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ARCH-based Traffic Forecasting and Dynamic
Bandwidth Provisioning for Periodically Measured

Nonstationary Traffic
Balaji Krithikaivasan, Yong Zeng, Kaushik Deka, and Deep Medhi

Abstract— Network providers are often interested in providing
dynamically provisioned bandwidth to customers based on pe-
riodically measured nonstationary traffic while meeting service
level agreements (SLAs). In this paper, we propose a dynamic
bandwidth provisioning framework for such a situation. In order
to have a good sense of nonstationary periodically measured
traffic data, measurements were first collected over a period of
three weeks excluding the weekends in three different months
from an Internet access link. To characterize the traffic data rate
dynamics of these data sets, we develop a seasonal AutoRegres-
sive Conditional Heteroskedasticity (ARCH) based model with
the innovation process (disturbances) generalized to the class
of heavy-tailed distributions. We observed a strong empirical
evidence for the proposed model. Based on the ARCH-model, we
present a probability-hop forecasting algorithm, an augmented
forecast mechanism using the confidence-bounds of the mean
forecast value from the conditional forecast distribution. For
bandwidth estimation, we present different bandwidth provision-
ing schemes that allocate or deallocate the bandwidth based on
the traffic forecast generated by our forecasting algorithm. These
provisioning schemes are developed to allow trade off between
the underprovisioning and the utilization, while addressing the
overhead cost of updating bandwidth. Based on extensive studies
with three different data sets, we have found that our approach
provides a robust dynamic bandwidth provisioning framework
for real-world periodically measured nonstationary traffic.

Index Terms— Nonstationary traffic, Autoregressive condi-
tional heteroskedasticity, Probability-hop forecasting, Heavy-
tailedness, Bandwidth provisioning

I. I NTRODUCTION

In this paper, we attempt to address the following question:
can we determine an effective dynamic bandwidth provi-
sioning mechanism in a nonstationary traffic environment
where measurements are collected periodically, say, every
few minutes? Such an adaptive scheme is of importance to
network providers in providing virtual services to customers
while meeting service level agreements (SLAs) so that network
providers can effectively allocate their resources to different
customers. Such virtual services can be either based on the
pseudo-wire concept or the virtual path concept in a packet-
based network environment. There are two key issues to
consider in answering this question: 1) any specific stochastic
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property of the traffic may not be available, 2) predicted band-
width should not over-estimate (waste) too much and should
avoid under-estimation (starvation) as much as possible; the
starvation would certainly be based on service level agree-
ments. An additional issue to consider is that the bandwidth
update should not be frequent enough so that highsignaling
cost due to the bandwidth updates can be avoided. In general,
a bandwidth update request in a network involves exchange
of control messages as well as making appropriate entries in
the provisioning and/or the billing system—this overhead is
required to be minimized, if possible, and is referred to as the
signaling cost here. We focus our work for a single customer’s
nonstationary, yet periodically measured traffic date rateon an
end-to-end basis without any routing involved; that is, we are
addressing dynamic provisioning at the time scale of minutes
on a single virtual link basis.

It is well-known that network traffic has a cyclical behavior
with a 24-hour cycle (while other seasonal variation from week
to months are possible). In terms of bandwidth provisioning,
an extreme case will be to consider the maximum traffic in
a 24-hour period and determine the bandwidth needed based
on this maximum traffic estimate; certainly, this will cause
bandwidth update only once every 24 hours and the signaling
cost is minimized to once-a-day update; on the other hand, the
unused bandwidth other than during high traffic windows is
under-utilized which could have been allocated, for example,
to other customers supported in the same underlying network
by the network provider. Thus, the end goal of this work is
to develop a more accurate, dynamic bandwidth provisioning
framework that can adapt to short-term traffic fluctuations
(on the order of minutes) while adhering to the data loss
(minimize starvation), utilization (reduce overprovisioning),
and the signaling cost constraints.

There is limited work on understanding network dynamism
in defining control strategies for dynamic bandwidth provision-
ing. Most such schemes in the literature are rooted on models
that assumes that the nature/dynamics of the traffic is known.
For example, there have been works [18], [6], [19] based on
the Markovian assumption on the traffic flow arrival process
for dynamic virtual path management in ATM networks.
Groskinsky et. al [13] have investigated adaptive bandwidth
control schemes for time-dependent Poisson traffic using a
point-wise stationary fluid-flow approximation technique.In
addition, for time varying traffic within an ATM virtual
circuit, a hidden Markov model-based bandwidth estimation
for future time interval has been proposed [1]. However,
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none of these works consider a generically measured periodic
traffic data and how to do predictive bandwidth estimate. The
interest for generically measured data is further necessitated
by the work on network traffic measurements documenting
that Poisson models may not be appropriate for Internet traffic
[21], and that the traffic over varied time scales exhibits
self-similar properties and shows long range dependencies;
for example, see [17]. Thus, it is important to consider the
lack of the characterization of traffic dynamics/behavior as
a factor in determining adesirable and a more accurate
predictive bandwidth provisioning scheme which can be useful
to network providers in meeting service level agreements with
their customers.

To develop an adaptive bandwidth provisioning scheme and
check its effectiveness, it is imperative that we use actual,
measured data from a real-world environment. Toward this
end, the collected measurements from the Internet link that
connects the University of Missouri–Kansas City to MOREnet
for connectivity to the rest of the Internet (”UMKC measured
data”) was found to be a good source of nonstationary,
periodically measured data, especially due to our proximity to
work with the campus network administrators. It may be noted
that the packet level measurements of Internet traffic on a link
collected on the granularity of minutes (say, averaged every
5 minutes) exhibit nonstationary, sometimes chaotic behavior;
this observation is consistent with the findings reported in[17].
In such environments, statistical time series based techniques
seem useful in practice. In particular, AutoRegressive Inte-
grated Moving Average (ARIMA) time series models have
been found to be appropriate in modeling nonstationary data
traffic [12], [20] as well as in modeling time varying telephone
traffic [8]. In our earlier work [16], we have considered an
ARIMA model based on eight hours of data to characterize the
traffic data rate and have proposed an augmented forecasting
mechanism over the conventional Minimum Mean Square
Error (MMSE) forecast for traffic prediction, in order to do
dynamic bandwidth provisioning.

One of the issues that has not been addressed in [16] is to
identify the ARIMA parameter re-estimation window. This is
rather important since it is quite possible that the estimates of
ARIMA parameters may change over a longer time duration.
On further investigation, this was found to be true when a
longer time window than eight hours was considered; see
Appendix I. Thus, over time, such inadequacies can induce
undesirable correlation in the innovations (noise terms) of the
model which in turn affects the forecasts generated. Further-
more, the form of the model may change at times, due to
the highly changing nature of the underlying traffic dynamics
over, say 24 hours. Since the bandwidth prediction for the
next time window depends heavily on the forecast generated
from the ARIMA model, it is essential to address this issue in
developing a more accurate bandwidth provisioning scheme.
In essence, on further detailed investigation of the UMKC
measured data (including additional data sets), it was observed
that the measured data rate ishighly nonstationary of the
second order, having non-constant conditional variance.

Thus, our goal has been to develop a more robust model
of the measured, periodic data overcoming these inadequacies

that arise over time. In this regard, we sought out to char-
acterize the traffic data rate behavior over a 24-hour window
based on a history of 10-day measurements (only the week
days). The intuition here is to take into account thetime-of-the-
day effect that is evidential from the collected measurements
(see Fig. 1). This periodic effect can be easily incorporated
in to ARIMA models by including multiplicative or additive
seasonal autoregressive components. However, we made two
interesting observations from the measurements that require
augmentingthe ARIMA model with additional components.

