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In this paper we apply the nonlinear time series analysis method to small-time scale traffic measurement data. The

prediction-based method is used to determine the embedding dimension of the traffic data. Based on the reconstructed

phase space, the local support vector machine prediction method is used to predict the traffic measurement data, and

the BIC-based neighbouring point selection method is used to choose the number of the nearest neighbouring points

for the local support vector machine regression model. The experimental results show that the local support vector

machine prediction method whose neighbouring points are optimized can effectively predict the small-time scale traffic

measurement data and can reproduce the statistical features of real traffic measurements.
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1. Introduction

Network traffic analysis and modeling play a ma-
jor role in characterizing network performance, so they
have aroused the interest of many researchers. Models
that accurately capture the salient characteristics of
the traffic are useful for analyzing and simulating net-
work dynamics, and they facilitate further our under-
standing of network dynamics, so they have a funda-
mental significance for designing networks and solving
engineering problems, e.g., the traffic balance scheme,
router, switcher designing, the manage devices, and
relevant support software development.

Complexity is a key issue in network geometry
and information traffic. Evidence of traffic complex-
ity appears in many forms, such as the long-range
correlations and self-similarity found in the statisti-
cal analysis of traffic measurements. There is also
strong evidence of these phenomena on several dif-
ferent time scales. The complexity revealed from the
traffic measurements leads to the fact that the net-
work traffic cannot be analyzed in the framework of
available traffic models.' 3! Alternative reliable traf-
fic models and tools for quality assessment and control

should be developed.[*-?!

Recently, communication and network technolo-
gies have been developed rapidly, which causes the
traffic characteristics to change greatly. The research
emphasis on the network traffic analysis and modeling
has switched from the large-time scale to the small-
time scale. It is shown that the traffic characteristics
of the small-time scale are different from those of the
large-time scale.l%7 So the large-time scale network
traffic models are unsuitable for small-time scale net-
work traffic.

Nonlinear time series analysis, which has been ex-
tensively studied in the past two decades,®=24 has
provided a new idea and method to deal with complex
phenomena and irregular time series. There is growing
evidence that the nonlinear deterministic component
exists in the network traffic time series.[?26] In the
present paper we apply systematically the nonlinear
time series analysis method to the traffic measure-
ment data. The experimental results show that the
nonlinear time series analysis method can be success-
fully used for further understanding the main features
of traffic data.
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2. Nonlinear analysis of small-
time scale network traffic data

The reconstructed phase space, which is equiva-
lent to the original phase space of a system from a
scale time series, is the basis of nonlinear time series

8] Based on Whitney’s topological embedding

analysis.
theorem, Takens!®! has proved the delay embedding
theorem which offers the possibility of reconstruct-
ing m-dimensional dynamics from a scale time series
in the absence of noise. However, the delay embed-
ding theorem does not directly show how to choose
its parameters-embedding dimension and delay time.
So the key to performing the phase space reconstruc-
tion from a real time series is to determine its op-
timal parameters. Suppose that an observed scalar
time series is {z;}, i = 1,2,... N. According to Tak-
ens’ delay embedding theorem, the embedding of the
strange attractors can be obtained by reconstructing
the delay vectors X (n) = [Xn, Tp—r, . .. ,mn,(m,l)T]T,
n=(m-1)7+1,(m—1)7+2,...,N, where m is the
embedding dimension and 7 is the delay time.

There have been many discussions on how to de-
termine the embedding dimension from a scalar time
series.!'0=16] There are four methods that are usually
used. They are the computing invariant method,[10:11]
the singular value decomposition method,"? and the
false neighbour method,!*3'4 which have some disad-
vantages, such as inapplicability in a short time se-
ries, sensitivity to noise, time-consuming in computa-
tion, subjective criterion, etc., and the method based
on nonlinear prediction,!*®16 which has some advan-
tages, such as applicability in a short time series, sta-
ble to noise, computationally efficient, and no param-
eter introduced purposely. The last method is based
on the system predictability. Increasing the embed-
ding dimension of the nonlinear prediction model pa-
rameterized by the embedding dimension, one notes
that the optimal embedding dimension occurs when
the prediction error stops drastically declining. Ref-
erence [15] is based on a local linear prediction model
and reference [16] is based on a global polynomial pre-
diction model, which optimize both parameters: the
embedding dimension and the nonlinear degree, at the
same time. In the present paper, according to a lo-
cal nonlinear prediction model we determine the em-
bedding dimension from the traffic measurement data
from the following equation:

C(m) = Ine(m)? + 2m/N, (1)

where

LA 2

Z+1 [En(m) — 0]

2 __ n=m
e(m)? = 5 : (2)
> [zn—zP?

n=m-+1
Here z, (n = 1,2,...,N) are the actual values, &,
(n=1,2,...,N) are the prediction values, and ¢(m)?

is the normalized variance of the prediction error.

Predicting the time evolution of a system from ob-
servations is one of the most important classical prob-
lems in time series analysis. With the development of
chaos theory and research on its applications, various
nonlinear time series prediction methods have been
proposed to predict irregular time series,'7~23! which
can be grouped into two major classes: global and lo-
cal. The global methods use the whole time series to
model the true function of the whole attractor. It is
clear that methods of this kind have the disadvantage
that if new information is taken into account then all
the parameters involved in the models may change,
and that a long parameter estimation time may be
required. At the same time, the true function of the
whole attractor is very difficult to model. The local
methods!7=23] overcome this drawback by building a
model only on the local attractor and utilizing only
part of the past information. Farmer and Sidorowich
have proved that the prediction performance from the
local methods is more superior than that obtained
from the global methods with the same embedding
dimension.'” So the local prediction methods have
received considerable attention and become one of the
most popular methods to predict nonlinear time se-
ries.

The first step of the local prediction is to find
the neighbouring points of the current state X (n) in
the reconstructed phase space. According to the re-
constructed trajectory, we first compute the distances
between the current delay vectors X (n) and its n — 1
preceding delay vectors X (i) (i =1,2,... ,n—1) with
an imposed metric,

d(i) = [|X(6) = X (n)l, , (3)

and then find the k nearest neighbouring points X (n;)
(i =1,2,...,k) of the current state X(n). The lo-
cal linear prediction model in an m-dimensional delay
embedding space is an m-order autoregressive model,
and the prediction model is expressed as a linear su-
perposition of the m elements of delay vector, i.e.

Zptr = anX(n) + by,. (4)
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The coefficients a,, and b,, are determined by using the
least squared criterion to minimize

k
minz |, o1 — an X (n;) — by|?. (5)
i=1

In the local linear prediction method, linear map-
ping is used to approximate the evolvement function of
the current state X (n) and the future value &, 1, and
also the neighbouring points X (n;) (i =1,2,... ,k) of
X (n) to approximate this linear mapping.

3. Local prediction and the near-

est neighbouring points

Research on the local methods is continuing. But
most researchers have proposed that the local nonlin-
ear model has a similar performance to that of the
local linear model and the linear model is usually
used in the local prediction method.'”) However, in
recent years researchers have tried to use the nonlin-
ear model to replace the linear model in the local pre-
diction method. For example, in Refs.[22] and [23] the
support vector machine regression model was used to
replace the linear model and the local support vec-
tor machine prediction method was suggested where
the neighbouring points were used to train this local
support vector machine regression model. Namely,
we train the support vector machine, where the in-
put is X(n;) (i =1,2,...,k) and the output is zp, 47
(i =1,2,...,k), and obtain the corresponding sup-
port vector and weighting coefficient, then exploit this
local support vector to compute the prediction value
Ty of the future value.

