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Abstract—The presence of the complex scaling behavior in network traf-  where C,. is a positive constant and is related to the Hurst
fic makes accurate forecasting of the traffic a challenging task. Some con- parameter by = 1 — 5/2_ Hurst parameter is a measure of
ventional prediction tools such as recursive least square method do not ap- P . - .
ply to network traffic prediction. In this paper we propose a multiscale de- the Self'SIm”a”tY' As a result the gu';oco.rrelatlon functlo_n 1S
composition approach to real time traffic prediction. The raw traffic data Non-summable, i.€) ~, (k) = co. This implies that the traffic
is first decomposed into multiple timescales using thé trous Haar wavelet  process has an infinite variance. Therefore some conventional

transform. The_pred|ct|on ofthewavele; coeﬁ|C|ent§and scaling coefficients prediction tools such as recursive least square method do not
are performed independently at each timescale using ARIMA model. The

predicted wavelet coefficients and scaling coefficient are then combined to @PPIY to network traffic prediction.
give the predicted traffic value. This multiscale decomposition approach Some algorithms have been proposed in the literature for real-

can better capture the correlation structure of traffic caused by different time traffic prediction, which include FARIMA (fractional au-
network mechanisms, which may not be obvious when examining the raw !

data directly. The proposed prediction algorithm is applied to real network toregressive integrated moving average) models [9]’ neural net-

traffic. It is shown that the proposed algorithm generally outperforms traf- ~ Work approach [10], [11] and method basedcestable models

fic prediction using neural network approach and gives more accurate re- [12] [13] etc. Traffic prediction using FARIMA models re-

sult. The complexity of the prediction algorithm is also significantly lower . ’ ' . . .

than that using neural network. lies on accurate estimation of _the Hu_rst parameter. Despl_te a
number of estimators reported in the literature, accurate estima-
tion of the Hurst parameter remains a difficult problem even in

|. INTRODUCTION off-line conditions. The presence of non-stationarity and com-

It is well known that some characteristics of Internet traﬁielex scaling behavior in network traffic makes the situation even

fall beyond the conventional framework of Markov traffic modWOrse- Therefore the real applica_tio_ns_ of traffic prediction based
elling. Leland et al. demonstrated self-similarity in a LAN envi®" FARIMA models are not optimistic. Neural network ap-
ronment (Ethernet) [1]. Paxson et al. showed self-similar burggloach can be quite complicated to implement in reality. The
ness manifesting itself in pre-World Wide Web WAN IP traffi@ccuracy and applicability of neural network approach to traffic
[2]. Beran et al. demonstrated the self-similairty in variabldrediction is limited [11]. Finallyn-stable model is based on a
bit-rate (VBR) video traffic [3] and Crovella et al. showed selfgeneralized c_:entral I|_m|t theorem and its appllcgtmn is Ilmlte_d
similarity for WWW traffic [4]. Recent measurements and sim?y that. It might achieve a good performance in heavy traffic
ulation studies further revealed that wide area network traffic HdsWhen there is a high level of traffic aggregations. However
complex multifractal characteristics on small timescales, and#§en traffic conditions deviate from that, the performance may
self-similar on large timescales [5], [6], [7]. The presence &€ Poor. Moreovera-stable model is a parsimonious model,
the scaling behavior in network traffic is striking not only in it4nich may not be able to capture the complex scaling behavior
ubiquity, appearing in almost every kind of traffic, but also in th@f the traffic. In this paper we propose a traffic prediction al-
wide range of timescales over which the scaling holds. As n&@rithm based on a multiscale decomposition approach. Using

work bandwidth increases over time, this scaling behavior mfjg@ — trous Haar wavelet transform, the traffic is decomposed
progressively extends over larger timescales [8]. into components at multiple timescales. Traffic component at

Accurate forecasting of the traffic is important in the plan‘?aCh timescale is predicted independently with an ARIMA (au-

ning, design, control and management of networks. Traffic ptté)_regresswe integrated moving average) model. Then they are

diction at different timescales has been used in various fieldscgfnmed to form the predicted traffic.

