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Abstract

We apply the method of surrogate data to the Internet
traffic time series in order to evaluate the self-similarity.
Using the iterated amplitude adjusted Fourier trans-
formed (IAAFT) algorithm, we generate the stochas-
tic time series data sets, which preserve empirical his-
tograms and autocorrelation functions of the original
data. Since the self-similarity depends on the autocor-
relation structure, we can preserve the self-similarity of
the original data. We also analyze network performance
by evaluating overflow rates with a simple transmission
model. Comparing the results of applying the real world
traffic and IAAFT surrogates to the model, we show that
both of them have almost the same effects to the trans-
mission model.

1. Introduction

We use the Internet in everyday life. Through the In-
ternet, huge amount of data traffic is transmitted. In
case of designing such networks, it is very important
to evaluate the statistical features of the network traf-
fic. Although stochastic processes are one of the con-
ventional frameworks for simulating the network traffic,
it has been indicated that modeling based on the con-
ventional stochastic process such as the Poisson process
may fail to simulate the performance of the networks
[1]. The reason is that the network traffic has the self-
similarity [2, 3, 4], which cannot be reproduced by the
Poisson modeling.

In this paper, we apply the method of surrogate data
to the network traffic data, in order to evaluate one of the
important characteristics of the Internet traffic data, the
self-similarity. The method of surrogate data is one of
the analysis framework for investigating possible nonlin-
ear deterministic dynamics. We can produce a surrogate
data set, which preserves the autocorrelation structure
of the time series. Since the self-similarity depends on
autocorrelation, we can preserve the self-similarity of the
original data,
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We introduce two surrogate data generating algo-
rithms. The first is the random shuffle algorithm
[5], which preserves empirical histograms of the origi-
nal data, but destroys temporal structures. The sec-
ond is the iterative amplitude adjusted Fourier trans-
form (IAAFT) algorithm [5], which preserves not only
the empirical histograms but also autocorrelation func-
tions. Using these two algorithms, we compare the self-
similarity index of the given data and the surrogate data
sets.

We also apply these data to a simple transmission
model, and show the importance of preserving tempo-
ral structures of the original traffic data for modeling
network architectures.

2. Self-similarity and Surrogate data

There are many discussions on existence of the self-
similarity in the Internet traffic [2, 3, 4, 1]. Since the
self-similarity of the time series depends on the autocor-
relation structures, if we can use any algorithms which
can preserve the autocorrelation structures, we expect
that the algorithm also preserve the self-similarity.

For nonlinear time series analysis, the method of surro-
gate data [5] has been utilized for evaluating uncertainty
of obtained results. Surrogate data are stochastic data
which have the same statistical property as the original
data. There is a wide variety of algorithms for generating
surrogate data [5]. One of them, the IAAFT algorithm
is an improved version of the amplitude adjusted Fourier
transform algorithm [5], which is based on the Fourier
transform algorithm that can preserve autocorrelation
structures perfectly. Then, we use the TAAFT algorithm
for a tool to preserve the self-similarity of the Internet
traffic data.

In order to confirm the above concept, we apply the
TAAFT algorithm to the real traffic data. Let us de-
note the observed packet count as x(t;) where t,(i =
1,2,...,n) is the i-th timestamp at time ¢;. For the
sake of simplicity, we transform z(¢;) to uniformly re-
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sampled time series y(k)(k = 1,2,...,N) with the bin
size 0.01[sec]. Namely, the value y(k) is the total amount
of packet counts included in the k-th bin.

We show the observed traffic data z(t;) in Fig. 1(a),
and the transformed time series y(k) in Fig. 1(b).
We calculate the autocorrelation functions of the orig-
inal data, and surrogate data produced from two algo-
rithms. We compare the results in Fig. 1(c). The orig-
inal data (Ibl-pkt-4) are available at the Internet cite
(http://ita.ee.lbl.gov). In Fig. 1(c), it is clearly shown
that an ITAAFT surrogate has almost the same autocor-
relation function as the original.

packets [Bytes]

Figure 1: (a) The observed Internet traffic data z(t;), (b)
the uniformly resampled time series y(k), and (c) auto-
correlation functions of the original and its surrogates.

We compare the strength of self-similarity of the real
traffic time series and those of the surrogate data sets.
Figure 2 is the R/S analysis plots which are the rescaled
adjusted range plots. We draw the relationships between
the number of data points n and R(n)/S(n) in the log-
log scale, where R(n) is the adjusted range statistic of
the process and S(n) is a sample standard deviation.

Namely, for time series y(k)(k =1,2,...,N), the R/S
statistic is given by:

R(n)/S(n) = [max(0,Wy,Wa,...,W,)

— min(0, Wy, Wa, ..., W,)]/S(n), (1)

where Wi, = (y(1) +y(2)+. .. +y(k)) — ky, § is a sample
mean of y(k)(k=1,2,...,N).
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Figure 2: The R/S plots of the original traffic data time
series and its RS and IAAFT surrogate data sets.