In the process of transforming the raw measurements into
a stationary time series, we have noticed a clustering phe-
nomenon in the resulting series (see Fig. 3). In other words,
a large (small) noise term of either sign tends to follow by
a large (small) noise term of either sign; Such an observa-
tion indicates the presence of non-zero correlation of second
moments (square) of the innovation process. Consequently,the
innovations of the underlying ARIMA model are no longer in-
dependent, but they are merely uncorrelated. To accommodate
this behavior, a more accurate model than ARIMA became
necessary. In this respect, a class of models calledAutoRe-
gressive Conditional Heteroskedasticity (ARCH) modelsused
in Econometric modeling was found to be appropriate; ARCH
models have been first introduced by Engle [11] to model
time series with conditional non-constant variances, however
with finite unconditional variance (in the asymptotic region).
Since its introduction, considerable work has been done in the
past two decades to integrate these models in the traditional
ARIMA framework, especially for Econometric modeling.
For excellent surveys on ARCH models, see [3], [4]. The
observed non-constant conditional variance of traffic datarate
can be explained by the inherent dependence of the amount of
Internet activity (file uploads/downloads, number of websites
accessed) on the time-of-the-day. Our other observation iswith
regard to the distribution of the noise/innovation processof the
underlying ARIMA model. Based on the residuals, we found
the distribution of the innovation process to depart significantly
from normality, i.e., we found them to be relatively heavy-
tailed rather than normally distributed. This behavior canbe
due to the heavy-tailed nature of the file size distribution being
downloaded over Internet as reported in [9]. To accommodate
this phenomenon into the innovation process of the model,
we have introduced the choice of the Student-t distribution
where the degree of heavy-tailedness can be controlled by the
number of degrees of freedom. To summarize, in this paper,
we present a new model of the periodically measured data
which is an additive seasonal ARCH-based model with the
innovation process generalized to the class of heavy-tailed
distributions. Our conception is that such a model can, in
general, be applicable in other network traffic environments.

Since our goal is to do dynamic bandwidth provisioning
based on periodically measured nonstationary traffic, our next
step is to generate forecasts using the proposed data model.
Toward this end, we present an improved version of the
probability-hop forecasting algorithm, first presented in[16].
We have developed this algorithm in an attempt to reduce
the number of forecast misses as compared to the MMSE
forecast. To accomplish our end goal of bandwidth provision-
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ing, we map the forecast generated from the algorithm into a
bandwidth requirement using various bandwidth quantization
schemes. It can be argued that in the case of unpredictable,
sudden high peaks that can arise occasionally due to non-
regular traffic such as denial-of-service attacks, our approach
tends to predict higher than the expected bandwidth for the
next time window; this may not be desirable to do so in
order to limit/restrict the bandwidth access to the non-regular
traffic. Our scheme has a provision to limit the maximum
allowable change in the bandwidth requirement from one time
window to the next so that a network provider can impose such
restrictions, if needed.

The rest of the paper is organized as follows. An overview of
ARCH-based models is presented in Section II. In Section III,
we describe the measured data sets used in our study followed
by the statistical model identification. The MMSE forecast
scheme is summarized in Section IV. We then present our
modified probability-hop forecasting algorithm in SectionV,
showing effectiveness of the probability-hop forecast scheme
as compared to the MMSE forecast scheme. Next, we de-
scribe several quantized bandwidth provisioning schemes in
Section VI. Finally, in Section VII, we present evaluation
results of our bandwidth provisioning framework followed by
summary.

II. OVERVIEW OF ARCH-BASED MODELS

The general form of AutoRegressive Integrated Moving
Average model, ARIMA(p, d, q), for an observable random
variablezt can be given as follows:

zt =

p+d
∑

i=1

ϕizt−i +

q
∑

k=1

θkεt−k + εt (1)

where {ϕi}p+d
i=1 and {θk}qk=1

are the autoregressive and the
moving average parameters, respectively. Here,p stands for
the autoregressive order,d for the order of differencing, and
q for the moving average order. The innovation (disturbance)
variable,εt, is assumed to be an independent and identically
distributed normal random variable with mean0 and variance
σ2. Thus,E[ε2

t |Ft−1] = σ2 whereFt−1 includes all the past
information up to and including timet−1, i.e., the innovation
variance is time independent.

The ARIMA model with conditionally heteroskedastic dis-
turbances can be given by extending model (1) to allow the
conditional variance ofεt to change over time. In addition to
p + d + q parameters from the ARIMA model, conditionally
heteroskedastic extension of orderm introduces additional
m + 1 parameters. An ARIMA(p, d, q)-ARCH(m) model can
be expressed as follows:

zt =

p+d
∑

i=1

ϕizt−i +

q
∑

k=1

θkεt−k + εt (2a)

εt = ηt

√

ht (2b)

ht = α0 +

m
∑

k=1

αkε2
t−k (2c)

where ηt is assumed to be an independent and identically
distributed normal random variable with zero mean and unit

variance. The additionalm + 1 parameters are{αi}mi=0. Note
that disturbances,εt, are assumed to be uncorrelated but
not independent (higher moments may be correlated) unlike
model (1), i.e.,E[εtεt−1] = 0 and E[ε2

t ε
2
t−1] 6= 0. Under

the given assumptions, it follows then that the conditional
distribution of εt, given the past information up to and
including time t − 1, is normal with mean0 and variance
ht (time dependent).

These models can be further extended with additive or
multiplicative seasonal components to take into account the
periodic effect that may arise at times in a stochastic time
series. The multiplicative seasonal models require a special
structure on the underlying time series while the additive
seasonal models are direct extensions. In particular, additive
seasonal models can be treated as special cases ofsubsetmod-
els where, in addition to the lag-dependency at neighboring
points on the time axis, it includes parameters at those lags
that are integer multiples of some periodT . Thus, if there
exists a periodic effect with periodT in the underlying time
series, (2a) can be replaced with

zt =

p+d
∑

i=1

ϕizt−i +

s
∑

j=1

φjzt−jT +

q
∑

k=1

θkεt−k + εt (3a)

where{φj}sj=1 are additive seasonal autoregressive parameters
with s being the seasonal autoregressive order; all other
components of the model are the same as model (2).

For some observable time series, it may be the case that the
conditional distribution of (εt|Ft−1) follows a more general
distribution (non-normal) from the class of symmetric distribu-
tions. For instance, to accommodate heavy-tailedness observed
in network traffic, it deemed suitable to consider (εt|Ft−1)
to be Student-t distributed with scaleMt and ν degrees of
freedom; then, model (2) becomes:

zt =

p+d
∑

i=1

ϕizt−i +

s
∑

j=1

φjzt−jT +

q
∑

k=1

θkεt−k + εt (4a)

εt = ηt

√

Mt (4b)

Mt = ht

(ν − 2

ν

)

(4c)

ht = α0 +

m
∑

k=1

αkε2
t−k (4d)

whereηt is Student-t distributed with unit scale,ν degrees of
freedom, andm is the ARCH order. It may be noted that the
conditional variance ofεt remains atht. It is well known that
asν →∞, the Student-t distribution approaches the standard
normal distribution; in fact, the scale parameter,Mt, in (4b)
approachesht asν →∞. Thus, model (2) can be considered
as a special case of model (4).

III. ARCH M ODEL FITTING FOR MEASUREDDATA

A. Data sets

The measurements are collected on the Internet link con-
necting the University of Missouri-Kansas City to MOREnet
(an Internet Service Provider) based on Multi Router Traffic
Grapher (MRTG), a tool for monitoring traffic load on network
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Fig. 1. Data set I: 10-day view

links [22]; these measurements represent the data rate of the
traffic from outside world to UMKC averaged over every 5-
minute interval (granularity). We have grouped the measure-
ments into three data sets referred to as data set I, data set
II and data set III. Each data set spans measurements over
24-hours for 15 days, excluding weekends and any holidays
as our interest is to model for the weekday behavior. The
measurements were collected in the months of September,
November and December of year 2003. In Table I, we present
the average and the standard deviation of the maximum data
rate and the minimum data rate observed for each day over
the first ten days in each data set (see also Fig. 1); the first ten
days’ data were used in determining the parameters’ estimates
and then, test our model for the next five days.

TABLE I

DATA SETS (UNITS: BYTES/SEC)

Min. Data rate Max. Data rate
Avg. Dev. Avg. Dev

Data set I 143,543.9 91,470.93 3,869,781.7 1,008,676.05
Data set II 155,606.2 52,854.91 3,888,929.5 784,254.87
Data set III 150,372.5 53,542.56 3,375,274.0 409,973.24

B. Model Identification

First, we have averaged three successive sample points (of
5 minutes each) of the collected measurements to obtain the
data rate over every 15-minute interval. Our intent behind this
aggregation is under the assumption that a network provider
may not want to do bandwidth updates more frequently then
every fifteen minutes; this also gives us one-step prediction to
look out for the next fifteen minutes. Note that this is done
for the purpose of our study and the ARCH model presented
is quite general. Over ten days, we thus consider 960 samples
for model identification in each data set with 96 samples per
day. In general, we denote the sample size per day usingT ;
for this study,T happens to be 96. Fig. 1 shows a view of
15-minute aggregate data rate observed in data set I spanning
ten days. A similar coarse-level behavior is observed in the
other two data sets as well.