networks, such as long-term traffic prediction for network plan- The_ rest of the paper is orgamzed as follows: in section II, we
ning, design and routing; and short-term traffic prediction foitall introduce the use of thetrous Haar wavelet transform
dynamic bandwidth allocation, and predictive and reactive trdf. 9c0mposing the traffic into different timescales; in section
fic and congestion control. The presence of the complex scalthe prediction algorithm will be introduced; some simulation
ing behavior makes the accurate forecasting of Internet traffié&sults using real traffic trace are given in IV and finally some
challenging task. An implication of the self-similarity (or equiv-ConCIUSIOnS and further work are summarized in section V.
alently long range dependence) in network traffic is that the au-
tocorrelation function-(k) of the traffic decays hyperbolically
rather than exponentially fast: Wavelet tools have been widely used in the area of traffic anal-
ysis and they have many advantages when used for traffic anal-
rk)~Ck™P,0<p<1 (1) ysis. Fundamentally, this is due to the non-trivial fact that the

II. MULTISCALE TRAFFIC DECOMPOSITION



analyzing wavelet family itself possesses a scale invariant feawavelet transform to directly study the scale dependent prop-
ture, a property not shared by other analysis methods. Quetgies of the data. For example, if we fix a scgland investi-
different kinds of scaling features can be analyzed by the sagage certain statistics about the wavelet coefficients at that scale
technique. across time we can obtain information about the scaling behav-
Wavelet analysis is based on the decomposition of a signal its-of the signal as a function gf(the global-scaling behavior).
ing orthogonal basés Discrete wavelet transform (DWT) con-Alternatively, if we fix a point in timet and examine how the
sists of the collection of coefficients wavelet coefficients within the cone of influence tothange
across scales as we examine finer and finer scales, we can de-
cy(k) =< X,o5(t) >, dj(k) =< X,¥(t) >, j, k€ Z, termine the local irregularity (the local scaling behavior) of the
(2) signal about the point Moreover the analysis of each scale is
where< x,* > denotes inner producfd;(k)} are the wavelet |argely decoupled from that at other scales [8]. Refer to [14],
coefficients andc;(k)} are the scaling coefficients. Equatiorf15] for details of wavelet theory.
(2) compares the signal to be analyzed with a set of analysis |, aqdition to the characteristics of applications generating

functions /2o the traffic, traffic variations at different timescales are caused
Yin(t) = 27777277 — k). (3) by different network mechanisms. Traffic variations at small

This set of analysis functions is constructed from a referen@escales (i.e. in the order of ms or smaller timescale) are
patterny(t) called the mother-wavelet by a time-shift operatiof@used by buffering effect and scheduling algorithms etc. Traf-
and a dilation operation. The mother wavelet is required to s variations at larger timescales (i.e. in the order of 100ms)

isfy the admissibility condition, whose weak form is are caused by traffic and congestion control protocols, e.g. TCP
protocols. Traffic variations at even larger timescales are caused

by routing changes, daily and weekly cyclic shift in user pop-
ulations. Finally long-term traffic changes are caused by long-
term increases in user population as well as increases in band-
which shows it is a band-pass or oscillating function, hence thggin requirement of users due to the emergence of new network
name “wavelet”. Functiorp;,(t) is a time shifted function of gppjications. This fact motivates us to decompose traffic into
the scaling functionp, (t): ¢k(t) = ¢s(t — k). @s(t)is a different timescales and predict traffic independently at each
low-pass function which can separate large timescale (low fi§nescale. The proposed multiscale decomposition approach to
quency) component of the signal. Thus wavelet transform deaffic prediction allows us to explore the correlation structure
composes a signal into a large timescale approximation (coagg@etwork traffic at different timescales caused by different net-
approximation) and a collection of details at different smallgjgrk mechanisms, which may not be easy to investigate when
timescales (finer details). The original signal can be recovergpamming the raw data directly.
from the wavelet coefficients and the scaling coefficients using The roles of the mother scaling and wavelet functigre)
J and(t) can also be represented by a low-pass filteand a
_ _ _ high pass filterg. Consequently, the multiresolution analysis
X(@) g cr(k)e () + ; ; di(R)e(0)- () and synthesis of a signalt¢) can be implemented efficiently as
afilter bank [14]. The approximation at scglec; (k) is passed
Theoretically the scalg can span from-oo to co. For prac- through the low-pass filteh and the high pass filtey to pro-
tical signals, i.e. network traffic, we limit the scale@o~ .J, duce the approximation; (k) and the detail/; (k) at scale
where scale/ is the largest timescale and scéls the smallest j + 1. At each stage, the number of coefficients at sgaie

