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Abstract—This paper presents the use of adaptive bandwidth
control (ABC) for a quantitative packet loss rate guarantee to ag-
gregate traffic in packet switched networks. ABC starts with some
initial amount of bandwidth allocated to a queue and adjusts it
over time based on online measurements of system states to ensure
that the allocated bandwidth is just enough to attain the specified
loss requirement. Consequently, no a priori detailed traffic infor-
mation is required, making ABC more suitable for efficient aggre-
gate quality of service (QoS) provisioning. We propose an ABC al-
gorithm called augmented Fuzzy (A-Fuzzy) control, whereby fuzzy
logic control is used to keep an average queue length at an appro-
priate target value, and the measured packet loss rate is used to
augment the standard control to achieve better performance. An
extensive simulation study based on both theoretical traffic models
and real traffic traces under a wide range of system configura-
tions demonstrates that the A-Fuzzy control itself is highly robust,
yields high bandwidth utilization, and is indeed a viable alternative
and improvement to static bandwidth allocation (SBA) and existing
adaptive bandwidth allocation schemes. Additionally, we develop a
simple and efficient measurement-based admission control proce-
dure which limits the amount of input traffic in order to maintain
the performance of the A-Fuzzy control at an acceptable level.

Index Terms—Adaptive bandwidth allocation, fuzzy control,
quality of service (QoS).

I. INTRODUCTION

A. Background and Motivation

NETWORK users are demanding better quality of ser-
vice (QoS) guarantees for their traffic, which cannot

be achieved by means of per-flow QoS mechanisms due to
their lack of scalability. An answer to this challenge is an
aggregate class-based traffic management framework, such as
differentiated service (DiffServ) [1] proposed by IETF, which
helps mitigate the scalability problem. In this framework, the
issue of guaranteeing quantitative QoS at the aggregate traffic
level still remains. Specifically, traffic at an aggregate level
can be highly variable and unpredictable, which makes dimen-
sioning of network resources to provide the required QoS a
very difficult problem. Often, wasteful gross over-provisioning
of network resources is the only course of action, though this
is clearly not economically sustainable. A common approach
for a quantitative QoS guarantee is to use static bandwidth
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allocation (SBA) [2]–[4]. Under SBA, the input traffic is first
parameterized to fit some specific stochastic model and a fixed
amount of bandwidth that satisfies the required QoS under that
particular traffic model is then calculated. Upon each aggregate
flow arrival the calculated SBA is reserved at each node along
the path using some protocol such as RSVP. As such, any SBA
method requires that its relevant traffic parameters must be
known a priori. In addition, the calculated bandwidth can be
either overallocated or underallocated due to inaccuracies in
the assumed traffic model, parameter estimation and analytical
method used.

The question we address here is how to achieve a loss guar-
antee to aggregate traffic while achieving high bandwidth uti-
lization without knowing a priori detailed traffic information. In
order to achieve this objective we propose here an alternative ap-
proach to SBA, namely, adaptive bandwidth control (ABC). In
contrast to SBA, ABC starts with some initial amount of band-
width allocation and adjusts it over time to ensure that the allo-
cated bandwidth is just enough to attain a specified loss require-
ment. As a result, ABC has major advantages when compared
to SBA. Particularly:

• no assumption of a specific stochastic input traffic model
is required. Thus, there is no need for a priori traffic pa-
rameterization;

• since the control adapts over time to actual traffic condi-
tions, less bandwidth will be wasted due to overallocation,
thereby improving the network utilization.

ABC is the way we envision how quantitative QoS should be
guaranteed; users just simply supply their QoS requirements
(and possibly very minimal traffic information such as the ag-
gregate average transmission rate) without having to know what
traffic model to use, or without having to specify values of com-
plicated traffic parameters. Next, we describe the system model
under consideration and how exactly ABC is applied.

B. Model

Consider the output port of an output-queued switch, where
the port has an outgoing link capacity of bps. The port is
assumed to support QoS traffic classes and one best effort
(BE) traffic class, each of which has its own queue as shown
in Fig. 1. The objective is to guarantee a packet loss rate to
traffic in each QoS queue by properly allocating the amount
of bandwidth , with the constraint that

. Any unallocated bandwidth
is consumed by the BE queue. We will first focus on ABC for
a single queue with an unlimited link capacity to allocate, and
then describe extensions to the limited link capacity case and
the multiple queue and node case. A model of ABC for a single
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Fig. 1. Transmission link system model.

Fig. 2. Model of ABC for a single queue.

queue is depicted in Fig. 2. The bandwidth controller adjusts the
allocated bandwidth (service rate) at a time scale between the
packet level and the connection level (e.g., one tenth of second
to seconds) based on measurement of system states and mea-
sured traffic information (and possibly traffic prediction), such
that the loss requirement is achieved while maintaining a high
bandwidth utilization. In practice, the bandwidth is allocated in
discrete time instants rather than in continuous time.

C. Related Work

ABC algorithms have been developed to guarantee different
QoS metrics including the average queue length, packet delay,
and packet loss rate. However, the existing work on ABC for a
loss guarantee thus far has many shortcomings as detailed in our
survey paper [5]. Those based on simple linear feedback control
directly measure the packet loss to adjust the service rate [6],
[7] by means of integral control, and are slow to adapt in case
of nonstationary or highly dynamic traffic conditions, leading
to poor performance. Furthermore, the packet loss rate can be
a poor feedback variable because of its bursty nature and diffi-
culty in accurate measurement. In [8], we modified the integral
control in [6], which will be referred in here as I-control, and
developed a heuristic for the feedback gain tuning. Simulation
results presented in [8] have shown that the modified control
has significantly better performance than its original version.
The I-control will be briefly described in Section III and will
be considered in our comparative performance evaluation (Sec-
tion IV) with the fuzzy based control proposed in this work.

A loss rate guarantee could also be indirectly accomplished
by means of the average queue length control [9]. If a given

target loss rate can be mapped to an appropriate target queue
length, any ABC of the average queue length could be applied.
However, none of the existing work for queue length control
so far, appears to be effective, and the issue of the mapping be-
tween the target loss rate and the target queue length has to be re-
solved. Another approach for ABC is based on traffic prediction
which allocates bandwidth to match the predicted arrival rate
and, hence, results in negligible loss [10]–[14]. Except in [13],
this approach is primarily applied to compressed video traffic.
In this case, the bit rate in each frame typically varies from one
frame to another, and the bandwidth adjustment is made in a per
frame basis to match the varying frame rates. However, as shown
in [5], the prediction error can be large under aggregate traffic.
Furthermore, the resulting performance is difficult to quantify
and control, and one may still end up overallocating the band-
width.