The first obvious observation from Fig. 1 is the evidence
of the time-of-the-day effect. In a wider sense, the data rate
behavior over any given weekday is similar to that of any other
weekday. However, we have observed a few noticeable peaks
on some days in the data sets. For example, relatively higher
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peaks can be observed on day 1, day 6 and day 8 than the
rest in Fig 1. These peaks result in outliers (data points that
are extreme relative to the rest of the sample) that can distort
the innovation distribution as well as the statistical estimates
of the parameters of the resulting model. Nevertheless, these
outliers are genuine and essential in characterizing the traffic
dynamics since they might arise due to, for example, some
course submission deadlines to be met by students (which
happens frequently) in an academic environment. Thus, we do
not eliminate them in our analysis; rather, we transform the
aggregated time series using the natural logarithmic transfor-
mation. Such a transformation is shown to be quite effective
in stabilizing the data points (free of outliers). In fact, this
stabilization effect can be clearly observed from Fig. 2 for
data set I. Later, our goodness-of-fit results indeed confirm
the transformation to be appropriate for the data sets. Ifzt

represent the aggregated time series (15-minute interval)then
the log-transformed series is referred to aswt, i.e.,wt = ln zt.

Following Box-Jenkins’ homogeneous nonstationarity as-
sumption [5], we obtain the first-difference of serieswt. On
investigating the stationarity of the resulting series based on
the auto-correlation function, we have observed a slow decay
of the autocorrelation at integer multiples of seasonal lagT .
Consequently, we do further difference of the first-differenced
series at seasonal lags to obtain a new seriesyt. That is, series
yt is given as follows:

yt = (wt − wt−1)− (wt−T − wt−T−1). (5)

For illustration of seriesyt for data set I, see Fig. 3. Evidently,
the mean of seriesyt appears to be stationary; however, on a
closer look, we can observe the presence of clustering of large
values and small values. In other words, the underlying large
innovations and the small innovations of seriesyt are clustered.
This clustering effect arises from the strong dependence of
the innovation variance at any given sample point over the
innovation variance of past sample points, i.e., innovation
variance is correlated. Such a dependency can be modeled
by including a conditionally heteroskedastic component inan
ARIMA model. In fact, (2b) - (2c) precisely captures such a
clustering behavior.

In time series modeling, the distribution of forecasts gen-
erated relies critically on the distributional assumptionof
the underlying innovations (disturbances). It is a common
practice to impose the normality assumption on the innovation
distribution following the central limit theorem. However, the
validity of the central limit theorem depends heavily on the
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chosen asymptotic region. In fact, the innovation distribution,
at times, follows a more general distribution from the class
of symmetric distributions; this means that Gaussian assump-
tion on the disturbances might lead to an inadequate model.
We found that for our data sets, the normality test on the
residuals proposed in [15] showed a strong disagreement on
the Gaussian assumption. In addition, we found the sample
kurtosis (a measure of tail behavior) to be around 5.0 revealing
the heavy-tailed nature of the series. Thus, we consider the
choice of the Student-t distribution to characterize the distur-
bances in our modeling exercise. Since, the degrees of freedom
of the Student-t distribution is also estimated from the time
series data through the maximum-likelihood estimation, the
applicability of the Student-t distribution for the innovation
process can be quite general here.

To summarize, we propose a model of the form (4) to
characterize the dynamics of seriesyt. For the statistical
model identification, we used SAS, a well-known software
package [23]. Based on the auto-correlation and partial auto-
correlation function, we investigated various candidate models.
Using Akaike Information Criterion (AIC) [2], Bayesian In-
formation Criterion (BIC) [5] and the likelihood ratio tests, we
have found appropriate choices ofp, s, q andm to be 4, 2, 0
and 1, respectively, for all the data sets leading to a consistent
fit with reference to model (4). Note thats = 2 implies a
strong seasonal dependence ofyt on yt−T and yt−2T . Thus,
our seasonal ARCH model foryt takes the final form:

yt =

4
∑

i=1

ϕiyt−i +

2
∑

j=1

φjyt−jT + εt (6a)

εt = ηt

√

Mt (6b)

Mt = ht

(ν − 2

ν

)

(6c)

ht = α0 + α1ε
2
t−1. (6d)

Sinceyt is already a differenced series,d is not considered
explicitly in (6). The unknown parameters of model (6)
are: {ϕi}4i=1, {φj}2j=1, α0, α1 and ν. These parameters are
estimated based on the sample maximum likelihood function
conditioned on the first10T observations; see [14, Chapter 21]
for more details. The estimates of all the parameters along with
their t-values are listed in Appendix III. It may be noted that
the estimates ofα1 and ν are highly statistically significant
from zero (i.e., at the 99% confidence level to reject the null
hypothesis that they are zero). Thus, the ARCH effect and the

heavy-tailedness are justified. To evaluate the goodness offit
of the chosen statistical model for the data sets, we conducted
the generalized portmanteau tests as well as the non-parametric
rank tests proposed in [10]. The major advantage of these test
statistics against the conventional Ljung-Box test statistic [5] is
that they can be applied to non-normal time series as well. The
p-values of chi-square statistics were in the range of 35%-50%
(for all the data sets) confirming the adequacy of the chosen
model. Such a well-fit statistical evidence set a solid empirical
foundation for the forecasting and the bandwidth provisioning.

IV. MMSE FORECASTCOMPUTATION

In this section, we discuss MMSE forecast computation
before presenting the probability-hop forecasting methodin
the next section. We will follow the convention that we have
information up to timet − 1 and our aim is to forecast for
time t. That is, we only consider a one-step forecast here in
order to make use of the observations as soon as they are
available. For example, for the specific data sets studied, the
one-step prediction from the model translates to the expected
bandwidth requirement over the next 15 minutes.

It is known that for any class of distributions with fi-
nite second order moments, the minimum mean square error
(MMSE) forecast of a future observationyt can be given by
the conditional expectationE[yt|Ft−1]. The distribution ofεt

is irrelevant for such a derivation. Recall that seriesyt from (6)
is a differenced and a transformed series of the actual series
zt. Using the relation (5) andwt = ln zt, we can rewrite (6a)
in terms ofln zt as follows:

ln zt =

5
∑

i=1

χi ln zt−i +

T+5
∑

j=T

χj ln zt−j +

2T+1
∑

k=2T

χk ln zt−k

+

3T+1
∑

s=3T

χs ln zt−s + εt (7)

where χ’s can be computed from the estimates ofϕ and
φ. Since we are interested in forecastingzt’s to be used
by our bandwidth provisioning subsystem (discussed later in
Section VI), it is imperative to derive the conditional expected
value of zt from wt. Sincewt = ln zt, the forecast ofzt is
given byE[ewt |Ft−1], the moment generating function (MGF)
of the conditional distribution ofwt. It is evident from (7)
that the conditional distribution ofwt|Ft−1 follows a Student-
t distribution. However, it is not possible to derive an exact
expression forE[zt|Ft−1] from E[wt|Ft−1] since the MGF
of the Student-t distribution is not well-defined. Thus, we
propose here, the following approximation for the expected
value of one-step ahead forecasts

E[zt|Ft−1] ≃
(

1 + χ′
1 ln zt−1 +

5
∑

i=2

χi ln zt−i (8)

+

T+5
∑

j=T

χj ln zt−j +

2T+1
∑

k=2T

χk ln zt−k +

3T+1
∑

s=3T

χs ln zt−s

)

zt−1

whereχ′
1 = χ1 − 1; the derivation is shown in Appendix II.

