. Suppose that the closest

G(�) to F is G(��), and that the closest G(�)
to Hn is G(�̂n). Since Hn(b)� F (b) is approxi-
mately normal, we can expect G(�̂n; b)�G(��; b)
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and �̂n � �� to be approximately normal as well
(see Figure 3). Since the error is normally dis-
tributed, chi-squared estimation should be used
to de�ne �� and to estimate �̂n. Speci�cally, we
use the discrepancy measure �(G(�); F ) = �(�),
where

�(�) = (G(�; b)� F (b))T ~C�1(G(�; b)� F (b)):

Since C is positive semi-de�nite, the inverse may
not exist, so ~C�1 is an appropriate pseudo-inverse
of C. Furthermore, F and C are unknown, so
�(�) must be estimated with the empirical dis-
crepancy measure

�n(�) = (G(�; b)�Hn(b))
T ~C�1n (G(�; b)�Hn(b)):

Therefore, the minimum chi-squared estimator
of ��, based on the �rst n observations, is the
measurable function �̂n, where

�̂n = argmin
�2�

�n(�): (1)

Once we compute this estimate, the minimum
discrepancy estimate of F is then G(�̂n).

By the compactness of �, and the continuity
and almost sure uniform convergence of �n(�)
on �, the minimum discrepancy estimators f�̂n :
n � 1g exist, and

�n(�̂n)
a:s:�! �(��)

�̂n
a:s:�! ��

as n!1 [6] [5].

3.3 Estimation Algorithms and Crite-

ria

To compute �n(�), we need to compute Cn, and
we present three methods for doing this in this
section. The MLE approach computes Cn from
the sample covariance matrix. This provides an
unbiased estimate of C, but requires more com-
putation time and complexity within the mea-
surement device. To avoid this additional com-
plexity, we present two other estimators which

only require the histogram. However, they in-
troduce a bias into the �t. In the next three sec-
tions, we present each of these estimators, and
derive a suitable criterion for each.

3.3.1 Maximum Likelihood Estimation

The MLE approach uses an unbiased estimate
of the covariance matrix to estimate Cn in (1).
Therefore, in addition to the histogram, we also
require the computation of CMLE;n, the sample
covariance matrix of Hn(b). Since busy cycles
are i.i.d., the sample covariance matrix may be
computed from fXi : 1 � i � ng, provided that
the boundaries between busy cycles are known.
Suppose that the n-th packet is the last one to
arrive in them-th busy cycle of the queue. Then,
we can compute

CMLE;n =

�
n

m

�
�1

CY;m:

CY;m is the (unbiased) sample covariance matrix
of the random vectors Y1; Y2; : : : ; Ym, where

Yi = (Yi;1; Yi;2; : : : ; Yi;K)
T

and Yi;k is the number of packets in the i-th busy
cycle such that W�n � bk.

To develop a suitable criterion for the MLE
approach, we need to estimate EF [�(�̂n)], the
expected discrepancy under the distribution F .
If we assume that G(��) � F , then we may ap-
proximate this with

EF [�(�̂n)] � EF [�n(�̂n)] +
2J(J � 1)

n
:

That is, the expected discrepancy between G(�̂n)
and F is approximately the expectation of the
empirical discrepancy plus an error term due to
the variance of the empirical discrepancy. This
error term only depends upon the number of in-
dependent parameters and n. If one cannot as-
sume that G(��) � F , then the set GJ may be
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biasing the estimates in some other way. Heuris-
tically, this shows the penalty for increasing the
number of parameters, and suggests that, for a
small number of samples, a distribution from G1
will provide the best �t for most distributions.

In this case, a suitable criterion is therefore

n�n(�̂n) + 2(2J � 1): (2)

where �n(�̂n) is the discrepancy at time n. This
value is used to compare the quality of the �t
with respect to similar estimators.

3.3.2 Neyman IID Chi-Squared Estima-

tion

Unlike the MLE approach, the NCE uses a bi-
ased estimate of C in its discrepancy measure. If
we make the assumption that the random vectors
fXn : n � 1g are i.i.d., then we may approximate
Cn with the covariance matrix

CNCE;n =
n
Hn(bmin(k;l))�Hn(bk)Hn(bl)

: k; l = 1; : : : ; Kg :

Since the true correlation between bins over time
is positive, the asymptotic distribution of �(�)
is biased. However, our simulations show that
the bias is not signi�cant, and tends to estimate
a loss rate that is higher than the true one.