D. Contributions

In this paper, we propose an ABC algorithm called aug-
mented Fuzzy (A-Fuzzy) control to guarantee a packet loss
rate. The control consists of two components, namely: A
fuzzy-based component and a augmented component. The
fuzzy-based component maintains the average queue length
at an appropriate target value to achieve a desired packet
loss rate by means of a fuzzy logic based controller. As will
be seen later, tracking the average queue length allows the
allocated bandwidth to adapt to the input traffic, resulting in
high bandwidth utilization. However, controlling the average
queue length is not always sufficient to maintain the loss rate
at a desired value because changes in the average queue length
can be too fast to track under heavily bursty and correlated
traffic, which can result in undesirable bursts of packets loss.
The augmented component deals with undesirable burst loss
by using the measured packet loss rate to adjust the allocated
bandwidth as needed between bandwidth adjustment instants
of the fuzzy-based component. As a result, the A-Fuzzy con-
trol essentially operates on two time scales. We note that
the fuzzy-based component can exist without the augmented
component, and we simply refer to the resulting control as
the Fuzzy control. However, its performance is inferior to the
A-Fuzzy control, which will be shown later in our performance
evaluation.

From an extensive simulation study, the A-Fuzzy control is
shown to be robust against a wide range of system parameters
(e.g., buffer size, target loss rate), input traffic types, and traffic
dynamic conditions, in the sense that a single set of control
parameters provides relatively good performance for a variety
of cases. Therefore, no further parameter tuning is required,
making it easily deployed in real networks. Additionally, we de-
velop a simple and efficient measurement-based admission con-
trol procedure for bandwidth allocation under the A-Fuzzy con-
trol, whereby only the mean input traffic rate is required from
users.

E. Outline

The remainder of this paper is organized as follows. In Sec-
tion II, we describe the A-Fuzzy control. The selection of the
control time interval as well as the mapping from a given target
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loss rate to the target average queue length (TQL) are also dis-
cussed. In Section III, we present the I-control, and briefly de-
scribe its properties as well as the gain tuning. In Section IV,
we present comparative performance evaluation results between
the proposed ABC algorithms and existing SBA methods. A va-
riety of input traffic scenarios are studied including self-similar
traffic, real traffic traces, and step input traffic. Additionally, the
sensitivity of the control performance to variations in the input
traffic characteristics is studied. In Section V, a simple and ef-
ficient measurement-based admission control procedure for the
A-Fuzzy control is developed for a single queue by applying the
performance results under a limited link capacity and the normal
approximation to the distribution of the allocated bandwidth.
Then, the extension to the multiple queue case is described in
Section VI. Lastly, in Section VII we summarize our results and
future research directions are given.

II. A-FUZZY CONTROL

This section describes the design of the A-Fuzzy control. The
control consists of two components—the fuzzy-based compo-
nent and the augmented component. The fuzzy-based compo-
nent uses a fuzzy logic controller to maintain the average queue
length between a lower threshold th and an upper threshold th,
or equivalently at some TQL, by dynamically adjusting the al-
located bandwidth (service rate). Methods to obtain the TQL
and the control time interval are discussed after the description
of the fuzzy-based component. In the augmented component,
the measured packet loss is used to correct the allocated band-
width calculated by the fuzzy-based component. This is done in
a smaller time scale than the control time interval to deal with
the impact of traffic burstiness and correlation that cause unde-
sirable packet loss. The control with only the fuzzy-based com-
ponent will be refered to as the Fuzzy control.

A. Fuzzy-Based Component

Under the fuzzy-based component, the allocated bandwidth
is adjusted at time instant , where is

held constant over . The length of is called
the control time interval, which needs not be a fixed constant.
Let be an average of the queue length in packets (including
the packet in service) seen by packet arrivals over the th in-
terval. Two state feedback variables are used. The first one is the
exponential weighted moving average (EWMA) of , given by

(1)

The value of is normally small (e.g., 0.1) to smooth out
sudden changes. The other feedback is the normalized change
in , given by

th th
(2)

Based on and , the change in the bandwidth is
determined, and is updated to at the end of the
interval.

Fig. 3. Membership functions for ^Q .

The main reason for considering fuzzy control is that it has
been shown to work well in systems for which no sufficient de-
tail is available to describe them mathematically, or the model
is so complex that it is not amenable to analysis. In our case,
the time-averaged queue length of a queue with ABC and
the amount of packet loss can be described by

and
, where is

the queue length at the beginning of time interval and
is the number of traffic arrivals over . We see that such
mathematical model is intractable to techniques in conventional
control theory.

Fuzzy control consists of three main steps—fuzzification,
inference, and defuzzification. In the fuzzification step, a real
number representing a feedback value is converted to linguistic
values, each of which characterized by its own membership
function. In the inference step, a set of rules called the rule-base,
which emulates the decision-making process of a human expert,
are applied to the linguistic values of the inputs so as to infer
the output (fuzzy) sets. These outputs are then defuzzified to
the actual control signal for the process. These steps will be
described in the following.

Fuzzification is the process of translating real number inputs
of each feedback to linguistic values. Five linguistic values are
defined for each feedback variable. For , its linguistic values

, are 1) very low, 2) low, 3) medium, 4)
high, and 5) very high, with the corresponding membership
functions shown in Fig. 3. The membership func-

tions are defined such that
where is the buffer size.

Similarly for , its linguistic values
, are defined as 1) high, 2) low, 3) zero, 4) low, and

5) high, with their membership functions shown in
Fig. 4. As before, the membership functions are defined such
that . Here, the member-
ship functions of have one tunable parameter , which in
our numerical results is set to 0.05. That is, we consider
as being low if it is about % of the threshold gap th th ,
and as being high if it is about % of the threshold gap. We
show later that fairly good control results are obtained without
any further tuning of the membership functions.

After the real number inputs are mapped to the linguistic
values through the membership functions in the fuzzification
step, the inference step decides which output control values
should be applied to the system by using a rule base. The rule
base is a set of rules that emulates the decision-making process
of the human expert controlling the system, which is where
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Fig. 4. Membership functions for �Q̂ .

TABLE I
VALUES OF x FOR RULE-BASE

heuristic information of how to achieve good control is system-
atically incorporated. In our case, we adopt a Sugeno-type fuzzy
control inference and the rule base is expressed in a form:

Rule IF is and is

THEN Change by % of

where is the average input traffic rate. From the rule base,
is the amount of change in the service rate due to rule . The
values of ’s are established based on insights of the queue
behavior. For example, if is low and is zero, then

should be a small negative value in order to decrease the
service rate and, hence, would likely increase . The values
of ’s selected for use are tabulated in Table I. Since may
not be known or may dynamically change over time, we use an
online measurement version of , denoted by . Therefore, the
absolute amount of bandwidth adjustment in the rule-base
actually changes with the average input traffic rate, enabling the
control to adapt to traffic dynamics. Here, the measurement time
period for is 10 000 packet arrivals, and the EWMA with the
weighting factor of 0.3 is applied to track dynamic changes.