/ b(t)dt =0, 4)

timescale. decimated into half of that at scajet 1, due to downsampling.
Define a dilated and shifted functign (¢) of ¢(t) as This decimation reduces the number of data points to be pro-
‘ ‘ cessed at coarser time scales and removes the redundancy infor-
w(t) = 2*3/%(2*% — k). (6) mation in the wavelet and the scaling coefficients at the coarser

time scales. Decimation allows us to represent a sighhy its
Denote the subspace spanned by the basis functiphs k¥ € wavelet and scaling coefficients whose total length is the same
Z} asV; and the subspace spanned by the basis functiogsthe original signal. However decimation has the undesirable
{¥jr, k € Z} asW;. Multiresolution analysis (MRA) requires effect that we cannot relate information at a given time point at
the subspaces satisfy the different scales in a simple manner. Moreover, while it is
desirable in some applications (e.g. image compression) to re-
V,;CVyaC-CVy and Viii@ W1 =V;. (7) move the redundancy information, in time series prediction the

] . redundancy information can be used to improve the accuracy of
Equation (7) means a signal can also be expressed as the c@@prediction.

blnatlon'of a small t|mescale.(smgller Fhan the tlmesqale COI|n this paper, we use a redundant wavelet transform, i.e. the
responding to scale J) approximation (finer approximation) agd

he detail ller i | : “a— trous wavelet transform, to decompose the signal [16].
the details at even smaller timescales. In fact, we can zoom IjQq the redundant information from the original signal, the

any timescale that we are interested in and use the coefficientg gftmus wavelet transform produces smoother approximations

1Some other wavelet bases exist, such as semi-orthogonal or bi-orthogdMfilling the “gap” caused t_)y deC|m_a¥|on' Using the- trous
wavelet bases. However in this research, we only consider orthogonal baseavavelet transform, the scaling coefficients and the wavelet coef-



ficients ofz(¢) at different scales can be obtained as: where Z; is a Gaussian distributed random variable with zero
mean and variance?, , i.e. Z; ~ WN(0,0?%) and the polyno-

co(t) = x(t) (8) mials(1 — g1z —---— ¢pzP) and(1 4 012 + - - - + 0,2,
- have no common factors [17]. #f = 0, then the model reduces
¢i(t) = Z h(l)ej_1(t + 2i-17), ) to a pure MA process and if = 0, then the process reduces to

a pure AR process. Equation (15) can also be written in a more

concise form as:
wherel < j < J, andh is a low-pass filter with compact $(B)X, = 0(B)Z, (16)

support. The detail of.(¢) at scalej is given by

l=—0c0

where¢ andf are polynomials of degree andq respectively
d;(t) = c;_1(t) — ¢;(b). (10) andBis the backward shift operator:

J e, — -
The set;, ds, ..., d s, c; represents the wavelet transform of the Bloy = X—5,5 =0,1,... (17)

signal up to the scald, gn_d the signal can .be exprgs_sed as ARMA model assumes the time series are stationary. If the time
sum of the wavelet coefficients and the scaling coefficients:  series exhibits variations that violate the stationarity assumption,
; differencing operation can be used to remove the non-stationary
2(t) = e (t) + Zdj(t) (11) téegj in the time series. We define the lag-1 difference operator
j=1
! VX, =X, - X,_1 = (1- B)X,. (18)
Many wavelet filters are available, such as Daubechies’ fagy, ARIMA(p,d,q) model is an ARMA(p,q) model that has been
ily of wavelet filters, B3 spline filter, etc. Here we choose Haayjitferenceds ’tirhes. Therefore it can be' represented as:
wavelet filter to implement thé — ¢trous wavelet transform. A

major reason for choosing the Haar wavelet filter is the calcula- ¢(B)(1 — B)‘X; = 0(B)Z; (19)

tion of the scaling coefficients and wavelet coefficients at time . . .
uses information before timeonly. This is a very desirable fea-!T the time series has a non-zero average value through time,
ture in time series prediction. The Haar wavelet uses a simple fi€n Equation (19) also features a constant téram its right
terh = (1/2,1/2). The scaling coefficients at higher scale cafi@nd side.

be easily obtained from the scaling coefficients at lower scale: F19- 2 and Fig. 3 shows the wavelet coefficients and the scal-
ing coefficients of an hour-long LAN traffic trace. The time

series being analyzed is the data rate of the LAN trace mea-
sured in terms of byte/s during 1s measurement interval. The
o . _details of the traffic trace will be introduced later. A visual in-
The wavelet coefficients can then be obtained from Equati@fetion of the scaling coefficients and wavelet coefficients in-
(10). dicates that the wavelet coefficients can be reasonably treated as
a stationary time series with zero mean. Therefore wavelet co-
efficients can be modelled using ARMA(p,q) model, or equiva-
In this section, we use the aforementioned- trous Haar |ently ARIMA(p,0,q) model. However there is significant non-
wavelet decomposition for traffic prediction. Instead of predicktationarity in the scaling coefficients. This non-stationarity be-
ing the original signalX (k), X (k —1),...., X (k — N) directly, comes more obvious when examining the scaling coefficients
we predict the wavelet coefficients and the scaling coefficier§ger longer time period as shown in Fig. 4. Therefore for scaling
independently at each scale and use the wavelet coefficients @dj'@lfﬁcients it is more appropriate to use AR|MA(p,d,q) model.
the scaling coefficients to construct the prediction of the original
signal. Box-Jenkins forecasting methodology is used to establish the
Fig. 1 shows the architecture of the prediction algorithm. C&RIMA(p,d,q) model for prediction at each scale. Box-Jenkins
efficient prediction can be represented mathematically as  methodology involves four steps [17]:

« The first step is the tentative identification of the model pa-

1
Cit1,t = §(Cj,t72j + ¢jit). (12)

IIl. THE PREDICTION ALGORITHM

cy(k+p) = Fyles(k),cs(k—1),....,csj(k —m)),(13) rameters. This is done by examining the sample autocorrelation
di(k+p) = [fi(d;(k),d;(k—1),...d;(k—ny)), (14) function:
1 n—k v v
wherem andn; is the number of coefficients taken for predic- = F 2= (i(t — X)Xtk — X)7 (20)
tion andp is the prediction depth. In this paper, we only use one- w2t (X — X)?
step prediction, i.ep=1. Multistep prediction can be achieved
) ) where
by using the predicted value as the real value or by aggregating _ oYX,
the traffic into larger time interval. X = % (21)
ARIM A(p,d,q) model is used for prediction. An . . I
ARMA(p,q) (autoregressive moving average) model can be reapr-IOI the sample partial autocorrelation function:
resented as: 1 if k=1
Tkk = { D DS VSIS if k=293 ) (22)
Xt_¢1Xt—1_"‘—¢pXt—p = Zt+elzt—1+"'+0qzt—q7 (15) 1—2?;11 Tk—1,jTj T
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where
Thi = Tk—1; — TkkTk—1,k—j,T0r j=1,2,... k-1 (23)

« Diagnostic check step. Diagnostic checks can be used to see
of the time seriesx. whether or not the model that has been tentatively identified and