In most cases, we found the error due to the first order
Taylor approximation to be negligible. Henceforth, we refer
to E[zt|Ft−1] from (8) as the MMSE forecast forzt.
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V. M ODIFIED PROBABILITY-HOP FORECASTING

The MMSE forecast, by definition, does not differentiate
between the positive and the negative deviation from the
unknown true series value of the future. In other words, the
MMSE forecast is unbiased about the direction of the devia-
tion. However, from the bandwidth provisioning perspective,
forecast miss (under-forecast) is more undesirable than the
over-forecast. Hence, there is a need to augment the MMSE
forecast insomeway to reduce the number of forecast misses.
Our approach involves considering the probability limits (de-
rived from the conditional forecast distribution) as well as
the forecast errors from the last two periods. We consider the
two recent forecast errors based on the assumption that in a
dynamic traffic context, these errors reflect the transient nature
of traffic dynamics well. Below, we present a modified version
of an algorithm from our previous work [16].

Let ẑt−1(1) denote the one-step forecast ofzt at timet−1.
Then, the confidence limits (probability limits) of̂zt−1(1) for
model (6) can be given as follows (see Appendix II for details):

zt(±) = ẑt−1(1)± t
ν,

β

2

√

Mtzt−1 (9)

wheret
ν,

β

2

is the deviate from the Student-t distribution withν

degrees of freedom corresponding to the100(1−β/2)% limits.
We define three curves: Upper Probability Curve (UPC), Exact
Forecast Curve (EFC) and Lower Probability Curve (LPC)
with their values at timet given asẑt−1(1) + t

ν,
β

2

√
Mtzt−1,

ẑt−1(1) and ẑt−1(1)− t
ν,

β

2

√
Mtzt−1, respectively. Note that

EFC represent the MMSE forecast curve. Fig. 4 shows EFC,
UPC and the LPC for 90% probability limits along with the
actual measurements for part of Day-11 for data set I. The
observed valuezt has been found to stay with in the 90%
probability limits most of the time.

A. Algorithm

The fundamental idea behind the probability-hop forecast
algorithm is to increase thesensitivity of the forecasttoward
sudden rise/drops by hopping among the UPC, the EFC and
the LPC values at each forecast instant in an attempt to
reduce the number of forecast misses as well as to reduce
the extent of over-forecast. The curve on which the effective
one-step forecast value (probability-hop forecast) fallsat each
time instant is decided based on the gradient of the weighted
sum of the two most recent forecast errors with respect to
sensitivity quantum. We define the sensitivity quantum in terms

of bandwidth units. In particular, it represents a fractionof the
total available bandwidth in the system. By taking into account
the weighted sum of two recent forecast errors in deciding the
effective forecast, we can conservatively address the sudden
spikes and declines that cannot be effectively dealt otherwise.
In order to be more flexible with the degree of sensitivity
toward spikes and declines, we definesensitivity-up-quantum
andsensitivity-down-quantumrespectively rather than a single
parameter. A positive weighted forecast error is measured
against sensitivity-up-quantum whereas a negative weighted
forecast error is measured against sensitivity-down-quantum.
We refer to the forecast curve generated by the probability-
hop forecast algorithm as the Probability-hop Forecast Curve
(PFC). We have observed that the PFC value conform to the
EFC value in regions that are not punctuated by high system
perturbations, thus giving a good, close fit to the time series.
However, if a sudden spike (decline) occurs, PFC will hop
from EFC to UPC (LPC) in the next forecast instant. Without
loss of generality, we set the significance level of gradientto be
1.0 in order to initiate a shift in the corresponding direction. A
higher (lower) significance level can be achieved by increasing
(decreasing) sensitivity-up(down)-quantum.

For clarity, notations used in the probability-hop forecast
algorithm are summarized in Table II. In addition, we include

TABLE II

NOTATIONS

∆Su Sensitivity-up-quantum (input parameter)

∆Sd Sensitivity-down-quantum (input parameter)

PFt Probability-hop forecast for timet made at timet − 1

et One-step probability-hop forecast error at timet (zt −PFt)

γt Weight associated with the probability-hop forecast errorat
time t (0 ≤ γt ≤ 1)

ϑ Weighted sum of the two recent probability-hop forecast
errors

β Critical value to derive100(1 −
β

2
)% limits of one-step

forecast distribution (input parameter)

UB and LB as upper and lower bounds on the system band-
width, respectively. The formal description of the probability-
hop forecast mechanism is presented in Algorithm 1. The
version presented here differs from the one presented in [16]
in two aspects. First, if PFt−1 was at the UPC value, it will
remain at the UPC value at timet if the gradient evaluated at
time t is still greater than zero; if the gradient at timet is less
than zero, PFt will shift to the EFC value. This adjustment in
the algorithm further reduced the number of forecast misses
without increasing the overall minimum mean square error
significantly. Second, an adaptive mechanism is introduced
here to determine convex weights,γt−1 andγt−2, associated
with forecast errors as compared to fixed values,γt−1 = γt−2

= 0.5, used in [16].
The role of convex weights,γt−1 and γt−2, that satisfy

γt−1 + γt−2 = 1 is to achieve smoothing of probability-
hop forecast errors. It is evident from Algorithm 1 that the
choice of these weights play a crucial role in controllingϑ and
thereby, creating the shift among the three forecast curves. Our
adaptive approach to determineγt−1 andγt−2 is described in
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Algorithm 1 MoPHForecast(∆Su, ∆Sd, β, UB, LB)
PFt−2 ← ẑt−3(1); PFt−1 ← ẑt−2(1)
while true do

et−2 ← zt−2 − PFt−2; et−1 ← zt−1 − PFt−1

γt−1 ← ComputeWeights(t− 1, et−1, et−2)
γt−2 ← 1.0− γt−1

ϑ← et−1γt−1 + et−2γt−2

EFCt−1 ← ẑt−2(1); EFCt ← ẑt−1(1)
UPCt−1 ← ẑt−2(1) + t

ν,
β

2

√

Mt−1zt−2

UPCt ← ẑt−1(1) + t
ν,

β

2

√
Mtzt−1

LPCt−1 ← ẑt−2(1)− t
ν,

β

2

√

Mt−1zt−2

LPCt ← ẑt−1(1)− t
ν,

β

2

√
Mtzt−1

if ϑ ≥ 0 then
if ϑ

∆Su
≥ 1.0 then

if ((PFt−1=EFCt−1 or PFt−1=UPCt−1) and UPCt ≤
UB) then

PFt ← UPCt

else
PFt ← EFCt

else
if (PFt−1=LPCt−1 or PFt−1=EFCt−1 or (PFt−1 =
UPCt−1 and UPCt > UB)) then

PFt ← EFCt

else
PFt ← UPCt

else
if ϑ

∆Sd
≤ −1.0 then

if (PFt−1=EFCt−1 and LPCt > LB) then
PFt ← LPCt

else
PFt ← EFCt

else
PFt ← EFCt

t← t + 1
end while

the next section.

B. Adaptive Determination of Weights:γt−1 and γt−2

From (23) in Appendix II, the conditional distribution of
one-step forecast error at timet is given by

zt − E[zt|Ft−1] ∼ Student-t(0,Mtz
2
t−1, ν) (10)

It follows that the conditional distribution of one-step
probability-hop forecast error at timet is also Student-t
distributed with scaleMtz

2
t−1 and ν degrees of freedom.

However, the mean of such a distribution is zero only if PFt

falls on the EFC value. Otherwise, the mean will be less
than or greater than zero depending on whether PFt falls
on the UPC value or the LPC value, respectively. Using the
knowledge of the conditional error distribution, we obtainthe
weights as follows:

1) If et−1 is the one-step probability-hop forecast error
observed at timet − 1, we compute the area, to be
denoted byat−1, that is enclosed between−|et−1| and

|et−1| from the conditional distribution. Similarly, we
compute areaat−2 for et−2.

2) Setγt−1 =
at−1

(at−1 + at−2)
, and thus,γt−2 = 1− γt−1.

This step isComputeWeights(·) in Algorithm 1.

C. Algorithm Parameters:∆Su, ∆Sd and β

We now discuss three crucial parameters,∆Su, ∆Sd and
β, that are input to Algorithm 1.

It may be recalled that both∆Su and ∆Sd represent a
fraction of the maximum available bandwidth in the system
except that we associate a direction with it. It follows from
the definition that as we increase∆Su (∆Sd), the sensitivity
of the PFC toward the UPC (LPC) decreases. Consequently,
the PFC will follow the EFC closely. On the other hand, as
we decrease∆Su (∆Sd), the PFC becomes highly sensitive to
the transient network dynamics, thereby, capturing most ofthe
sudden spikes (declines). As a result, the PFC will oscillate
among the EFC, UPC and the LPC much more frequently
leading to an increase in the mean square error of forecasts.
Thus, a match between a low mean square error and a desired
level of sensitivity is sought in the selection of the sensitivity
quantum in each direction.