In the inference step, we determine the change in the service
rate contributed by rule , denoted by , by weighting with
the term . In other words

If rule is not active, then will simply be zero because ei-
ther or , or both are zero. Due to the com-
plementary nature of the membership functions, the weights
from all the active rules sum to unity. Once the output con-
trol values ’s have been determined from the inference step,
they are combined in the defuzzification step to obtain as

, and is set to .

B. Control Time Interval Selection

Because the feedback used is an average of the queue lengths
seen by packet arrivals, the control time interval is the time
taken to obtain a required number of packet arrivals to calcu-
late the feedback. We next discuss a heuristic modified from
the concept of dominant time scale to select the control time
interval. The underlying idea is that the control time interval
must be less than the time scale that the input traffic correla-
tion affects the queueing performance. This time scale is known
as the dominant time scale . The study of the dominant
time scale in [15] under a single queue with a constant service
rate and stationary input traffic essentially reveals that such time
scale is an increasing function of the buffer size and depends
on the input traffic types. Our control time interval should be
less than to ensure effective control performance. Otherwise,
the control may be too slow to react to the input traffic. For a
queue having a constant service rate and fed by fractional
Gaussian noise (fGn) input traffic with mean rate , variance
coefficient , and Hurst parameter , the dominant time scale is

, where . How-
ever, the formula is valid only for fGn traffic. Given that we do
not want to assume any a priori information on the input traffic,
we come up with an approximation. Assuming that 0.9,
we have the approximation

(3)

In our case, since both and can change from one interval
to another, the number of required packets in each control time
interval becomes , where is
the server utilization in the th interval (exponentially weighted
with the weight of 0.3) and is the measured average arrival
rate.

The concept of dominant time scale used to derive above
is valid only in a queue with fixed capacity in a steady state. In a
queue with ABC, the system often stays in a transient mode and
may never reach a steady state due to varying . In other words,
the time scale of traffic correlation that impacts the queueing
performance under ABC can be much less than , and using
the above can lead to poor performance since it can be too
large. As a result, we bound to 10 000 samples to limit the
impact the approximation error in as well as to obtain a small
enough control granularity. Additionally, we cannot make the
control time interval arbitrarily small because the processing
overhead will become too high if the arrival rate is large, and
the average queue length widely fluctuates such that the control
does not effectively maintain the average queue length at the
target. In addition, bandwidth thrashing may occur under highly
fluctuating feedback. Therefore, we set the lower bound on
to 1 000 samples. As such, the required number samples in each
control time interval becomes

(4)

C. TQL Tuning

The remaining question is how to determine the TQL, de-
noted by , for the control objective from a given packet loss
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requirement . Given the TQL, the threshold pair th and th
discussed in Section II is given by

th (5)

th th (6)

where 0 is the buffer space between the two
thresholds in terms of the fraction of the buffer size. Here, we
set to 7% (or 0.07).

To eliminate the need for a priori input traffic characteristics,
the TQL is dynamically adjusted from some initial value to the
value that yields the target loss rate by using the loss feedback.
The TQL tuning is done repeatedly to keep the loss rate at a
desired value. Unlike the bandwidth adjustment process, a long
measurement interval for the loss feedback has no significant
effect on the TQL tuning process because the TQL adjustment
is performed over a much longer time scale. Note that, the use
of a measured loss rate will limit the range of achievable target
loss requirement because the long measurement time in cases of
small target loss rates will render the TQL tuning process slow
to converge. However, for medium to high target loss rates, i.e.,
those greater than , the tuning process is fast enough for our
purpose. Besides, an order of packet loss rate should be
sufficient for many QoS applications on the Internet (e.g., voice
over IP and video streaming), which can tolerate or is adaptive
to congestion conditions.

We choose the initial TQL based on a queueing
model, which requires no traffic parameters. From basic
queueing theory, the average queue length and in the

queue are related by .
This initial TQL value obtained from the approxi-
mation tends to be high because it is obtained from the tail
probability approximation and the packet interarrival time
is expected to be highly correlated instead of being IID as
assumed in the model. Because the actual input traffic
is likely to be more correlated, an initial TQL equal to
is used instead to provide a conservative approximation.

Next, we present an algorithm that adapts the initial TQL
to an appropriate TQL. The packet loss rate due to a currently
used TQL is measured over some number of packet arrivals
calculated from a standard statistical method as follows. If the
packet loss is in the order of , to get an accuracy of % of

at % confidence interval, one must observe the
number of packets of ,
where is the quantile of a unit normal variate.
Here we use 10 and a 95% confidence interval. The TQL
adjustment algorithm uses a simple multiplicative gain

as shown in Algorithm 1. The algorithm starts by ob-
serving packet arrivals to get a rough estimate of the packet
loss rate . The algorithm adjusts the TQL whenever 1.12
or 0.89 (line 5), and the average queue length has actu-
ally been kept between the target thresholds (line 11). The latter
condition prevents the TQL from being decreased to zero under
a sustaining high packet loss rate because of the failure to con-
trol the average queue length. The multiplicative factor of 0.2 in
line 6 governs how aggressive the adjustment is. Lastly, the gain

is bounded between and 0.5 (line 10) to prevent the TQL
from being changed too radically. After a new TQL is obtained,
the threshold pair for the control is set according to (5) and (6).

Another packet arrivals are then observed and the algorithm
repeats indefinitely.

Algorithm 1: TQL adjustment.

D. Augmented Component

Extensive simulation experiments have been conducted to ob-
tain results on the performance of the control with only the
fuzzy-based component as detailed in [8]. We report sample re-
sults with input traffic that is fGn with 10000 1, and

0.85, with the target loss rate . Fig. 5 shows the
sample paths of the EWMA queue length under the fuzzy con-
trol for 200 packets and 900 packets. It has been
found that, under a large buffer size 900 , the packet
loss within some interval can become large due to too low ,
and the average queue length will grow far beyond th during
that particular time interval. The reason is that average queue
length can fluctuate more widely when the buffer size is large.
This fluctuation in turn causes sudden increases in the average
queue length, which cannot be effectively handled by the fuzzy
control. According to the rule-base described earlier, the queue
length feedback at th and ten times of th would induce the
same amount of , which is 2.5% of the average arrival rate
(given that is high). Intuitively, the latter case should re-
quire a larger value of .