« Estimation step. Once the model is established, the model gatimated is adequate. This can be done by examining the sam-
rameters can be estimated using either a maximum likelihoBl§ autocorrelation function of the error signal, i.e. the differ-
approach or a least mean square approach. In this paper &@e between the predicted value and the real value. If the model
the maximum likelihood approach and the least mean square igghadequate, it must be modified and improved.

proach were tried and their results are almost exactly the saméVhen a final model is determined, it can be used to forecast
Thus we stick to the least mean square approach to estimatefetigre time series values.

model parameters for its simplicity.
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IV. SIMULATION

Five traffic traces are available. Table Il shows information of
the traffic traces.

We use the traffic rate measured in the previous 1s time inter-
vals to predict the traffic rate in the next second. Prediction over
longer or shorter time intervals can be achieved by reducing the
length of the time interval or by multistep prediction. To vali-
date the performance of the proposed prediction model, one of
the traffic traces (i.e. trace 4) was picked randomly to establish
the prediction model and the prediction model is then applied to
other traffic traces for prediction.

Table Il shows the model parameters of the ARIMA(p,d,q)
model at each scale. Three scales are chosen. The choice on the
number of scales used for prediction is made based on the trade-
off between model complexity and accuracy. Further increase
in the number of scales significantly increases the complexity of
the algorithm but there is only a modest increase in accuracy. As
shown in the table, most noise in the model comes from wavelet
coefficients at scale 1. In comparison with wavelet coefficients
and scaling coefficients at other scales, wavelet coefficients at
scale 1 has very weak autocorrelations and a white noise like
power spectral density. It is almost like white noise. It is the
wavelet coefficients at scale 1 that limit the overall performance
that can be achieved by the prediction algorithm. Fig. 6 shows

In this section, we apply the proposed model to the real nfife autocorrelation function of the wavelet coefficients at scale
work traffic for prediction. The traffic traces used were cof,

lected by WAND research group at the University of Waikato

Computer Science Department. It is the LAN traffic at th ,
University of Auckland on campus level. The traffic trace
were collected between 6am and 12pm from on June 9, 20
to June 13, 2001 on a 100Mbps Ethernet link. IP heade **
in the traffic trace are GPS synchronized and have an aci
racy of 1us. More information on the traffic trace and the os
measurement infrastructure can be found on their webpay
http://atm.cs.waikato.ac.nz/wand/wits/auck/6/. Fig.5 shows t| o
traffic rate of the traffic trace measured between 6am and 12, -
on June 12, 2001. The traffic rate is measured on 1 second

tervals.
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Fig. 6. Autocorrelation function of wavelet coefficients at scale 1

The ARIMA models developed from trace 4 are then applied
to the other traffic traces to establish the performance of the pre-
diction algorithm. To measure the performance of the prediction
algorithm, two metrics are used. One is the normalized mean
square error (NMS):

¥ X (X(n) — X(n)?
var(X(n))

NMSE = (24)

Fig. 5. Traffic rate of the LAN trace measured between 6am and 12am on J¥Maere X (n) is the predicted value ok (n) andvar(X(n) de-