In this case, a precise criterion is di�cult to
�nd since the bias due to correlation between
samples is not known. Therefore, we use the
same criterion as in (2), except with the appro-
priate replacement of CNCE;n for Cn. For the
tra�c sources we simulated, the NCE approach
performed well enough to justify the reduction in
complexity. However, we expect that this di�er-
ence may be more profound for burstier sources.

In many situations, where the resource and
computation power of the measurement device
is limited, this bias is a small price to pay for
the reduced complexity of implementation. The
histogram may be used to compute all the nec-
essary statistics for the �t. Furthermore, the in-

verse can be computed analytically as a tridiago-
nal matrix, which reduces the computation time
considerably.

3.3.3 Pearson IID Chi-Squared Estima-

tion

The PCE is similar to the NCE in its approach,
except that Cn is computed from the previously
�tted distribution, rather than from the histogram
directly. The covariance matrix in this case is

CPCE;n =
n
G(�̂n�1; bmin(k;l)) � G(�̂n�1; bk)G(�̂n�1; bl)

: k; l = 1; : : : ; Kg : (3)

Again, we introduce a bias that is similar to the
NCE, and the criterion is the same. For measure-
ment devices with limited resources, this estima-
tor is as e�cient as the NCE. However, since (3)
involves the previously �tted distribution model,
the estimates tend to be more \smoothed" than
the other two approaches. That is, abrupt changes
in tra�c do not disrupt the estimates as signi�-
cantly as in the other two methods.

3.4 Testing Goodness of Fit

With the MLE, NCE, and PLE approaches, we
compute criteria based on chi-squared �tting. In
fact, we can also use the criterion in each case as
a chi-squared statistic to test the validity of our
�t. With each estimator,

�n(�̂n) � �2r

where �2r is a chi-squared random variable with
r = K � (2J � 1) degrees of freedom. For large
enough n, we can compute �n(�̂n) and compare
it to �2r using a lookup table.

For the MLE approach, this should provide
a good indicator of the quality of the �t. How-
ever, since the NCE and PCE approaches involve
some bias, the value for �n(�̂n) will be stochasti-
cally smaller than in the MLE case [7] [4]. That
is, if we use a �2r test with the NCE or PCE ap-
proach, then we may be lead to believe that the
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�t is better than it truly is. In any case, the �2r
statistic that we compute is only an approxima-
tion, and so other veri�cation techniques should
be considered as well.

4 Call Admission

In the previous section, we considered algorithms
for estimating the QoS parameters of the actual
tra�c from measurements of the bu�er occu-
pancy. For call admission, it is necessary to es-
timate the amount of additional resources avail-
able in the high-priority queue, so that new con-
nections may be added without violating the guar-
anteed QoS. Since the arrival process is given by
the aggregate connection (At; Sn), it is not pos-
sible to compute in advance how F changes as
new connections are added. However, it is possi-
ble to estimate the impact of adding a few more
connections by using a virtual queuing system
[3].

Suppose we are interested in estimating the
impact of � additional tra�c, i.e., the new dis-
tribution of W� if we were to simultaneously re-
place each user with 1 + � users. Then, if F =
F (0; B; R) is our original FCFS queuing system
with zero additional customers, then, for � small,

F (�; B;R) � F (0; B; R=(1+ �)):

To estimate F (�; B;R), we can instead estimate
F (0; B; R=(1+ �)) with a virtual queuing system
as shown in Figure 4. This is simply a queue
that runs in parallel with the actual queue, re-
ceives the same tra�c, but has a reduced trans-
mission rate of R=(1 + �) to simulate the e�ect
of fewer available resources. Any of the estima-
tion algorithms from the previous section may
be used to compute a suitable approximation for
F (0; B; R=(1+ �)), and then we can estimate the
QoS parameters for � additional tra�c from the
�tted distribution.

