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Abstract— In this paper, a new method for automatic traffic  single model cannot adequately represent all types of Internet
model classification is investigated. This method tries to classify traffic. Moreover, traffic characteristics can vary over time and
the current measured traffic to a "best-fit” model selected from a - yenang on the particular type of sources. Hence, we have in-
model library in real time. In our initial simulation experiments, a . . . . .
model library has been constructed with two models representing vestlga_ted an adaptive method where the 1?95”“ traffic model is
Short_range dependent and |Ong_range dependent trafficl respec- dynam|Ca”y Chosen based on current trafﬂC measurements. An
tively. We use the measured Hurst parameter statistic to choose overview of the general approach is shown in Figure 1. A model
between the two traffic models. The accuracy of the method is |ibrary consists of a number of pre-programmed candidate traf-
evaluated under different circumstances with simulated traffic. fic models. It is designed to be modular (instead of integrated)

Index Terms— Model classification, long-range dependence, to allow different models to be added, changed, or removed,
Hurst parameter, wavelet-based estimator without effecting the overall system. As traffic is observed in
real time (represented by a time series), traffic statistics are con-
tinually updated, and the statistics are used to dynamically se-
lect one of the candidate models as the best-fit model. Ulti-

Traditionally, traffic modeling is performed off-line on his-mately, the best-fit traffic model that is output from this system
torical traffic data and the results may not be relevant to curres2in be used to adapt resource allocation algorithms.
network conditions. It would naturally be more useful to ana-
lyze traffic in real time. For example, resource allocation could preee s |

I. INTRODUCTION

be better adapted given an accurate model of the current net- Traffic Model 1

work traffic. However, the problem of real-time traffic model- statistics module | |

ing is complicated by the fact that traffic characteristics may ¢ Vodel 2

vary over time and depend on the particular type of source. module | | Best—fit
Traffic studies suggest that a single model cannot adequately Model 1 model
represent all types of traffic. To address this problem, we have Observed traffic | Selection }

. . . . (traffic trace) |
investigated an approach based on a modular library of traffic ‘ !
models. The "best-fit” traffic model for measured traffic is se- " [ Model N| !
lected dynamically from the library using statistical estimation | module | |
techniques. The model selection is updated continuously in real L |

time as more traffic is observed. Model library

In this paper, we focus on the simple problem of model clas-
sification using a two-model library. Ultimately, the lessons
learned will be generalized to a system with an arbitrary num-
ber of models. In Section I, we describe the general modelln the general case with N candidate models, it is difficult
classification approach_ Section Il presents pre"minary S|mtfl Identlfy a sufficient set of statistics for the model selection.
lation results for the simple two-model scheme. In the concl&!so, it would be very complicated to fully evaluate the accu-
sions, we discuss ideas for extending our method to the gené@gly of a general system. Therefore, we have chosen to focus

N-model case and outline research issues for future work. our initial study on a simple two-model system where a single
statistic is sufficient to differentiate between the two candidate

models. The feasibility of the two-model system is evaluated
by means of simulation experiments. Our objective is to genar-

Many traffic models have been developed over the years #dize the results from the two-model system to better design the
various types of traffic. From these studies, it appears thageneral N-model system.

Fig. 1. General model classification system
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lll. RESULTS FOR TWOMODEL CLASSIFICATION TABLE |
. VANISHING MOMENT TEST FOR FGN DATA.
A. An Experimental Two-Model System
In initial experiments, two candidate models were imples H=06 H=07
. : [ N=1 N=2 N=3 N=1 N=2 N =3
mented: a Poisson process to mo.del sh_ort—range depen Nl 1 0.6684 | 0.6702| 0.7045 | 0.7994 | 0.8314 | 0.8589
(SRD) traffic and a fractional Gaussian noise (fGn) process [0 A,,;, | 0.5040 | 0.4839 | 0.4908 | 0.6290 | 0.6065 | 0.6053
. 3 i | Hieqn | 0.5986 | 0.6064 | 0.6115 | 0.7017 [ 0.7176 | 0.7225
model long range dependent (LRD) _trafflc. The Poisson prd om0 0aa1 | 0.0a74 | 0.0410 | 0.0358 | 0.0423 ] 00420
cess has been widely used for traditional SRD data sources: H=038 H=009
. -, i N=1 ] N=2 [ N=3 N=1 N=2
Recent!y, Etherngt data traffic was f_oupd to exhibit self.S|m.|I T 1 0.9037 | 0.8993] 0.9122 | 0.9959 | 1.0250 | 1.0824
properties [1]. Evidence for self-similarity was reported in wid€ #,,;, | 0.6816 | 0.7180 | 0.6847 | 0.7799 | 0.8080 | 0.8419
area traffic [2], variable-bit rate (VBR) video traffic [3] [4], Hﬁwean 8-3223 g-gégi 8-82% 8-83% 8-8%39 069323
World Wide Web traffic [5], and SS7 traffic as well [6]. Ld ‘ - ' ' ' '
An LRD or self-similar process has an autocovariance func-