It is evident from Algorithm 1 that parameterβ determines
both the UPC and the LPC. The range of values forβ could
be set to any value from 0.1 to 0.99; the smaller the value,
the larger will be the difference between the EFC and the
UPC/LPC. Thus, a larger mean square error (MSE) will be
observed than that of using EFC. At the same time, smaller
values ofβ reduces the number of forecast misses. As a result,
the choice ofβ can be guided by a desired balance between
the fractional increase in the MSE and the fractional decrease
in the number of forecast misses.

D. Algorithm Evaluation

In this section, we evaluate the modified probability-hop
forecast against the MMSE forecast for the Day-11 data. We
consider three metrics: (i) Fractional Increase in error due to
Over-Forecast (FIOF), (ii) Fractional Decrease in error due to
Forecast Misses (FDFM), and (iii) Difference in the number of
Forecast Misses (DFM). Let the cumulative error observed due
to the over-forecast and the under-forecast for the forecasting
schemeS be denoted byCEof

S and CEuf
S , respectively.

Furthermore, letNFMS be the number of forecast misses
observed for the forecasting schemeS. Then, the metrics are
defined as follows:

FIOF =
(CEof

PF − CEof
MMSEF )

CEof
MMSEF

(11)

FDFM =
(CEuf

PF − CEuf
MMSEF )

CEuf
MMSEF

(12)

DFM = NFMMMSEF −NFMPF . (13)

For our evaluation, we varied values of input parameters,
∆Su and∆Sd, from 2%, 4%, 5%, 8% to 10%. In particular,
we are primarily interested in the pairs, (∆Su,∆Sd), with
∆Sd ≥ ∆Su. The consequence of having∆Sd lower than
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TABLE III

PROBABILITY HOP FORECAST RESULTS

Data Set I Data Set III

50% Limits 90% Limits 50% Limits 90% Limits

∆Su,∆Sd DFM FDFM FIOF DFM FDFM FIOF DFM FDFM FIOF DFM FDFM FIOF

(2%,2%) 1 -14.23% 46.19% 13 -15.48% 191.17% 6 -24.89% 34.58% 14 -10.28% 202.00%

(2%,4%) 1 -14.23% 47.65% 14 -16.60% 193.96% 6 -26.19% 42.50% 16 -19.31% 208.44%

(2%,5%) 2 -18.14% 46.81% 14 -16.60% 193.96% 8 -27.81% 45.62% 18 -33.12% 214.65%

(2%,8%) 3 -20.29% 46.25% 8 -28.44% 168.64% 10 -32.73% 46.31% 19 -43.73% 203.22%

(2%,10%) 3 -20.29% 49.88% 9 -32.53% 165.31% 11 -34.09% 47.55% 20 -49.50% 197.54%

(4%,4%) 1 -14.23% 43.71% 14 -16.60% 183.05% 2 -16.42% 27.94% 12 -7.50% 187.70%

(4%,8%) 3 -20.29% 42.32% 8 -28.44% 157.73% 6 -22.66% 33.83% 13 -26.33% 154.73%

(4%,10%) 3 -20.29% 45.95% 9 -32.53% 154.39% 7 -24.02% 35.06% 14 -32.10% 155.97%

(5%,5%) 0 -13.22% 27.98% 6 -10.87% 134.69% 0 -12.95% 20.37% 12 -11.20% 160.45%

(5%,8%) 2 -16.28% 29.74% 7 -21.39% 136.70% 3 -19.11% 28.04% 10 -22.79% 129.77%

(5%,10%) 2 -16.28% 33.37% 8 -25.48% 133.36% 4 -20.47% 29.28% 11 -28.56% 131.00%

∆Su is that it forces the probability-hop forecast to be inclined
more toward the LPC than the UPC. Such a behavior has the
direct implication of liberal bandwidth deallocation fromthe
provisioning module leading to increased data loss. Then, the
choices ofβ considered are 0.5 and 0.1 which translate into
50% and 90% confidence limits, respectively. Due to space
limitations, we present our evaluation results for data setI
and data set III in Table III.

From results shown in Table III, we have the following
major observations: (i) in general, the difference in the num-
ber of forecast misses (DFM) is greater for the probability-
hop forecast with 90% limits than with 50% limits, (ii) the
difference in the FIOF between 50% limits and 90% limits
is much greater than the difference in FDFM, and (iii) for
a givenβ, increasing∆Sd with fixed ∆Su improves FDFM
while increasing∆Su with fixed ∆Sd decreases FDFM. The
first and second observations follow directly from the relatively
larger enclosed area associated with 90% probability limits as
compared to 50% probability limits. The third observation can
be explained by the relative decrease in the sensitivity of the
probability-hop forecast toward the LPC than toward the UPC
and vice versa. Moreover, it may be noted from Table III that
for some choices of (∆Su, ∆Sd), even if DFM is zero, there
is a gain in FDFM, complemented by an increase in FIOF.
Since the gain in FDFM translates to reduced loss, this effect
is desirable. As a final note, it can be inferred from Table III
that choosing 50% probability limits against 90% probability
limits i.e., choosingβ = 0.5 achieves a good balance between
maintaining the mean square error closer to the MMSE and
in reducing the number of forecast misses.

VI. QUANTIZED BANDWIDTH PROVISIONING SCHEMES

A predictive bandwidth provisioning scheme provisions
bandwidth for a future time instant based on a forecasted
bandwidth value from the forecasting subsystem as well as
on the desired performance metrics reflecting the service level
requirements of the traffic. In this section, we present band-
width provisioning schemes that take as input the probability-
hop forecast computed usingMoPHForecast(.) presented in

Algorithm 1. The underlying assumption of these provisioning
schemes is that the bandwidth can be allocated or deallocated
only in discrete units referred to asbandwidth quantum. We
further assume that bandwidth quantum is expressed as a
fraction of maximum available bandwidth on a link (similar
to ∆Su and∆Sd).

Suppose that PFt represents the probability-hop forecast
for time t, ∆B represents the bandwidth quantum, andCmax

represents the maximum available bandwidth in the system.
Then, thebandwidth requirementat time t is determined as

Bt = min

{⌈

PFt

∆B

⌉

×∆B, Cmax

}

. (14)

That is, we choose either the upper bound of the interval
[(k − 1)∆B, k∆B] (k ≥ 1) in which PFt falls, or, the
maximum available bandwidth if PFt falls outside the available
bandwidth region.

In an attempt to reduce the short-term data loss and to
increase the bandwidth utilization, an utopian provisioning
scheme would provision according toBt at each instant.
However, such a scheme triggers frequent bandwidth updates
and can lead to oscillatory/unstable behavior; such oscillatory
behavior was reported earlier in [13] for time-varying Poisson
traffic. In our case, frequent update also results in high signal-
ing overhead. Thus, our provisioning schemes are also aimed
at reducing the signaling overhead in addition to meeting the
loss and the utilization constraints. Henceforth, we referto the
utopian scheme as the Instantaneous Bandwidth Provisioning
(IBP) scheme.

A. Stabilized Bandwidth Provisioning (SBP)

The principle of this scheme is to allocate immediately
when there is a need while following a conservative approach
in deallocation. We achieve this conservative deallocation
through maintaining a Hold Down Timer (HDT). The idea
of using a timer to slow down the message exchanges has
been previously used in computer operating systems to prevent
thrashing, in routing protocols to reduce the communication
overhead and oscillation, and so on. LetSBPLt denote the
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bandwidth provisioned at timet using this scheme andtl
denote the last time instant at which the bandwidth was
updated. Then,

SBPt =

{

max{Bt,SBPt−1} (t− 1)− tl < t̂

Bt (t− 1)− tl = t̂.
(15)

Heret̂ is the hold-down timer. As long as the timer is running,
if an allocation is required,Bt as defined inIBP is considered.
However, if deallocation is required, the value remains at
SBPt−1 until the timer expires. Upon expiry of the timer,
we use againBt to update the bandwidth requirement.