For reliable estimates of QoS, it is important
that � be kept small. However, it is also equally
important that � be large enough that it upper

B

R

Wt

B

R/(1+ε)

0

Wt
ε

Figure 4: Virtual queuing system for � additional
tra�c.

bounds the fraction of additional tra�c intro-
duced by the new connection. If one is unsure of
which � to use, then a suitable call admission re-
gion may be estimated using n > 0 virtual queu-
ing systems, with 0 < �1 < �2 < � � � < �n.

5 Implementation Issues

Implementation of these algorithms requires ad-
ditional hardware and software within the Net-
work Monitor.

5.1 Hardware Requirements

For K thresholds, precisely K + 1 counters, one
for each bin and one to count the total number of
packets, are required to compute the histogram.
We can compute the necessary statistics using
these counters so that precisely one counter must
be incremented after each packet arrival. Since
this must be done for each packet, the time it
takes to compute maxfbk : W�n � bkg, and then
to increment the appropriate counter, must be
much less than the packet interarrival time. For
the MLE approach, an unbiased estimate of C
must also be computed. This requires an ad-
ditional K(K + 1)=2 counters that must all be
updated after each busy cycle in the queue.
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5.2 Software Requirements

Assuming that we have collected a histogram
Hn(b), and in the MLE approach CMLE;n, then

we may compute �̂n using software within the
Network Monitor. To compute �̂n, we require
a weighted nonlinear least-squares optimization
algorithm to minimize �n(�). The weighting
depends on the particular estimation technique,
but generally involves the computation of a pseudo-
inverse of Cn. We compute the pseudo-inverse
for two important reasons. First, Cn is only pos-
itive semi-de�nite, so the inverse may not ex-
ist. Second, even if it does exist, Cn may be
ill-conditioned in the sense that one or more sin-
gular values are close to zero. To solve both these
problems, we compute the singular value decom-
position (SVD) [8] of Cn as

Cn = USUT ;

where U is a matrix of orthonormal basis func-
tions, and S is a diagonal matrix, with the sin-
gular values on the diagonal. Then, the pseudo-
inverse ~C�1n is

~C�1n = U ~SUT ;

where ~Sii = 1=Sii provided that Sii � stol, and
~Sii = 0 otherwise. The value of stol is the mini-
mum tolerated singular value. For the MLE ap-
proach, this requires that the SVD be computed
before every �t. However, for the NCE and PCE
approaches, we may exploit the structure of the
covariance matrix and compute ~C�1n analytically,
so only the singular values need to be checked.

Since G(�) is linear in � = (�1; : : : ; �J�1)
T

and nonlinear in � = (�1; : : : ; �J)
T , we require

an optimization algorithm that can minimize over
both types of parameters. Speci�cally, we use
separable regression, where a nonlinear optimiza-
tion routine iterates between �tting � and �. For
J > 1, the linear �t is accomplished by keep-
ing � �xed, and using a weighted linear least-
squares algorithm to compute �. The nonlinear

optimization routine is considerably more di�-
cult. Traditional optimization routines typically
fail for our particular choice of GJ when J > 1.
This is because the gradient matrix tends to be
ill-conditioned when two choices of �j are close
together [9]. To avoid this, we use a Simplex
Search algorithm developed by Nelder and Mead
[8] which does not require the �rst derivative.

To �nd an appropriate J to use in the �t,
we start with J = 1, compute the best �t, and
then try J = 2, and so on. Since J = 1 will
always succeed in �nding a best �t, a solution
will always be available. Although increasing J
inde�nitely may lead to a tighter �t, it does not
necessarily lead to a better estimate. With each
increment of J , the number of parameters to �t
increases by two. Using (2), it is possible to pre-
determine whether larger values of J are likely
to provide a better �t. In the end, the best �t
according to (2) is used to compute the QoS pa-
rameters of interest.

6 Simulations

To test our approach, we have implemented all
three estimators in software. We present simu-
lations for the single exponential case for esti-
mating the QoS parameters and an � = 5% call
acceptance region, which are presented below.