12,2001

notes the variance of (n). The other is the mean absolute rel-



TABLE |

TRACE TRACE USED IN THE SIMULATION

Trace ID | File name Measurement time Duration
1 20010609-060000-e0.gz Saturday June 9, 2001 | 6am-12pm
2 20010610-060000-e0.gz Sunday June 10, 2001 | 6am-12pm
3 20010611-060000-e0.gzMonday June 11, 2001 | 6am-12pm
4 20010612-060000-e0.gz Tuesday June 12, 2001 | 6am-12pm
5 20010613-060000-e0.gz Wednesday June 13, 20016am-9am
TABLE Il
MODEL PARAMETER OF THE PREDICTION MODEL
Scale Model name | Model parameterg Model parameter@ Noiseo?
Wavelet coefficient 1] ARIMA(1,0,4) | ¢1 = 0.8842 0, = 1.311,05 = —0.2185, 2.147 x 109
03 = 0,04 = —0.1008
Wavelet coefficient 2 ARIMA(4,0,4) | ¢ = 1.443, ¢ = —0.4782, 0, = —0.04322,60, = 1.768 5.847 x 108
¢3 = 0.04215, ¢4 = —0.02682 03 = 0.04953,0, = —0.7767
Wavelet coefficient 3 ARIMA(4,0,8) | ¢1 = 1.384, ¢po = —0.435 0, = —0.1833, 60, = —0.1531, 1.422 x 108
$3 = 0.02306, o4 = —0.004911 | O3 = —0.1824, 64 = 1.751,
05 = 0.1789, 66 = 0.1508,
07 = 0.1782,6g = —0.7583
Scaling coefficient 3| ARIMA(2,1,8) | ¢, = 0.508, ¢ = 0.02201 6, = —0.07853,0, = —0.08036 | 1.348 x 108
03 = —0.07985,0, = —0.08014,
05 = —0.07935, 0 = —0.08083,
07 = —0.0796, 05 = 0.9188

ative error (MARE), which is defined as follows: ARIMA approach. However, the NMS metric of neural network
N approach is much worse than that of multiscale ARIMA ap-
MRE — 1 Z (25) proach for trace 2. Therefore the exception on trace 2 cannot be
N —~ used as an evidence that neural network performs better for trace
2. Fig. 7 and Fig. 8 show the autocorrelation function of the er-
Since the relative error may be unduely affected by vary smadr signal for traffic trace 5 using multiscale ARIMA model and
values of X(n), to make meaningful observations, we only;sing neural network respectively. The autocorrelation function
count the MARE ofX (n) whose value is not small than theof the error signal for other traffic traces demonstrates similar
average value oK (n). Table Il shows the performance of thecharacteristics. The autocorrelation function of the error signal
prediction algorithm. For comparison purpose, the performangging multiscale ARIMA model is much weaker than that using
of traffic prediction using neural network approach is also showgural network prediction and it dies down faster. This also in-
in the table. A number of neural network models with differerficates that the performance of multiscale ARIMA model is bet-
number of input nodes, hidden nodes and transfer functions gfethan neural network prediction as the error is closer to white
evaluated, including those reported in [11], [18]. Itis found th@foise. As such, it can be concluded that ARIMA model with
the 32-16-4-1 network architecture used in [18] gives the begtltiscale decomposition generally achieves better performance
performance. Hyperbolic tangent sigmoid transfer function {gan neural network. Moreover, only three scales are employed
used in the hidden |ayel’ and linear transfer function is USEdimthe proposed prediction a|gorithm, which requires a memory
the output layer. The performance of the 32-16-4-1 neural n@dngth (here memory length refers to the number of past raw
work model is shown in Table Il to represent the prediction pegata samples required for prediction) of about 8. In comparison,
formance USing neural networks. To achieve a fair Comparis%ureu network requires a memory |ength of 32. The compu-

the same trace used for building ARIMA(p,d,q) models is usgftion using multiscale ARIMA model is also much easier than
to train the neural network. The very large data size in the traifiat using neural network.

ing trace ensures the convergence of the neural network, which
is also confirmed by a visual inspection of the error signal.

As shown in Table 111, the ARIMA model with multiscale de-
composition (referred to as multiscale ARIMA model for sim- In this paper we proposed a real-time network traffic pre-
plicity) gives better performance than neural network in modiction algorithm based on a multiscale decomposition. The
cases except for trace 2, where the MARE metric of neural neaw traffic data is first decomposed into different timescales us-
work approach is slightly better than that achieved by multiscéley thea trous Haar wavelet transform. The prediction of the

X(n)—X(n)
X(n)