B. Stabilized Bandwidth Provisioning with Local Maxima
(SBPL)

This scheme is a variant of theSBP scheme. The difference
is only whether the bandwidth is to be released upon the
expiration of the hold-down timer. IfBWmax represent the
local maximum of the bandwidth requirements (recorded in
the last HDT period), then

SBPLt =

{

max{Bt,SBPLt−1} (t− 1)− tl < t̂

max{Bt,BWmax} (t− 1)− tl = t̂.
(16)

Note that ifBt is less thanBWmax, then upon the expiry of
the hold-down timer, we deallocate only up toBWmax rather
thanBt as in the case of theSBP scheme.

VII. R ESULTS

In this section, we present results for our integrated pro-
visioning framework. We first state the performance metrics
used to evaluate the provisioning framework. Recall thatzt

denotes the observed data rate;BWt denotes the bandwidth
provisioned at timet using one of the schemes.

A. Performance Metrics

1) Average Utilization (Uavg): The average utilization mea-
sures the fraction of bandwidth used to serve the data
traffic. It is computed as follows:

Uavg =
1

T

T
∑

t=1

min
{ zt

BWt

, 1.0
}

. (17)

2) Average Under-Provisioning Ratio (AUPRavg): The
average under-provisioning ratio gives a measure of the
bytes dropped at the interface due to bandwidth under-
provisioning. It is computed as follows:

AUPRavg =
1

T

T
∑

t=1

max
{zt − BWt

BWt

, 0
}

. (18)

3) Signaling Frequency (SF): The signaling frequency
helps to evaluate a bandwidth provisioning scheme in
terms of how often bandwidth allocation/deallocation is
done. It directly affects the signaling cost that will be
incurred.

4) Gain Factor (GF): In our provisioning framework, the
MMSE forecast generated from the time series model
undergoes the first level of smoothing through (∆Su,

∆Sd) and the next level through∆B. This cumulative
smoothing effect produces a significant gain in terms of
reduced data loss. As an attempt to quantify this gain, we
define a gain factor relating the total number of under-
provisioned instances with the under-forecast instances.

GF =

∑T

t=1
(I{zt−PFt>0} − I{zt−BWt>0})

∑T

t=1
I{zt−PFt>0}

(19)

whereI{a>0} assumes1.0 whena > 0 and0, otherwise.
5) Cost Function (CF): It is a linear weighted function that

takes into account both the total slack bandwidth and
the total under-provisioned bandwidth over the period
T . Precisely, it captures the area between the bandwidth
envelope and the forecast envelope. As it is undesirable
to have under-provisioned bandwidth at any instant, we
associate a cost factorτ ≥ 1 with the under-provisioned
bandwidth. Then, it follows that

CF =

T
∑

t=1

(BWt − zt)+
+ τ

T
∑

t=1

(zt − BWt)+
(20)

where(x − a)
+

is equivalent to(x − a) if x ≥ a and
assumes0 otherwise.

B. Evaluation

In this section, we evaluate the provisioning results using
the above metrics. We consider the probability-hop forecast
(PFC) as well as the MMSE forecast (EFC) in our evaluation.
The choices of∆B are 2%, 4%, 5%, 8% and 10% and the
choices of (∆Su, ∆Sd) pairs for the probability-hop forecast
are based on results from Section V-D. For each data set, we
use the first 10 weekday data for developing a time series
model and consider the next 5 weekday data for evaluating
the effectiveness of our approach. Due to space limitation,we
present the evaluation results of our bandwidth provisioning
framework only for the 11th Day.

1) Average Utilization and Loss Metrics:We primarily
discuss results for theSBP scheme and theSBPL scheme. In
general, theIBP scheme displays markedly high utilization
and relatively higher loss as compared to the other two
schemes when all the other parameters are being the same.
Such a behavior is due to the increased sensitivity of theIBP
scheme toward traffic fluctuations. For example, if we compare
AUPRavg of data set I for∆B = 2%, we observed an average
gain (over various values of the pair∆Su,∆Sd) of nearly
40% from theSBP scheme with respect to theIBP scheme.
However,Uavg falls down only by 4% on average.

In Fig. 5 and Fig. 6, we present the average utilization
(Uavg) and the average under-provisioning ratio (AUPRavg),
respectively, for theSBP scheme for all the three data sets.
We have considered the hold-down timer to be 3 time units
here. For any given∆B value, in all three data sets,AUPRavg

is relatively higher for symmetric (∆Su, ∆Sd) pairs i.e., (2%,
2%), (4%, 4%) and (5%, 5%) as compared to the other pairs.
On the other hand, in general,AUPRavg for pairs with∆Sd

higher than∆Su is relatively lower than that of the EFC value.
The evidence for this behavior is more pronounced in data
set III than the other two data sets. Furthermore, with all other
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parameters being the same, the average under-provisioning
ratio and the average utilization tend to be higher in data set III
relative to the other data sets. This behavior can be explained
as follows. The variance of the one-step forecast depends on
estimates ofα0 and α1 from (6); this, in turn, affects the
bandwidth envelope. Since the estimate ofα1 for data set III
(see Table VI) is almost twice that of the other data sets, the
mean square error tends to be significantly higher relative to
the other data sets, and hence, an increased chance of forecast
misses (thereby under-provisioning).

In the case of theSBPL scheme, we observed a similar
behavior as that of theSBP scheme with respect to all
three data sets. However, in general, we noticed a decrease
in AUPRavg and a decrease inUavg relative to the other two
schemes due to the conservative deallocation policy.

2) Provisioned Bandwidth Envelope:In order to present a
picture at a finer granularity (as the series evolves), we present
the provisioned bandwidth envelope along with the observed
data ratezt on the eleventh day (for data sets I and III) for∆B
= 2% and∆B = 10% in Fig. 7-10, respectively. Thex-axis
represents the time index based on the 15-minute time window
with “D11” on the x-axis representing the 96th sample on the
eleventh day. From the results above, we observed a greater
similarity between data set I and data set II than data set III.
Thus, we restrict ourselves to present the envelope for data
sets I and III. Furthermore, the value of pair (∆Su, ∆Sd) is
restricted to (2%, 10%) since our intent here is to compare the
provisioning schemes.

In the regions of traffic rise, all schemes respond in the same
manner in order to minimize the data loss. However, as it can
be observed, these schemes respond very differently to the fall
in the traffic data rate. For example, in Fig. 7, att = 41, there
is a big upward jump in the bandwidth envelope with all three
schemes. Following this, att = 42, the bandwidth envelope
associated with theIBP scheme falls while it does not with
the other two schemes. After three time periods (the duration
of the hold-down timer), the bandwidth envelope of the other
two schemes falls down. It may be noted that, with theSBPL
scheme, the drop is only up to the local maximum during

the previous HDT period. A similar trend can be observed in
Fig. 9 for data set III in the neighborhood oft = 53. When∆B
is increased from 2% to 10%, we observe a relatively lesser
fluctuation in the bandwidth envelope, less frequent bandwidth
updates (see Fig. 8 and Fig. 10). However, the trend among
the schemes remains similar to that of∆B = 2%.

3) Results on Signaling Frequency:We present results for
∆B = 2% and∆B = 10% in Table IV for data set I. Our
intent here is to summarize the impact of increasing/decreasing
∆B on the signaling overhead with respect to the provisioning
schemes. Hence, we omit the results for data sets II and III.
From Table IV, it can be observed that for∆B = 2%, theSBP
scheme incurs less significant overhead than theIBP scheme.
Furthermore, for theSBPL scheme, subsequent reduction on
the overhead is evident here attributing to the more conserva-
tive deallocation policy. For∆B = 10%, a similar trend can be
noticed, however, with less intensity. When we consider the
impact of change in the∆Su and the∆Sd on the signaling
overhead, we observe a more oscillatory behavior with respect
to all the schemes. In general, an increase in∆Su brings out
a gradual reduction in the overhead. Additionally, it can be
pointed out that the signaling overhead due to using the EFC
(MMSE forecast) is lesser than that of using the probability-
hop forecast for a few of the (∆Su, ∆Sd) choices. It may be
recalled that the data loss is maximum with the EFC across
all provisioning schemes (see Fig. 6 for data set I). Moreover,
the provisioning schemes arenot designed to minimize the
signaling overhead, rather to guarantee an acceptable under-
provisioning ratio while maintaining a reasonably high utiliza-
tion and hence, the observed behavior.