6.1 Estimating QoS Parameters

Let At have a Poisson distribution with rate �,
and Sn be exponential with rate �, for each n.
Then,

P (W� � x) � 1� e��(1��)x; 0 � x � B

where � = �
�R

. This requires that the loss rate
be L � 0 since B < 1 means that some pack-
ets will eventually be dropped from the queue.
Therefore, the QoS parameters in this case are

logL � ��(1 � �)B

logE[D] � � log(�R� �):
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Figure 5: Estimated loss rate for the MLE, NCE,
and PCE approaches.

In the simulations below, we use � = 840 pack-
ets/sec, 1=� = 100 bytes/packet, B = 10; 000
bytes, and R = 100; 000 bytes/sec. We chose
K = 8 thresholds, where

b = (300; 600; 1000; 1500; 2250; 3000; 5000; 10000)T :

Figure 5 and Figure 6 show the estimated loss
rate and average delay for the MLE, NCE, and
PCE approaches, averaged over 200 simulation
runs. Estimates were taken over 30 minutes, at
15 second intervals. In this case, the actual QoS
parameters are

logL � �6:95
logE[D] � �2:2

From the simulations, the estimates converge very
quickly, within a matter of a few minutes, to val-
ues that are very close to the true ones. That we
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Figure 6: Estimated average delay for the MLE,
NCE, and PCE approaches.

can estimate the QoS parameters reliably within
this amount of time is remarkable considering
that no packets are ever dropped, and the bu�er
is almost never more than half full. Further-
more, at least in this example, the MLE performs
only slightly better than the NCE and PCE ap-
proaches, and is certainly not worth the extra
complexity to implement.

For the histogram thresholds, we chose b some-
what arbitrarily. As one would expect, the speed
and accuracy of the estimates change withK and
with the choice of b. This suggests that dynamic
thresholding, i.e., adjusting the location of the
thresholds based on the estimate, may improve
these algorithms.

6.2 Call Admission

To demonstrate the performance of our algorithms
for call admission, we also estimated the impact
of � = 5% additional tra�c through the use of

9



0 200 400 600 800 1000 1200 1400 1600 1800
−5.4

−5.3

−5.2

−5.1

−5

−4.9

−4.8

−4.7

−4.6

Seconds

lo
g

1
0
(L

)

Estimation of the Loss Rate for 5% Additional Traffic

MLE Approach
NCE Approach
PCE Approach

Figure 7: Estimated loss rate for 5% addi-
tional tra�c using the MLE, NCE, and PCE ap-
proaches.

a virtual queue. Figure 7 and Figure 8 show
the estimated loss rate and average delay for the
MLE, NCE, and PCE approaches. In our exam-
ple, 5% additional tra�c corresponds to the rate
of At being increased to (1+ �)�. Therefore, the
actual loss rate and average delay would be

logL � �5:12
logE[D] � �2:07

if the tra�c were run through the actual queue.
In our simulation, the algorithms tend to un-

derestimate the actual loss rate with 10�5:3 in-
stead of 10�5:12, but this result is certainly ac-
ceptable for a call admission algorithm. If not,
better resolution could be gained by estimating
the QoS parameters for several choices of �, so
that the call admission algorithm can verify esti-
mates from multiple sources. On the other hand,
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Figure 8: Estimated average delay for 5% ad-
ditional tra�c using the MLE, NCE, and PCE
approaches.

the estimate of average delay is quite accurate,
and would certainly be su�cient for call admis-
sion.

7 Remarks

We have presented a collection of algorithms which
use on-line measurements to quickly and reliably
estimate QoS parameters for a call admission al-
gorithm. These algorithms overcome the prob-
lems of direct measurement through indirect es-
timation. Speci�cally, we show that �tting a his-
togram of the bu�er occupancy to a sum of ex-
ponentials can decrease the estimation time of
QoS parameters to within minutes.

Our analytic results rely on the stationarity
of the tra�c. However, actual network tra�c is
clearly not so. Therefore, we are currently inves-
tigating extensions to our algorithms for dealing

10



with time-varying tra�c. Most likely, collective
learning, where the Network Monitor associates
tra�c patterns with certain behavior, as well as
�ltering of estimates will be instrumental in our
approach. Furthermore, our simulations suggest
that we can improve the quality and convergence
rate of our estimates by dynamically choosing
thresholds.
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