Evidently, controlling the average queue length by using
fuzzy control alone may not provide satisfactory loss perfor-
mance. We have to deal with the effect of bursty traffic on the
packet loss which would also reduce the sudden increases in
the average queue length. Our approach is to introduce the aug-
mented component, which performs asynchronous increases in
the allocated bandwidth when packet losses occur, in addition
to the bandwidth adjustment due to the fuzzy-based compo-
nent. In each control time interval , suppose that we expect

packets to arrive according to our control time selection
described previously. A series of asynchronous bandwidth
increases of %, i.e., % , are invoked if the
number of lost packets in the time interval reaches

(7)

which is an exponential type of threshold setting. That is, the
1st bandwidth increase is called for when packets losses
occur; the 2nd at ; and so on. For example, at
and 10000 1. If a single packet loss occurs, the
bandwidth is increased by % of the current value. Next, we
have 10. If another 9 packets are lost during that same
time interval (which results in a total loss of 10 packets), another
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Fig. 5. Sample paths of the EWMA queue length under fuzzy control with fGn traffic (� = 10000; a = 1; H = 0.85; " = 10 ).

% increase on the allocated bandwidth is made, and so on. If an
asynchronous bandwidth adjustment by the previous algorithm
has been made during the th interval, the current value of
will continue to be used in the th interval, and the amount
of calculated by the fuzzy-based component is ignored.
We note that the approach described previously is similar to the
one in [16], where the bandwidth adjustment can be made at
every fixed-length subinterval of length within each control
time interval. However, such periodic bandwidth adjustment is
ineffective because the adjustment instant may be triggered after
a large burst loss has already occurred.

For the sake of simplicity, we only consider the amount of in-
crease to be dependent on the buffer size. For small buffers,
the queue sees less bursty traffic due to the dropping effect of a
small buffer and, hence, a small increase in the allocated band-
width should be sufficient. On the other hand, as the buffer size
increases, the queue sees more bursty traffic and, hence, we re-
quire a greater amount of bandwidth increase. After some rough
trail-and-error tuning, we found that a linear interpolation of

2% and 5% from the buffer size of 30 to 900 packets pro-
vides reasonable performance, and will be used throughout.

E. Remarks on Control Parameters and Complexity

We have not attempted to tune the A-Fuzzy controller to pro-
vide optimal performance because this appears to be very dif-
ficult due to the many degrees of freedom associated with the
membership functions, rule-base, and the parameters thereof.
However, unlike other types of control, fuzzy control has been
known to be robust against its parameter selection because of its
rule base that smoothes out errors in the control signal. There-
fore, we believe that intuitive tuning of the fuzzy control param-
eters is sufficient, as confirmed by our extensive simulation re-
sults presented later. For example, from Table I, %
%. We found that doubling the range so that % %

and scaling the value of ’s in the table accordingly does not
provide a significant performance difference.

The amount of computation in the controller depends on the
number of rules, which in turn depends on the number of mem-

bership functions. Suppose there are membership functions
for and for . The fuzzification step requires
function calls to obtain the membership value of each function.
Each rule requires two multiplications in the inference step, and
the defuzzification requires additions. As such, the
computational complexity is on the order of .

III. INTEGRAL CONTROL USING LOSS FEEDBACK

This section explores a simple ABC based on integral control.
We have found that this type of control can perform surprisingly
well in some cases, but has not been investigated or reported
elsewhere. Let be a target loss rate that we want to achieve.
ABC based on integral control (I-control) of loss feedback is in
a form

(8)

where is the feedback gain, is the number of lost packets
over , and is the number of packet arrivals over

. This form of control is adapted from the one devel-
oped in [6] by modifying the decreasing gain to a constant
gain . With the decreasing gain, will converge to some
constant value, and has been shown in [5] to perform poorly in
achieving a given target loss rate because no longer adapts
after some period of time. On the other hand, using the constant
feedback gain allows the control to regularly adapt to dynamic
traffic conditions. The two parameters of the I-control are the
feedback gain and the control time interval , which is the
time duration of .

Although this I-control appears to be simple to use, optimal
values of and are difficult to determine because they may
change with the input traffic types, the target loss rate, and the
buffer size. In [8], we partially address the selection of based
on insights obtained from extensive simulation results on fGn
traffic. We have found that the optimal gain does not depend
on the buffer size and the average input traffic rate. Only major
results will be summarized here due to space limitations. By
fixing the second order statistics of the input traffic and the con-
trol time interval, we are able to numerically express the optimal
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gain only in terms of the target loss rate using extensive simu-
lation results to fit a regression model. Specifically, the optimal
gain is given by

(9)

Since this formula is valid only for a limited range of and for
a specific set of traffic parameter values, it will provide subop-
timal performance in other cases.

IV. PERFORMANCE EVALUATION

This section presents a comparative simulation study of three
ABC algorithms in a single buffer queue, including the Fuzzy
control, the A-Fuzzy control, and the I-control. SBA methods
will also be compared where possible. The simulation is imple-
mented using CSIM,1 a process-oriented simulation language
based on C. The performance metrics are the bandwidth utiliza-
tion and the deviation of the measured cumulative packet loss
rate from the target loss rate , measured by .

A. Traffic Descriptions

Extensive simulations have been conducted in [8] and [17] to
argue that ABC can be a viable alternative to SBA, for various
traffic types and scenarios. Here due to space limitations, we
summarize the results for the cases of fGn traffic and real traffic
traces only. Each traffic type is described in the following.

1) fGn Traffic: An fGn process exhibits long-range de-
pendent (LRD) behavior, a key feature of network traffic that
strongly impacts the network performance. An fGn traffic
source can be characterized by three parameters—the mean
rate , variance coefficient , and Hurst parameter .
The parameters and , respectively, represent the degrees
of burstiness and correlation in the traffic. The fGn traffic
generator based on fast Fourier transform described in [17] is
used.2

The main reason for using fGn traffic is that important statis-
tical traffic characteristics including burstiness and correlation
can easily be controlled, which is useful in examining the ro-
bustness of ABC algorithms. Two SBA methods for comparison
with ABC here are the Effective Bandwidth (EB) formula for
LRD traffic by Norros [18], and the maximum variance asymp-
totic (MVA) technique for a finite buffer [19]. The MVA tech-
nique is so far the most nearly accurate SBA method for aggre-
gate traffic. However, it is important to keep in mind that these
SBA methods require the knowledge of detailed traffic parame-
ters while ABC does not.