In Fig. 2(a), we compare the R/S plots of the traffic
data with those of random shuffled surrogates. We use
the same original traffic data as shown in Fig. 1(a)(lbl-
pkt-4). The solid line with pluses is the analysis re-
sults by the R/S for the original data. Dashed lines are
those for random shuffled surrogates. We can clearly see
the difference between the original data and surrogates,
which means that the random shuffled surrogates could
not preserve the self-similarity of the original data. It
should be noted that the slope of the original data is
steeper than the slopes of the surrogate data sets. It
means the Internet traffic has larger strength of self-
similarity than the random shuffled surrogates. Namely,
we can destroy one of the intrinsic nature of the Internet
traffic, the self-similarity, by the random shuffle algo-
rithm.

On the other hand, in case of applying the TAAFT
algorithm, the R/S statistics of the original data are
completely included in the distribution of those of its
surrogate data. Namely, we observe the same slope for
the traffic data and its surrogates. With these results,
we clarify that the TAAFT surrogate can preserve the
self-similarity of the original data.

In Fig.3, we show the other results with variance time
plots, which is also a popular method for evaluating frac-
tal property of the time series. We use the following local
average to the original time series y(k):

y (k) = (y(km —m+1) + -+ y(km))/m.  (2)

Then we plot the relations m and variances of y("™ (k)
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in a log-log plot. If the slope of the graph is less steep,
the time series data exhibit stronger self-similarity.

From the results of Fig.3, in case of using IAAFT al-
gorithm, we cannot see any differences between the orig-
inal data and surrogate data sets (Fig.3(b)). In case
of applying random shuffle algorithm (Fig.3(a)), the au-
tocorrelation structures are destroyed, then there is no
signature on preserving the self-similarity.
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Figure 3: The variance time plots of the original traffic
data and RS and IAAFT surrogate data sets.

3. Network Performance and Surrogate Data

We introduce a simple transmission model, which has
a finite buffer size (Fig. 4). We apply data series to the
system from the left side. Then, the data are pushed
out from the right side with a fixed transmission rate.
When the inputs are larger than the possible transmis-
sion rate at the output side, the system keeps the data
in the buffer. Once the data is stored in the buffer, they
are put out with a constant rate, which corresponds to
the possible maximum transmission rate at the output
side. If the amount of the inputs are not so large, all the
input data are smoothly transmitted through the out-
put. However, if the input data are unexpectedly large

-

Figure 4: A transmission model.

—

Buf f er

and continuously coming into the system, the input data
will overflow and the traffic may not be correctly trans-
mitted through the system. Changing the buffer size,
we evaluate the buffer overflow rates for the real traffic
data and the surrogate data sets. Although, we use such
a simple model, the essential idea of the input-output
relation described by the model is very plausible and
widely acceptable as a model for the real transmission
system.

First, we compare the buffer overflow rates of the traf-
fic data with random shuffled surrogate. We introduce
two data taken at different time and different position,
Ibl-pkt-4 and dec-pkt-2. The results are shown in Fig.
5. It is clear that results of the random shuffled surro-
gate show completely different characteristics from the
original traffic. We find that buffer overflow rates of
the random shuffled surrogate are much smaller than the
original data. It means that it is impossible to simulate
the same characteristic by preserving only the empirical
histogram, the average and the variance. From Fig. 5,
we also find that the required buffer size for small buffer
overflow rates (< 107°) is 100 times larger for the real
traffic data. Therefore, for simulating communication
systems, it is not appropriate to use a stochastic model
with which the empirical histogram, the average or the
variance of the traffic amount are only preserved.
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Figure 5: Buffer overflow rates of the two traffic data,
and random shuffle surrogates.

In Fig. 6, results of the traffic data is compared with
those of its TAAFT surrogate data sets. In this case,
the buffer overflow rates are almost the same for the
original data and the surrogates. It means that the au-
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tocorrelation structure is very important for analyzing
communication systems.

In Fig. 7, we show the relationships between differ-
ences on autocorrelation and buffer overflow rates. Here,
we evaluate two differences by calculating the distances
between the original data and surrogate data sets. From
7, we see that if the differences on autocorrelation be-
tween the original and the surrogates are small, there are
small differences on buffer overflow rates between them.
Namely, preserving the autocorrelation, we can realize
almost the same characteristic property as the original
traffic. The results also support the suggestions of the
conventional researches, which insist the importance of
the self-similarity of the Internet traffic data.
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Figure 6: Buffer overflow rates of the original traffic data,
and those of its IAAFT surrogates.

4. Conclusions

In this paper, we show the importance of preserving
autocorrelation structures, and the self-similarity, of the
Internet traffic data, using the method of surrogate data.
Our results are consistent with the conventional results,
which show the existence of the self-similarity.

Since the second-order characteristics of the IAAFT
surrogates are almost the same as the original traffic, we
can have very good candidates for constructing a new
traffic model. Even if we only observe a single sample
of traffic data, we can generate as many surrogate data
sets as we want. Our results also show the plausibility
and the reliability of the analysis framework for a traffic
modeling with the method of surrogate data, which has
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Figure 7: Dscrepancy between the original and the
TAAFT surrogate data sets.

been used in the field of nonlinear time series analysis.
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