tion that decays hyperbolically

N =3

The wavelet-based Hurst parameter estimator performs a

Cov(Xp, Xpir) ~ |k|7° (1) time average of wavelet coefficients, (j, k)|* at a given scale
J

when |k|] — oo and0 < 8 < 1. In contrast, SRD pro- 1 .2
. : . I, =— Jwe(d, k 4
cesses have exponentially decaying autocovariance. The Hurst Z njlw(j, k)] “)
parameterd (0.5 < H < 1) is used to indicate the degree ) .
of self-similarity of a process (highei indicates more self- v.vherenjlls the number _of wavelet coefficients at scale level
similarity). The parametes is related to the Hurst parameted- 1he linear relationship betweeng,(I';) and scale level
by 5 = 2(1 — H). Because of the central importance of thé for @ range of scalegy, jo] indicates the presence of self-
Hurst parameteH in characterizing LRD processes, it is natSimilarity or long-range dependence. An estimatbrfor the

ural to use the parameter as the statistic to choose between{HESt Parameter can be obtained by making a linear regression
SRD or LRD candidate models. of log, (I';;) on scale levej in the scaling rangéj, jo|:

s
J k=1

log, (I'y) = (2H —1)j + € (5)

B. Wavelet-based Hurst Parameter Estimation

Wavelets are a powerful tool to analyze the scale-based prdp€ Sc@ling rangej, j»] is an important factor affecting the
erties of data. Since a self-similar process has similar statistiB&Furacy of the wavelet-baséfi estimator. In this _study, the
characteristics over a broad range of scales, wavelet transfoli9!€ interval of the scales was used for the scaling range be-
are naturally well suited to examine the self-similarity of nef£2Use it appeared to be a good choice. _
work traffic. In this study, the Abry-Veitch wavelet-based esti- 2) vanishing momentsin the wavelet-based estimator, the
mator for the Hurst parameter was chosen because it has bé&#shing momentV of the wavelet is an important parameter.
reported to be a good choice for on-line applications and Havaveletis said to have vanishing moments of ort¥eif
advantages over Whittle’s method [7] [8]. oo

1) Scaling range: Wavelet transforms provide a means for / tPapo(t)dt = 0,p=0,..., N — 1 (6)
simultaneously examining a time series at a range of differ- e
ent scales:, while maintaining the time dimension informa’wherewo(t) is the mother wavelet [10]. A largeN results
tion. Multiresolution analysis (MRA) theory defines a dyadig, petter estimation theoretically [7]. However, larggralso
grid, (a,t) = (2,2/k),j,k € N, and shows that no infor- means fewer data points are available for the estimation be-
mation is lost if the continuous wavelet coefficients are samgayse of the border effect [7]. In this study, different values
pled at the grid. Thus leads to the discrete wavelet transfogiy were applied to simulated fGn data and Poisson data, and
[9]. Given a time seriesX (k) and the initial scaling func- {he statistics foi7 were computed as shown in Table | and Ta-
tion a, (0, k) = X (k), we can compute the wavelet coefficientge 1. From the results, it was observed that the best statistics
w,(j, k) atscale’ (1 < j < log, N) by convolving the scal- for /7 were obtained (in most cases) whah = 1. Hence,
ing functions with filtersi(n) andg(n): the vanishing momen¥ = 1 was used in our wavelet-based

. . estimator.
a5 (j, k) = hag(j — 1, k) (@) 3) Data sample size:For the wavelet-based estimator, the
wr(ja k) :gaﬂc(j_lvk) 3

number of data samples is required to be a powe?.ofTa-

ble 11l shows the results of statistical tests Hf for various
whereh(n) andg(n) = (—=1)"h(1 — n) are discrete-time low- lengths of fGn and Poisson data with= 1. It can be seen that
pass and high-pass filters, respectively. larger sample sizes naturally result in more accurate estimation