2) Traces Input: We also consider a traffic trace of IP-level
packets collected from measurement over a single ATM virtual
circuit connection at an access point.3 Since the entire trace it-
self lasts 24 hours, we excerpted from the two portions from the
entire trace which appear to have the highest traffic rate varia-
tion. We will refer to these two traces as Trace-1, which lasted
4 hours, and Trace-2, which lasted 8 hours. Both traces have

1http://www.mesquite.com.
2The slot size or time step of 5 ms and uniform arrivals within the bin are

used.
3The trace was obtained from University of Auckland Internet uplink in

Dec. 1999. The measurement work was supported by the NSF Grant no.
ANI-9 807 479 and the NLANR Measurement and Network Analysis group
under vBNS and Internet2 Abilene networks.

Fig. 6. Variance of arrival rate over mean rate at different time scale t.

a relatively low packet arrival rate ( Mb/s in average rate
and an average packet size of 596 B for Trace-1) but have a high
variance, as indicated by the plot of against in
Fig. 6. The value at which converges is equiva-
lent to the variance coefficient of the fGn traffic. As such, we
have for Trace-1 and for Trace-2, which is much
higher than the value used in the fGn traffic considered. How-
ever, aggregate traffic in a core network typically has a much
larger average rate than the trace considered here [20]. There-
fore, for each of the two traces, we construct an aggregate with
larger arrival rate by multiplexing many of its instances together,
each of which starts at a uniformly distributed time in the trace
and wraps around to the starting time.

3) Step Input: The step input is an abrupt shift in the mean
traffic rate either when a new aggregate joins the queue or an
existing aggregate departs the queue. It provides the worst-case
scenario and, hence, the worst-case response time and loss per-
formance. In our context, the response time is the time taken for
the allocated bandwidth to reach its new level, which is deter-
mined by visual assessment. We make no assumption that the
controller is aware of the step input due to new aggregate ar-
rivals or departures.

B. Simulation Results

Each simulation run lasts 2000 s unless explicitly mentioned.
The packet size distribution used in the fGn traffic is obtained
from real measurement in IP backbone networks, with the av-
erage value of 427 B.4 More specifically, 55% of packets is
40-B long, 15% is 576-B long, 12% is 1500-B long, and 20%
is between 40–1500 B long. The performance metrics are the
bandwidth utilization and the deviation of the measured cumu-
lative packet loss rate from the target loss rate , measured
by . Positive values of mean that the re-
sulting loss rate is higher than the target while negative values
of mean that the resulting loss rate is lower than the
target. Ideally, the best scheme would yield the highest band-
width utilization with equal to zero.

4http://advanced.comms.agilent.com/RouterTester/member/journal/JTC_003.
html.
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Fig. 7. Performance comparisons for fGn traffic (� = 10000; a = 1; H = 0.85); (" = 10 ).

Fig. 8. Performance comparisons for fGn traffic (� = 10000; a = 1; H = 0.85); " = 10 .

fGn Traffic: We set a baseline traffic configuration to
10 000 packets/s, 1, and 0.85. Sensitivity of the con-
trol performance to the traffic parameters will be discussed later.
Figs. 7 and 8 show the utilization and packet loss performance
over a range of buffer sizes under the baseline case, respec-
tively, for and . Except for a small buffer size (30
packets), the MVA method yields good utilization and a loss rate
that is lower than the target. These results are not surprising be-
cause the MVA method is derived under the Gaussian approx-
imation. Norros EB formula is also somewhat accurate when
the buffer is small but significantly overestimates the loss when
the buffer is large, leading to underutilization. Specifically, the
resulting packet loss rates are about two orders of magnitude
lower than the target at large buffers, and no loss at 900
packets, . Both A-Fuzzy control and I-control are able
to achieve higher utilization than the MVA approximation and
have good loss rates. However, the A-Fuzzy control has consis-
tently better performance than the Fuzzy control (and the I-con-
trol control), especially at a low target rate and large buffer size. Fig. 9. Utilization comparison for Trace-2 (" = 10 ).
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Fig. 10. Loss comparison for Trace-1 and Trace-2 (Buffer = 900 packets).

1) Trace Input: Fig. 9 shows the utilization of the I-control
and the A-Fuzzy control versus the number of multiplexed
traces, respectively, for Trace-2. The A-Fuzzy control achieves
better utilization in every case but its achievable loss rate
deviates from the target when the number of multiplexed traces
is less than 10 for Trace-1 and less than 30 for Trace-2 as
shown in Fig. 10. A higher number of Trace-2 aggregates are
needed because the arrival rate of Trace-2 has a higher variance.
However, this is not a serious problem because we expect the
A-Fuzzy control to operate in a core network environment,
whereby traffic has a large volume and is relatively smooth as
indicated by recent measurement of the Internet core backbones
reported in [20].

2) Step Inputs: Two types of step input are considered—step
increase and step decrease. The step increase traffic models the
effect of admitting a new aggregate in the queue, while the step
decrease traffic models the effect of aggregates departing the
queue. For the step increase traffic, we use the baseline case
of fGn traffic 10000 1 0.85 , with being
increased by 50% right after the simulation time has reached
2500 s. For the step decrease traffic, we use fGn traffic with

15000 1 0.85, with being decreased by 33%
at time 2500 s. The performance comparison will be made only
between the A-Fuzzy control and the I-control by looking at the
response time and the ability to satisfactorily maintain a packet
loss rate.

Fig. 11 shows the sample paths of the cumulative loss rate
for step increase and step decrease traffic with and

500 packets. In the case of the step increase traffic, a
sudden increase of the loss rate at the traffic shift instant oc-
curs in both controls, but the amount of increase in the I-control
is smaller. However, the A-Fuzzy control also has comparable
loss increase to the I-control while attaining better utilization
(0.912 versus 0.875). In case of the step decrease traffic, both
controls can maintain the packet loss rate at the target. How-
ever, the response time of the I-control is much longer as seen
from the sample paths of the allocated bandwidth in Fig. 12. In
this case, the I-control cannot keep up with the rapid decrease in
the input traffic due to its long response time caused by a linear

Fig. 11. Loss performance under step-input fGn traffic (" = 10 ; Buffer =
500 packets).

decreasing allocated bandwidth. Under the step decrease traffic,
the A-Fuzzy control is still able to keep up with the traffic, and
achieve the target loss rate while maintaining good utilization.