4) Results on Smoothing Effect:In order to illustrate the
smoothing effect of the modified probability-hop forecast
induced by the bandwidth provisioning module, we present
GF for data set I in Table V for two extreme values of∆B. For
∆B = 2%, an average gain of around 50% is achieved in terms
of avoiding under-provisioning for theIBP scheme. For the
other two schemes, the gain further improves to around 80%.
The implication here is that a forecast miss (under-forecast)
neednot lead to under-provisioning all the time. Such a gain is



IEEE/ACM TRANSACTIONS ON NETWORKING, VOL. X, NO. Y, 2006 11

0

1

2

3

4

5

6

41 D11

T
hr

ou
gh

pu
t (

in
 M

by
te

s/
se

c)

Time (15-minute window)

Data Set I

zt

replacements IBP
SBP
SBPL

Fig. 7. Provisioning for Day-11, Data Set I (∆B = 2%)

0

1

2

3

4

5

6

41 D11

T
hr

ou
gh

pu
t (

in
 M

by
te

s/
se

c)

Time (15-minute window)

Data Set I

zt
IBP
SBP
SBPL

Fig. 8. Provisioning for Day-11, Data Set I (∆B = 10%)

0

1

2

3

4

5

6

53 D11

D
at

a 
ra

te
 (

in
 M

by
te

s/
se

c)

Time (15-minute window)

Data Set III

zt
IBP
SBP
SBPL

Fig. 9. Provisioning for Day-11, Data Set III (∆B = 2%)

0

1

2

3

4

5

6

53 D11

D
at

a 
ra

te
 (

in
 M

by
te

s/
se

c)

Time (15-minute window)

Data Set III

zt
IBP
SBP
SBPL

Fig. 10. Provisioning for Day-11, Data Set III (∆B = 10%)

TABLE IV

SIGNALING FREQUENCY (DATA SET I)

∆B = 2% ∆B = 10%
∆Su,∆Sd IBP SBP SBPL IBP SBP SBPL

EFC 67.71% 37.50% 34.38% 32.29% 19.79% 14.58%

(2%,2%) 67.71% 39.58% 36.46% 34.38% 21.88% 19.79%

(2%,4%) 69.79% 38.54% 35.42% 34.38% 21.88% 19.79%

(2%,5%) 70.83% 39.58% 35.42% 35.42% 23.96% 16.67%

(2%,8%) 70.83% 37.50% 35.42% 32.29% 21.88% 19.79%

(2%,10%) 70.83% 37.50% 35.42% 32.29% 21.88% 19.79%

(4%,4%) 69.79% 38.54% 35.42% 34.38% 21.88% 19.79%

(4%,8%) 70.83% 37.50% 35.42% 32.29% 21.88% 19.79%

(4%,10%) 70.83% 37.50% 35.42% 32.29% 21.88% 19.79%

(5%,5%) 68.75% 37.50% 33.33% 30.21% 18.75% 18.75%

(5%,8%) 69.79% 36.46% 33.33% 29.17% 18.75% 18.75%

(5%,10%) 69.79% 36.46% 33.33% 29.17% 18.75% 18.75%

offset by some increase in the slack bandwidth. As we increase
∆B from 2% to 10%, the effect is more pronounced.

TABLE V

SMOOTHING EFFECT OF∆B - GF (DATA SET I)

∆B = 2% ∆B = 10%
∆Su,∆Sd IBP SBP SBPL IBP SBP SBPL

(2%,2%) 54.00% 68.00% 80.00% 74.00% 88.00% 92.00%

(2%,4%) 54.00% 70.00% 80.00% 74.00% 88.00% 92.00%

(2%,5%) 57.14% 71.43% 81.63% 75.51% 87.76% 93.88%

(2%,8%) 58.33% 72.92% 79.17% 77.08% 87.50% 91.67%

(2%,10%) 58.33% 72.92% 79.17% 77.08% 87.50% 91.67%

(4%,4%) 54.00% 70.00% 80.00% 74.00% 88.00% 92.00%

(4%,8%) 58.33% 72.92% 79.17% 77.08% 87.50% 91.67%

(4%,10%) 58.33% 72.92% 79.17% 77.08% 87.50% 91.67%

(5%,5%) 56.86% 68.63% 78.43% 74.51% 86.27% 90.20%

(5%,8%) 59.18% 71.43% 77.55% 75.51% 85.71% 89.80%

(5%,10%) 59.18% 71.43% 77.55% 75.51% 85.71% 89.80%

5) Results on Cost Function:To evaluate the overall utility
of our bandwidth provisioning framework, we present results

of the cost function (CF) for τ = 1, 5, 10, 25, 50 and 100.
Our objectives are twofold here: 1) to show the impact of
τ on the cost function, 2) to show the relative reduction in
the cost (as we defined here) that can be achieved through
the probability-hop forecast (PFC) over the MMSE forecast
(EFC). Adhering to these objectives, for variousτ , we present
the fractional increase/decrease in the cost due to using the
PFC, with respect to the cost incurred with using the EFC.
Thus, in Fig. 11 and Fig. 12, we representCFEFC using the
zero axis (reference axis). A shift on the negative (positive)
direction for a givenτ and (∆Su, ∆Sd), indicates a decrease
(increase) in its cost relative to the EFC.

It can be inferred from Fig. 11 that for theIBP scheme,
except for τ = 1, the cost incurred from the framework
(using the probability-hop forecast) is still less than thecost
due to using the MMSE forecast for provisioning. When we
chooseτ = 1, we associate equal penalty with both the under-
provisioned bandwidth and the slack bandwidth and hence,
the cost is dominated by the slack bandwidth. In fact, it can
be recalled from Table III that the fractional increase in error
due to over-forecast (FIOF) is much higher than the fractional
decrease in error due to forecast misses (FDFM) almost all
the times. Hence, an increase in the cost can be expected.
With theSBP and theSBPL schemes, we have an increased
cost (with respect to the EFC) for evenτ = 5 in addition
to τ = 1. Since, these two schemes follow a conservative
deallocation policy, the total amount of slack bandwidth will
be in general more than that of theIBP scheme thereby,
contributing to an increase in the cost. With increasing∆B
values, the average under-provisioning ratio decreases toa
greater extent and hence, its contribution to the cost function
decreases reducing the overall cost (see Fig. 12 for∆B =
10%). Among various choices of(∆Su,∆Sd) for a givenτ ,
we notice a lesser cost for lower magnitudes of∆Su and
∆Sd. This can be attributed to the decreased sensitivity of the
probability-hop forecast envelope toward the UPC or the LPC
on increasing∆Su values.
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C. Controlling Bandwidth Increase

So far we have presented evaluation of our provisioning
framework through various metrics. In this section, we discuss
the impact of setting a maximum limit on the allowable
increase in the bandwidth requirement from one time window
to the next. This exercise is aimed to control anyliberal band-
width allocation that can result in the case of unpredictable
high traffic spikes due to denial-of-service attacks.

Under the assumption that such events can be detected
through an external anomaly detection system, our provi-
sioning framework can react to it by setting a limit on
the maximum allowable fractional increase from the current
bandwidth provisioned. In Fig. 13, we illustrate this in the
case of data set I for∆Su = 2%, ∆Sd = 10% and∆B =
2%. For illustration, we have set the bandwidth increase limit
here to 60%. For comparison, we have included the bandwidth
envelope in the unrestricted mode where there does not exist
any limit on the allowable increase in the bandwidth. It may be
noted that such a limit is irrelevant in the case of deallocation
of the bandwidth (bandwidth decrease). We note that there are
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Fig. 13. Comparison betweenSBP unrestricted andSBP restricted

two time instants (t = 35, 42) at which the fractional increase
in the bandwidth requirement from the previous time instant
is more than 60%. For example, att = 42, the bandwidth
rise with theSBP scheme in the unrestricted mode is higher
than that of the restricted mode. In spite of the limit on the
maximum allowable change, the average under-provisioning

ratio remains the same as that of the unrestricted case (without
any limit). However, the average utilization increased slightly.
If the maximum limit is further reduced, we may observe an
increase in the average under-provisioning ratio. In general,
our framework is flexible enough to incorporate restrictions
on the maximum allowable increase of the bandwidth thereby,
addressing the rare undesirable events. Furthermore, our provi-
sioning schemes can be tuned to toggle between the restricted
and the unrestricted mode in real-time depending on the input
from the anomaly detection system.