TABLE Il TABLE IV

VANISHING MOMENT TEST FORPOISSON DATA. PROBABILITIES OF MIS-CLASSIFICATION TEST
Vanishing moment Hipreshotda | Prob. for Poisson| Prob. for fGn (H=0.6)
N=1 N=2 0.5547 : .
Hpax 0.6292 | 0.6222 0.55 0.0181 0.028
Hstat | Hpin | 0.3533| 0.3618 0.5470 0.026 0.026
105006 | 04980 0.5450 0.0315 0.02
H.,,q | 0.0359| 004

TABLE IlI value, the probabilities were measured as shown in Table IV
ESTIMATION RESULTS FOR VARIOUS LENGTHS OF 6N (H=0.6) AND for Poisson and fGn data. It was noted that a threshold value of
PoISSON(H=0.5) DATA H = 0.5470 resulted in equal probabilities for f{Gn and Poisson

data, so we would not biase to either model. And the combined

Data sample of fGn data ratios turned out to be only 0.052. Thus, it seems that model

T 0.5753"76 0%16% 4 ol.gége oz.gﬁg oz.‘gs?go selec_tlon using thresho!d can be fairly accurate even when the
Homin | 0.4760 | 0.5040 | 0.5432 | 0.5652 | 0.5712 candidate models are similar.

Hypean | 0.5971 | 0.5986 | 0.6021| 0.6004 | 0.5985 Studying Tables | and Il revealed a fact that although there

Hqq 0.0587 | 0.0341 | 0.0238 | 0.0156 | 0.0127

Data sample of Poisson data was a overlap betweeHs o_f fGn (H = 0.6) data and Poisson
7 0265962 . 0%1229 5 Olgégl Ozgggl 0423??7 data,Hs of f{Gn data with higheH values had very few over-
T 1-0.3587 | 0.3533 | 0.4108 | 0.4494 | 04621 lapping probability with Poisson data. Thus, we can expect that
Hpean | 0.5003 | 0.5006 | 0.5002 [ 0.4999 [ 0.5001 if f{Gn data has higher H value, higher threshold will result in
Hsg | 005771 00359 ] 0.025 | 0.0165 0.0112 less and even zero wrong selection probability. Then using the

threshold found from fGn (h=0.6) will degrade the system per-

formance for fGn data with higher H values. However, thus will
(smaller variances and closer mean to the true value). For acetisure the overall system performance for fGn with different H
racy, a larger data sample will always be better. However, largetfiues. So we chose this value as the system threshold.
sample sizes will increase the time needed for model selection2) Model selection when traffic is changingn the previ-
The choice of sample size involves a trade-off between estings experiment, the simulated traffic was purely SRD or LRD
tion accuracy and time for model selection. For this study, wehich simplifies estimation of the Hurst parameter. In more re-
decided on a data length 6624 somewhat arbitrarily. In prac- alistic circumstances, the traffic characteristics may be chang-
tice, the choice of sample size may be constrained by a desifggl over time and the Hurst parameter estimation must be up-

level of accuracy or time for model selection. dated continuously to detect the changes. In the next simula-
tion experiment, we generated traffic consisting of alternating
C. Accuracy of Model Selection SRD and LRD segments. The SRD traffic was simulated by

1) Model selection using thresholdie investigated the use Multiplexing 10 on/off sources data. The simulated LRD traf-
of a threshold value fofl to choose between the LRD andfiC consisted of fGn withf = 0.8 instead ofH = 0.6. The
SRD candidate models. Obviously5 < H < 1 indicates a éasonwas thr_;tt since we assgmgd fGn (H=0.6) as a lowest self-
presence of long range dependence Bné- 0.5 implies short simlarity case in our study, using it as source traffic would have
range dependence. However, the estimatiof{ofs random the worst system performa.nce.. So we chose pr (H=0.8) for
which can result in selection of the wrong model. To find #€ following model changing simulations, and tried to focus
suitable threshold for the system, we attempted various threSR-addressing the selection delay problem instead of studying
old values to choose between a Poisslin 0.5) model and a It With the wrong model selection problem together.
fGn (H = 0.6) model. If H < Hyp,esnota, the Poisson model  Three types of traffic were generated:
was selected; otherwise, the fGn model was chosen. But wel) 4096-length segments of LRD traffic alternating with
found from Table | that soméfs of fGn (H = 0.6) and those 4096-length segments of SRD traffic;
of Poisson overlapped, so there could be a challenging case fo?) a 1536-length segment of SRD traffic followed by a
accurate model selection. In simulation experiments, the prob- ~ 1536-length of LRD traffic and then a 1024-length of
abilities of mis-classification were examined. For fGn data, a  SRD traffic;
estimation With? < Hyp,«sho1a Was considered to be awrong 3) a 1536-length segment of SRD data followed by a 1024-
one and the probability of mis-classification was defined as the  length segment of LRD traffic and then a 512-length of
ratio of number of wrong estimations to the total number of ~ SRD traffic.
estimations. Same definition was applied to Poisson data withThe Hurst parameter is estimated simply over consecutive,
wrong estimator having? > Hinreshola- FOr each threshold non-overlapping 1024-length segments of the traffic. That is,