C. Discussion

According to the simulation results, ABC can attain a given
target loss rate with high utilization even without prior knowl-
edge of the input traffic. Among the three ABC algorithms in-
vestigated, the A-Fuzzy control consistently provides the best
utilization compared to the other two, which can be explained as
follows. With large buffers, bursty traffic causes a highly fluc-
tuating buffer content that cannot be effectively controlled by
the Fuzzy control (i.e., the fuzzy-based component), resulting
in a number of rapid increases in the average queue length and,
hence, a loss rate somewhat above the target. With the A-Fuzzy
control, the effect of bursty traffic is dealt with through the aug-
mented component (by rapidly increasing the allocated band-
width) and, thus, the average queue length under the A-Fuzzy
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Fig. 12. Allocated bandwidth under step decrease fGn traffic (Initial � = 15000 packets/s, a = 1; H = 0.85); " = 10 ;Buffer = 500 packets.

Fig. 13. Performance comparison between I-control and A-Fuzzy control over a range of variance coefficient a(" = 10 ).

control is better controlled. As such, the A-Fuzzy control can
achieve utilization as good as that of the Fuzzy control while
achieving a better loss rate. Under less bursty traffic arrivals or
small buffer size, both Fuzzy and A-Fuzzy controls are practi-
cally the same because the augmented component does not play
a significant role.

Compared to the I-control, the A-Fuzzy control can achieve
better utilization because it allocates the bandwidth that closely
tracks the input traffic (with the fuzzy-based component) while
the I-control has an approximately linear bandwidth decrease,
as shown in Fig. 12. As the target loss rate reduces, in the
I-control also reduces (from ), leading to an even
slower response time. Also, the gain is not optimal because
it was optimized for a specific input traffic type as previously
discussed in Section III. On the other hand, the A-Fuzzy control
has a control structure that can incorporate heuristic information
to the control and smooth out any control error, making it robust
over a wide range of system configurations.

In most of the traffic scenarios, the A-Fuzzy control yields a
loss rate lower than the target at small buffer sizes, higher than

the target at medium buffer sizes, and right at the target at the
largest buffer size. We believe that this behavior is attributed to
the parameter settings in the augmented component, namely, the
amount of bandwidth increase and the loss threshold to adjust
the bandwidth. Nevertheless, we have shown that the parameter
settings based on intuition can still give good performance on
different input traffic types and system configurations.

D. Sensitivity Analysis

This section will illustrate the robustness of the A-Fuzzy con-
trol and the I-control with respect to changes in the burstiness

and correlation of the fGn traffic. We conduct exper-
iments to see how parameters and affect the performance
of the ABC algorithms. The mean arrival rate will be fixed to
10 000 packets/s. In Experiment I, we fix 0.85 and vary
from 1 to 21. In Experiment II, we fixed 1 and vary from
0.6 to 0.95. In these cases, we allow the control to operate in
a relatively long period of time so that the control performance
reaches its steady-state behavior. Fig. 13 plots the loss rate and
utilization performance for Experiment I at the buffer size of 200
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Fig. 14. Performance comparison between the I-control and the A-Fuzzy control over a range of Hurst parameter H(" = 10 ).

and 900 packets. We can see that the A-Fuzzy control provides
loss performance as good as the I-control does, but with higher
utilization. Note that both the A-Fuzzy control and the I-control
still yield a loss rate that somewhat deviates from the target at
high values of . In those cases, it has been found that the TQL
becomes very close to zero, and the average queue length cannot
be effectively maintained at such a small target queue length.
Therefore, the achievable performance of both the A-Fuzzy con-
trol and the I-control are limited when the input traffic is heavily
bursty. Fig. 14 plots the loss rate and utilization performance for
Experiment II at the buffer size of 200 and 900 packets. Similar
to Experiment I, the A-Fuzzy control can achieve the target loss
rate with better utilization than the I-control. Note that in Ex-
periment II, both controls effectively achieve the target loss rates
over a wide range of , implying that traffic correlation has less
impact on the control performance than burstiness does.

V. ADMISSION CONTROL IN SINGLE QUEUE

Thus far, we have considered only ABC in a single queue
with no constraint on the capacity to allocate. In real networks,
there exists a limit on the bandwidth resources imposed by the
maximum link capacity or some administrative policy. This ca-
pacity limitation necessitates the use of admission control on the
input traffic to ensure that the bandwidth is sufficient to main-
tain or achieve the required loss performance. In case of SBA,
the amount of required bandwidth is calculated at the instant of
connection arrivals. A newly arriving aggregate flow is admitted
only if the sum of the required bandwidth of the arriving flow
and those of existing flows does not exceed the available band-
width. Such an admission control procedure is not directly ap-
plicable to ABC because the allocated bandwidth under ABC is
time-varying by its very nature. We propose that the admission
control problem under ABC could be solved by decomposing
the problem into two steps.

• The first step is to investigate the relationship between
the degree of QoS degradation and the bandwidth viola-
tion due to a limited link capacity. With such knowledge
available, we can quantify how much bandwidth violation

Fig. 15. Loss rate under limited link capacity for fGn traffic (� = 10000; a =
1; H = 0.85).

ABC can tolerate while retaining an acceptable level of
QoS.

• The second step is to discover the impact of admitting new
aggregates with respect to the bandwidth violation.

By combining these two steps, the admission control in ABC
can be exercised successfully.

A. Impacts of Limited Link Capacity

Denote as a random variable representing the allocated
bandwidth under no capacity constraint, i.e., . We
start by determining the empirical distribution of from 10
runs. Then, different percentiles of as well as its average
value are used as . Fig. 15 plots the packet loss rates versus

for the A-Fuzzy control under fGn traffic. We can see that
minor bandwidth violation has no severe impact on the loss per-
formance. Setting to the average of does not signifi-
cantly increase the packet loss rate. In most cases, we note that
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Fig. 16. A-Fuzzy Control: Empirical distributions of allocated bandwidth
under no capacity constraints for a multiplex of 30 Trace-1 traces (" = 10 ).

the loss performance is acceptable even if decreases to the
90th percentile of .

B. Relating Input Traffic to Bandwidth Violation

We have seen previously that ABC can tolerate a small
degree of bandwidth violation without noticeable QoS degra-
dation, e.g., the 95th percentile of should be less than

. Therefore, we only have to admit traffic such that the
allocated bandwidth by ABC will stay below with a
high probability. Given the required information on the input
traffic (obtained from either user declaration or from online
measurement), we relate them to the statistical behavior of
the allocated bandwidth and then determine the bandwidth
violation probability.