VIII. S UMMARY

In our pursuit to answer a basic question on whether an
effective dynamic provisioning scheme can be developed for
nonstationary periodically measured data lacking information
about the underlying stochastic process, we have made several
key contributions:

• On investigating real-world nonstationary periodically
measured data, we found that such data has nonstationar-
ity of the second order. It may be noted that standard
ARIMA based models are not adequate in capturing
this behavior. More importantly, we have developed a
seasonal AutoRegressive Conditional Heteroskedasticity
(ARCH) based model with heavy-tailed innovations (dis-
turbances) to characterize the traffic data rate dynamics.
To our knowledge, this is the first attempt to character-
ize periodically measured nonstationary network traffic
through an ARCH-based model that incorporates heavy-
tail distribution; it may be noted that ARCH-models have
been previously used primarily in Econometric modeling.

• We illustrated why MMSE-based forecast is not ap-
propriate in the context of dynamic bandwidth provi-
sioning since under-forecast should be avoided as much
as possible in order to meet service level agreements
between customers and network providers. Instead, we
proposed a modified probability-hop forecast algorithm
for forecasting one-step ahead forecast which extends the
earlier work on [16]. We illustrated the intractability of
deriving the one-step forecast of the observed serieszt
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from the forecast of log transformed series (of which
the heavy-tailed ARCH model is based) and proposed
a reasonably good approximation to compute the same.

• Building on the probability-hop forecast, we present
dynamic bandwidth provisioning schemes which incor-
porate quantized bandwidth steps as well as a hold-down
timer to avoid oscillation.

• We have developed several performance metrics to as-
sess the effectiveness of dynamic bandwidth provisioning
schemes. Based on extensive computational studies, we
have shown that indeed we have developed a robust
framework for dynamic bandwidth provisioning. Specifi-
cally, our approach minimizes under-forecast while keep-
ing the utilization high, yet the signaling overhead is also
indirectly reduced.

While we have presented our studies using the measurement
windows to be of 15 minutes interval, our dynamic bandwidth
provisioning approach is general and can be applied to any
time window of measurements. Still a question remains: no
matter how small or large this interval window is, it is
quite possible that there is a legitimate traffic spikebetween
two successive measurements for which the provisioning is
quite inadequate. Such in-between spikes can be labeled as
microcongestion. An important question then is: how does our
approach handle amicrocongestion? Our approach does not
directly address this question. Rather, our approach can be
adaptedindirectly to handle such a situation by considering
a commonly used principle followed by large Internet service
providers when they do traffic engineering of their networks;
this principle limits the average link utilization to typically no
more than, say, 60%, for traffic engineering—this then allows
rooms for any short-term spikes being adequately handled
by the provisioned network capacity. Using a similar idea,
if we use another parameter, sayλ (with 0 < λ ≤ 1),
then the quantized bandwidth determined by our approach can
be thought of as theraw bandwidth estimate which is then
divided by λ to obtain the true provisioned bandwidth. We
did not explicitly include this parameter in our presentation on
bandwidth quantization; such a parameter will automatically
increase the capacity to the point where no loss would be
perceived at all. Since our goal was also to understand the loss
trade-off, especially in our analysis, we did not include this
as a built-in parameter. Secondly, depending on the terms of
the service level agreements (SLAs) between a customer and
its network provider, some amount of short-term loss might be
acceptable as long as SLAs are met over a longer term, agreed
upon window. Nevertheless, a parameter such asλ can be
added to our schemes if provisioning is required to address any
microcongestion issues. In any case, it is important to design
a provisioning scheme in such a way that under-provisioning
is minimized to avoid any consequential effect on the time
series itself.

Finally, our forecasting step was to look out one-period
ahead. As a part of future work, we plan to investigate
forecasts for multiple periods ahead. We are also currentlyin-
vestigating how to directly incorporate the signaling overhead
cost as part of the bandwidth provisioning schemes. These

works, when completed, will be reported elsewhere.
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APPENDIX I

From data set I, we isolated the first 100 samples (little over
a day) based on 15-minute time windows of measurements.
We identified and fitted ARIMA(1,1,1) based on the first
32 samples, i.e. over 8 hours; the Ljung-Box diagnostic test
confirmed the adequacy of the model. The parameters of the
model are estimated using the maximum-likelihood function.
In order to monitor the changes that might happen in the
parameters of the identified model, we adopt the cumulative
score approach proposed by Yuzhi et. al [7]. This method is
applicable to general ARIMA time series models. Essentially,
the cumulative score approach does not provide a measure
of new estimate rather, indicates a possible direction of drift
from the current estimates. The cumulative score as a function
of time is shown in Fig. 14; here, the x-axis represent the
time index of the isolated samples from data set I. The
autoregressive coefficients and the moving average coefficients
are denoted here byφ andθ, respectively. We use (φ0

1, θ
0
1) to

denote the current estimates and (φ1
1, θ

1
1) to denote the other

possible estimates. Untilt = 50, there is a gradual decrease in
the score for both parameters. However, betweent = 50 and
t = 54, the rate of decay becomes much higher for bothφ1

andθ1 indicating inadequacy of their current estimates at that
point in time. This observed behavior of cumulative scoring
function strongly indicates an onset of inadequacy at around
t = 50 in the current estimate ofφ1 andθ1.
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APPENDIX II

For a sequencez1, z2, . . ., the rate of change between two
successive values is given by(zk − zk−1)/zk−1 for k ≥ 2.
From the logarithmic series expansion, we have

ln
( zk

zk−1

)

= ln
(

1 +
( zk

zk−1

− 1
))

≃
( zk

zk−1

− 1
)

(21)
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for (zk/zk−1−1)≪ 1. Now, by subtractingln zt−1 from both
sides of (7) and using (21), we obtain an approximation for
(zk/zk−1 − 1) from which it follows that

zt ≃
(

1 + (χ1 − 1) ln zt−1 +

5
∑

i=2

χi ln zt−i

+
T+5
∑

j=T

χj ln zt−j +
2T+1
∑

k=2T

χk ln zt−k

+

3T+1
∑

s=3T

χs ln zt−s

)

zt−1 + εtzt−1. (22)

By taking the conditional expectation of (22) with respect to
Ft−1, we have the desired result (8).

In order to derive the probability limits, we assume an
equality relationship in (22). Then, we have,

zt = E[zt|Ft−1] + εtzt−1. (23)

From (6b) and (6c), it is evident that the conditional dis-
tribution of εt|Ft−1 is Student-t distributed withν degrees
of freedom and scaleMt. From (23), it follows that the
distribution of statistic(zt − E[zt|Ft−1]) /zt−1 is same asεt.
Therefore, the confidence limits ofE[zt|Ft−1] can be given
by

E[zt|Ft−1]± t
ν,

β

2

√

Mtzt−1 (24)

where t
ν,

β

2

is the random deviate from the Student-t distri-
bution with ν degrees of freedom and unit scale such that
∫

t
ν,

β
2

0 ftv
(x) dx = (1− β)/2 andftv

(x) is the corresponding
probability density function.

APPENDIX III

Here, we present the estimates of parameters along with
their t-statistics in parenthesis evaluated through the maximum
likelihood function for all the three data sets in Table VI.

TABLE VI

PARAMETER ESTIMATES

Data set I Data set II Data set III

ϕ1 -0.123291844 -0.053048458 -0.096107493
(-3.87) (-1.64) (-3.11)

ϕ2 -0.091455106 -0.113222742 -0.165460441
(-3.32) (-4.37) (-6.22)

ϕ3 -0.075865242 -0.05263004 -0.110163493
(-2.63) (-1.99) (-4.31)

ϕ4 -0.105211972 -0.047591632 -0.112527888
(-3.62) (-1.74) (-4.67)

φ1 -0.636980162 -0.611640344 -0.545004245
(-20.52) (-20.31) (-18.71)

φ2 -0.259639144 -0.327395026 -0.32442873
(-8.41) (-10.12) (-11.66)

α0 0.033308668 0.026132488 0.0265452466
(8.63) (6.52) (7.54)

α1 0.2364614211 0.2537706326 0.4786862913
(2.75) (2.64) (3.73)

ν 5 4 4
(4.55) (4.75) (5.10)
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