V. CONCLUSION AND FURTHER WORK



TABLE Il
PERFORMANCE OF THE PREDICTION MODEL

Trace ID | Multiscale ARIMA | Neural network

NMS MARE NMS | MARE
0.1319 | 0.1633 | 0.1603| 0.1667
0.2296 | 0.2165 | 0.3168| 0.2053
0.1507 | 0.1403 | 0.1565| 0.1493
0.1592 | 0.1313 | 0.1622| 0.1386
0.21972| 0.1731 | 0.2258| 0.1823
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Fig. 7. Autocorrelation function of the error signal for trace 5 using multiscale, . . . .
ARIMA model Fig. 8. Autocorrelation function of the error signal for trace 5 using neural

network prediction

wavelet coefficients and scaling coefficients are performed in

pendently at gaph timescale using ARIMA model. The predlgt(ﬁ ns and incorporate them into our prediction algorithm. This
wavelet coefficients and scaling coefficient are then combin

. . , . - . [ improve both the accuracy and the generalization capabilit
to give the predicted traffic value. As traffic variations at differ- b y 9 P y

. ) . the prediction algorithm.
ent timescales are caused by different network mechanlsms,%e P 9
proposed multiscale decomposition approach to traffic predic-
tion can better capture the correlation structure of traffic caused

by different network mechanisms, which may not be obviodd W. EI Leland, NL ShTaqqu,V]}fl_. VE/illingedr, znd D. \;E,VI\EIIIIES/Z%MQFH the self-
e H similar nature of ethernet traffic (extended versio ransac-
when examining the raw data directly. tions on Networkingvol. 2, no. 1, pp. 1-15, 1994.

The prediction algorithm was applied to real network traffi¢2] V. Paxsonand S. Floyd, “Wide area traffic: The failure of poisson model-

The autocorrelation of the error signal of the prediction algo- S IEEE/ACM Transactions on Networkingol. 3, no. 3, pp. 226-244,

rithm is very weak, which is an indicatiOnIOf_ the adequacy 9% 3. Beran, R. Sherman, M. S. Tagqu, and W. Willinger, “Long-range de-
the model. The performance of the prediction algorithm was pendence in variable-bit-rate video traffidEEE Transactions on Com-
compared with that using neural network. It is shown that the Municationsvol. 43, no. 2/3/4, pp. 1566-1579, 1995.

d al ith I terf traffi dicti a{rl] M. E. Crovella and A. Bestavros, “Self-similarity in world wide web traf-
proposed algorithm generally outperforms traific prediction &l ic: Evidence and possible cause{SEE/ACM Transactions on Network-
gorithm using neural network approach and gives more accurate ing, vol. 5, no. 6, pp. 835-846, 1997.
prediction. The complexity of the prediction algorithm is als®] A. Feldmann, A. Gilbert, W. Willinger, and T. Kurtz, “The changing na-

S . ture of network traffic: Scaling phenomenaZomputer Communication
significantly lower than that using neural network. Reviewvol. 28, no. 2, pp. 5-29, 1998,

As pointed out in the paper, traffic variations at largl] A. Feldmann, A. C. Gilbert, and W. Willinger, “Data networks as cas-

: ; ; cades : Investigating the multifractal nature of internet wan traffic,” 1998,
tlme_scalgs_ are caused b_y routing changes, daily and Wegkly Proceedings of SIGCOMM'98, pp. 42-55.
cyclic shiftin user populations. However the length of the traffig; A Erramilli, 0. Narayan, A. Neidhardt, and I. Saniee, “Performance im-
trace (6-hour maximum) used in our analysis prohibits us to do pacts of multi-scaling in wide area tcp/ip traffic,” INFOCOM 2000 Tel

; : ; At ; Aviv , Israel, 2000, vol. 1, pp. 352-359.
large timescale traffic analysis and prediction. It is excepted t\lx/%t

. . . . P. Abry, P. Flandrin, M. S. Taqqu, and D. Veitch, “Wavelets for the anal-
some future work can be carried out in this area, which allo ysis, estimation, and synthesis of scaling data,"S@if-Similar Network

- to build prediction models for large time scale traffic varia-
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