Fig. 16 shows the empirical statistical distribution of (ob-
tained from a sample path of from 5 runs) for a multiplex
of 30 Trace-1 traces (described in Section IV). The similar be-
havior is also obtained for the case of fGn traffic and an ag-
gregate of Parato ON-OFF sources (not shown here due to space
limitation). Therefore, for all the traffic types considered, the as-
sumption that is approximately normally distributed is jus-
tified, even though the underlying traffic generation process of
each source is non-Gaussian. This result can be explained intu-
itively by the fact that the input traffic rate process on the aggre-
gate level is approximately normal [20], [21], and the A-Fuzzy
control allocates a bandwidth that closely tracks the input traffic.
According to the previous observation, we model due to the
A-Fuzzy control with a normal distribution having a mean and
a variance . Note that even if may not be exactly normal,
we argue that some degree of model accuracy can be traded off
for simplicity.

Next, we relate the mean rate of a new aggregate to .
Let be the estimated bandwidth utilization of the queue at the
time of the aggregate arrival. We estimate that the new aggregate
would require a bandwidth of

(10)

Fig. 17. Plot of a normal distribution superimposed on the histogram of C
for fGn traffic (Buffer = 500 packets; " = 10 ).

Note that (10) underestimates if the new aggregate causes the
overall traffic to the queue to have higher burstiness, and overes-
timates otherwise. Assuming that does not change signif-
icantly after the new aggregate has been admitted, the estimated
allocated bandwidth due to the addition of the new aggregate is
normally distributed with mean and variance .

C. Admission Control Algorithm

We define the risk of bandwidth violation as the prob-
ability that due to the A-Fuzzy control exceeds the limit

. Then

where is a standard normal variate. The value of to be used
as a requirement must be selected carefully. The results for the
limited link capacity from the previous chapter show that ABC
can easily tolerate a bandwidth limit equal to the 95th per-
centile of . Consequently, we suggest that 0.05 should
be sufficient. At 0.05 1.645, the admission
control test to admit the new traffic aggregate becomes

(11)

The last question is whether and that are estimated
from online measurement are accurate enough to be used when
the controller operates in a limited link capacity. Fig. 17 plots
parameterized normal distributions superimposed on the his-
togram of the allocated bandwidth under a limited link capacity
for fGn traffic ( 95th percentile of ). The figure
reveals that even though the mean and variance of the fitted
distribution are parameterized from the allocated bandwidth
under the limited capacity case, the histogram appears as if
they are a truncated version of the fitted distribution. Table II
shows the mean and variance of the allocated bandwidth under
the limited link capacity for the previous case, together with
the percentiles of the fitted distribution as well as the actual
bandwidth limits . We see that the percentiles of the fitted
distribution closely match the actual . However, we found
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TABLE II
PARAMETERS OF THE FITTED NORMAL DISTRIBUTION AND ITS PERCENTILE (IN

MB/S) UNDER A LIMITED LINK CAPACITY

that this is true only if is set at high percentiles (90th or
95th) of , which fortunately is within the range that we are
concerned with. Consequently, we can estimate and of
from the allocated bandwidth under a limited link capacity.

The admission control procedure for a single queue case with
the capacity limit is summarized as follows. The values
of , and the bandwidth utilization
are obtained through online measurement and reset after a new
aggregate is admitted or an existing aggregate departs the queue.
At each aggregate arrival instant where the aggregate declares its
mean rate of , we determine the average bandwidth required
by the new aggregate from (10). Using , and obtained
above, we check to see if (11) holds. If not, the new aggregate is
rejected. Otherwise, the new aggregate is admitted to the queue.

D. Simulation Results

In order to investigate the admission control algorithm perfor-
mance, a preliminary simulation study under various heteroge-
neous traffic conditions is conducted. In the simulation model,
the link capacity is set to 155 Mb/s. The aggregate con-
nection arrival process follows a Poisson distribution with mean
rate connections per second and exponential holding time of

900 seconds. The offered load to the queue is controlled
by varying . We set to 15, the buffer size to 900 packets
and the target loss rate is . The offered load is set to
a high value so that we can obtain a relatively accurate blocking
rate.5 The following experiments are conducted.

• Exp. I: Heterogeneous fGn Each aggregate is fGn with
different parameters. To model traffic heterogeneity,
the parameters of each aggregate were randomly se-
lected from uniform distributions: Mb/s,

, and . The performance
is measured by the connection blocking rate and the
packet loss rate performance. The simulation time lasts
60 000 s and 0.05 is used.

• Exp. II: Heterogeneous In this case, there
are two types of aggregates. The first type is of heteroge-
neous fGn traffic described in Experiment I. The second
type is constructed from Trace-1 (from Section IV), where
each aggregate is a group of Trace-1 traces where the
number of traces in the group is randomly drawn from

. Each trace in the aggregate starts at a uniformly
distributed time in the trace and wraps around until the
connection holding time is reached. We set the connec-
tion arrival rate of each aggregate type to 8 so that both
traffic types contribute an equal amount of load.

590% confidence intervals at the relative precision of less than 10% are ob-
tained in each experiment.

• Exp. III: Traces In this case, only Trace-1 is used. Each
aggregate is constructed from Trace-1 the same way as
described in Experiment II.

Fig. 18 plots the sample paths of the allocated bandwidth and
the cumulative loss rate for Exp. II (The plots for those of Exp.
I and Exp. II are similar, so we show only the results of Exp. II
here.) We can see that the packet loss rate can be satisfactorily
maintained at the target under the proposed admission control
independent of whether the input traffic is fGn or comes from a
mix among different heterogeneous traffic types. For Exp. I, the
connection blocking rate is 20.5%. Under the same simulation
setting, using the MVA approximation (which is the most accu-
rate static allocation method developed in the literature so far)
yields a connection blocking rate of 42.7%. The link utilization
(an average of the allocated bandwidth over the link capacity) is
0.84 for the A-Fuzzy control and 0.92 for the MVA approxima-
tion. This means that the A-Fuzzy control not only accepts more
aggregates but also uses less link bandwidth than the MVA ap-
proximation. For Exp. II, the connection blocking rate is 21.8%.
For Exp. III, the connection blocking rate is 12.6%. The lowest
connection blocking rate in Exp. III suggests that the allocated
bandwidth under the input traffic constructed from Trace-1 has
the lowest variance. This result implies that although an indi-
vidual Trace-1 trace has a very high rate variance as shown in
Fig. 6, multiplexing a large number of Trace-1 traces results in
traffic that is smoother than fGn traffic whose parameters are se-
lected according to Exp. I.

VI. ADMISSION CONTROL IN MULTIPLE QUEUES

In general, we have a multiple queue scenario as shown previ-
ously in Fig. 1. In each queue, aggregate flows arrive and depart
over time. The dynamic of aggregate arrival process can repre-
sent the aggregate merging in the sink-tree model [13], whereby
many aggregates can be merged at some node in the network
and are carried in the same path to the destination. The merging
is equivalent to admitting a new aggregate into the queue. The
number of queues can be fixed or varied.