the Hurst parameter is computed over the first 1024-length seg-
ment, then computed over the next 1024-length segment, a1 | ,
so on. Clearly, this method is well suited for traffic that is LRD .,
or SRD with 1024-length intervals, namely the first simulatec;” -
traffic type. When there is a mixture of LRD and SRD traf-: EER faeq ToTomeomeomommomm e
fic within the same 1024-length segment, estimatioffahay *.. | T
result in the selection of the wrong traffic model.

In the first simulated traffic data, the 4096-length segments ¢ * .
LRD or SRD traffic are multiples of 1024. Hence, estimating =~ =~ = el 77 TR e e e
the Hurst parameter over 1024-length segments work well. Fig-
ure 2(a) shows that the Hurst parameter is estimated accurately,
and Figure 2(b) shows that the model classification works well. .

In the second simulated traffic data, the LRD and SRD seF'g'.z' Trace 1: Hurst value anq data comparisons between
ments are not exactly multiples of 1024 lengths. The first 102 riginal and model-generated traffic
length segment consists entirely of SRD traffic, so the Hurst
parameter computed over this segment is accurate, as showp
in Figure 3(a). The second 1024-length segment is a coms~
bination of SRD and LRD traffic, resulting in an estimated
H = 0.67 and classification as LRD as shown in Figure 3(b).i B I L
The third 1024-length segment is entirely LRD and the fourthe- . st s 5t s
1024-length segment is entirely SRD; both segments were clas:
sified correctly.

In the third simulated traffic data, the first 1024-length seg- -
ment is entirely SRD which is classified correctly, as shown in
Figure 4(b) and Figure 4(a). The second and third 1024-point (a) Hurst value comparison (b) Data comparison
segments consist of a mixture of LRD and SRD traffic. Both

segments were classified as LRD because of the comgilitetig, 3. Trace 2: Hurst value and data comparisons between

values. original and model-generated traffic
3) Improving model selection with sliding windows and ex-

ponential weights: The previous experiments showed that es-

timation of the Hurst parameter over non-overlapping segmef&&mpute the Hurst parameter over long data intervals (for ac-
could be problematic when the traffic changes do not happerft§acy) and the opposite need for short data intervals (to detect
coincide with the 1024-length intervals. As an improvemerffaffic changes quickly). We investigated sliding windows and
the next simulation experiments tried a sliding window; th@xponential weights to improve the model selection when traf-
Hurst parameter is still computed over 1024-length data 55'@_ characteristics are dynamic. It remains for future work to
ments, but this window is advanced (slide) in 64-length stepgore fully evaluate and improve this system.

Thus, consecutive calculations of the Hurst parameter share afior @ library which contains more than two models, more
interval of 960 data points in common. For another improvélatistics of traffic have to be measured and a more complicated

ment, we used exponential weights to discount older data saffthod has to be developed for model selection. In the two-
ples in the Hurst estimation. model experiment, we used one statistic, Hurst parameter of the
Figures 5(a) to 7(a)) show the improvement in the Hurst pg_affic, to switch between candidate models. Generalizing to the
rameter estimation, and Figures 5(b) to 7(b)) show the improvd-model library, V' statistics should be measured and form a
ment in model classification. The sliding window and exponef.dimensional vector. This vector, denoted b, ..., ),

tial weights can greatly improve the capability to detect chang@dl be used to switch among th& models. If we divide the
in the traffic characteristics. N-dimensional space intdy disjoint regions, modej will be

selected as the "best-fit” model(if1, ..., z ) falls into the re-

gion j. Future works include what statistics should be mea-
IV. CONCLUSIONS sured, how to construct the regions f¥rmodels, and the way
evaluate the system.

(a) Hurst value comparison (b) Data comparison

Esimated engin = 1024

This paper focused on a two-model system for model cldS-
sification. The results show that a simple threshold can be
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(a) Hurst value comparison (b) Data comparison (a) Hurst value comparison (b) Data comparison
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