The constraint for bandwidth allocation in the multiple queue
case is . To handle this constraint, we define
a global variable and assign its initial value as .
Then, at a bandwidth reallocation instant for queue where
the bandwidth controller has calculated the amount of change in
the allocated bandwidth (which can be either positive
or negative), the controller first checks if .
If so, the bandwidth adjustment of is granted to queue

and is updated to . Otherwise, the bandwidth
adjustment of is granted to queue and is updated to .
Each queue can perform the previous process independently. In
cases of more than one queue trying to update simultaneously,
the order of updates is chosen randomly.

A. Fixed Number of Queues

Each queue will have an independently allocated capacity
limit , which is assigned according to the blocking proba-
bility constraints on the connection level. Also, each queue has
its own bandwidth controller and admission control module that
operate independently. Therefore, the admission control proce-
dure for a single queue developed in the previous section is di-
rectly applicable. Particularly, each queue is assigned a hard
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Fig. 18. Experiment II: Allocated bandwidth and loss rate of the A-Fuzzy control under a mixed of heterogeneous fGn traffic and real traces with a limited link
capacity and admission control.

capacity limit such that , which allows
us to apply the admission control in a single queue case pre-
viously developed to each queue independently. However, one
minor drawback to this approach is that it does not consider the
correlation of the allocated bandwidth among the queues. For
example, there can be a time when the allocated bandwidth of
queue reaches its capacity limit while the available capacity
for queue is large, but cannot be used by queue . By allowing
the available bandwidth for queue to be used by queue , we
expect that a better loss rate performance could be achieved be-
cause there would be less frequent bandwidth violations. How-
ever, the performance improvement may be only marginal be-
cause the probability of allowable bandwidth violation ac-
cording to the admission control for a single queue is already
small.

B. Varying Number of Queues

In this case, queues varied by being dynamically created and
destroyed respective to each aggregate arrival and departure, and
each queue will be relatively long-lived compared to the time
scale of bandwidth adjustment. This scenario can represent a
VPN application, whereby a new queue is set up in response
to the request of some particular VPN user. There may not be
prespecified hard capacity limits for each queue. As such, the
connection blocking probability cannot be guaranteed to each
queue. According to the queue dynamics, there are two levels
of admission control. The first level is the admission control
to admit new aggregates to the existing queues, referred to as
the aggregate-level admission control. The second level is the
admission control for a request to set up a new queue, referred
to as the queue-level admission control. We describe here only
the aggregate-level admission control. The queue-level case is
outlined in [8].

Let be a set of queues currently set up on the link with
capacity and . We can assume that the bandwidth

allocated to queue is approximately normally distributed
with a mean and a variance . Next, we relate the mean rate

Fig. 19. Simulation setting for the multiple queue case.

of a new aggregate to by using an approach similar to
that described in Section V. Let be the estimated bandwidth
utilization of queue at the time of the aggregate arrival. We
estimate that the new aggregate would require the amount of
bandwidth of and, thus, the minimum capacity limit
required by queue is . The idea behind the
admission control here is that the sum of the minimum capacity
limits required by each queue must not exceed the link capacity
after the new aggregate is admitted. The minimum total capacity
limit required by all the other queues is

. Therefore, the admission control condition is

(12)

Under the admission control (12), the statistical multiplexing
gain is lost because the minimum capacity limit is computed
independently. Observe that the total allocated bandwidth at any
time instant is the sum of and, hence, normally distributed
with mean and variance . We thus
estimate that a new aggregate arrival to queue would require
the amount of bandwidth of as described earlier.
Then, the total allocated bandwidth is approximately normally
distributed with mean and variance . This leads to the
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Fig. 20. Allocated bandwidth and loss rates in a three-queue scenario with admission control (C = 622 Mb/s).

admission control condition that takes into account a statistical
multiplexing gain

(13)

To investigate the performance of this admission control
scheme, a simulation study of three queues sharing the same
link is conducted, as depicted in Fig. 19. The loss rate guaran-
teed by Queue 1 and Queue 3 is , and for Queue 2.
Each queue also has different buffer sizes (200, 500, and 900
packets) so that the variance of the allocated bandwidth would
be different, i.e., the queue with the higher buffer size will have
the higher variance. The link capacity is set to 622 Mb/s. The
aggregate connection arrival to each queue follows a Poisson
process with a mean rate connections per second and a
holding time of 900 s. The offered load to each queue is
controlled by varying . Each aggregate is fGn traffic. Traffic
heterogeneity is modeled by randomly selecting the parameters
of each aggregate from a uniform distribution
Mb/s, , and . The performance
is measured by the connection blocking rate and the packet
loss rate performance of each queue. The simulation time lasts
60 000 s and 0.05 is used.

Fig. 20 plots the sample path of the total allocated bandwidth
for 15 and the cumulative loss rate of each queue. We
can see that the target loss rates are met in every queue. Further-
more, the result indicates that the admission control is efficient
because the total allocated bandwidth stays sufficiently close to
the link capacity (622 Mb/s) and, hence, has a high link utiliza-
tion. The connection blocking rates in this case are 1.4%, 1.2%,
and 0.8%, respectively. Under the MVA approximation for ad-
mission control, the connection blocking rate of each queue is
approximately 10%.

VII. CONCLUSION

Existing bandwidth allocation techniques to guarantee a
packet loss rate to aggregate traffic require detailed statistical
information of the traffic, which is inconvenient and frequently

infeasible for users to come by. We considered the use of ABC,
which dynamically adjusts the allocated bandwidth based on
state information obtained from online measurement to achieve
a given loss rate requirement. Therefore, no prior detailed traffic
information is required. An ABC algorithm based on fuzzy
control, called A-Fuzzy control is proposed. The algorithm
uses fuzzy control to keep the average queue length at some
appropriate target value such that the desired loss rate would
be achieved, and also incorporates the measured packet loss
information to correct the allocated bandwidth at a smaller time
scale to cope with undesirable packet losses. Our extensive per-
formance evaluation on different traffic types, buffer sizes, and
dynamic conditions, has shown that the A-Fuzzy control pro-
vides better utilization than existing static allocation methods in
most cases. In addition, the A-Fuzzy control is highly robust in
the sense that the same set of control parameters from intuitive
settings works well in most cases considered, including both
theoretical traffic models and traffic traces from operational
IP networks. Also, based on the normal approximation of the
allcated bandwidth, we developed a simple and efficient mea-
surement-based admission control procedure for both single
queue case and multiple queue case. Simulation results have
shown that high link utilization under such admission control
procedures is attained.
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