The number of nearest neighbouring points is an
important parameter for the local prediction method,
which has important influence on the prediction accu-
racy and computation complexity of the local model.
To our knowledge, under the local linear constraint
the local nonlinear model may have a similar perfor-
mance to that of the local linear model. In the present
paper, we suggest that in order to take the nonlin-
ear fitting advantage of the nonlinear model in local
prediction and to improve the prediction accuracy of
the local nonlinear model, we should choose the ap-
propriate neighbouring points for the local prediction
method. The local nonlinear model is not restricted by

the local linear constraint. So the number of neigh-
bouring points of the local nonlinear model can be
larger than that of the local linear model. But if the
number of neighbouring points are too large, the com-
putation complexity will be increased and the model
will be overfitting. So we should appropriately choose
the number of neighbouring points for the local non-
linear prediction model.

In the present paper, we use a local support vec-
tor machine regression model to predict the traffic
data, and we adopt the neighbouring point selection
method,?* which is based on an information criterion,
to choose the number of nearest neighbouring points
for the local support vector machine prediction model,
which can be formulated as follows:

N(k) =Ine(k)? + (k + 1)%, (6)

where £(k)? is the normalized variance of the predic-

tion error.

4. Experimental results and anal-
ysis

In this paper we use the TCP traffic data which is
issued by the Lawrence Berkeley Laboratory. These
traffic data contain a one-hour wide-area traffic be-
tween the Digital Equipment Corporation and the rest
of the world. The data package used in this paper is
DEC-Pkt1 in millisecond time precision.?” The traf-
fic data aggregated with time bin 0.1 s, that is, the
arrived package numbers distributed within the 0.1 s
time interval, are shown in Fig.1.
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Fig.1. Traffic measurement data aggregated within 0.1 s.
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Generally we may consider the traffic measure-
ments as a sum of a regular process and a stochastic
part, related to the high-frequency noise. The elimina-
tion of the noisy part may simplify the analysed time
series. In order to separate the regular component of
the dynamical process from the stochastic noise com-
ponent, we apply the wavelet soft threshold noise re-
duction method to the traffic measurement data. The
difference between the original time series and the
filtered signal corresponds to the noisy component.
Figure 2 presents part of the original traffic series,
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Fig.2. Wavelet soft threshold noise reduction results of
traffic measurement data, showing original data (a), fil-
tered data (b), and noisy component (c).

the corresponding filtered signal and the noisy compo-
nent. Then the filtered traffic measurement data are
normalized to the interval [-1, 1].
We use the method based
prediction'®! to determine the embedding dimension
of the traffic data.
prediction error of the local support vector machine

on nonlinear
In this paper, according to the

regression model the embedding dimension is deter-
mined. The results are shown in Fig.3. One can see
that when m = 5, C(m) takes a minimum value,
therefore, the embedding dimension for this traffic
time series should be 5. The delay time takes a value
of 1 for the traffic data.

—2.5

-3.01

3.5}

2 4 6 8 10

Fig.3. C(m) — m for the traffic measurement data.

We use the BIC-based neighbouring point selec-
tion method?# to choose the number of nearest neigh-
bouring points for the local support vector machine
prediction model. The results are shown in Fig.4. One
can see that when k = 16, N(k) takes a minimum
value, therefore, the number of nearest neighbouring
points for the local support vector machine prediction
model should be 16.

4.5}

Fig.4. N(k) — k for the traffic measurements data.

We use the local support vector machine predic-
tion method to predict the traffic measurement data,
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where the number of nearest neighbouring points, k,
is 16. The length of this traffic measurement data is
36000. The first 33000 data points are used as the
training set, and the last 3000 data points are used
as the test set. The normalized mean squared error is
used to evaluate the prediction accuracy,

L
(1/L) 32 |lenti — En gl
NMSE = =1 (7)

(1/N)

M=

[2; — 7]

1

i

where L = 3000. The radial basis function kernel
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Fig.5. Prediction results of the local support vector ma-
chine prediction method for the traffic measurement data,
where k=16, panel (a) shows actual values, panel (b) indi-
cates prediction values, and panel (c¢) displays prediction
errors with NMSE=1.0135x10"2.

is chosen as the kernel function of the support vec-
tor machine regression model, and the parameters are
C = 105, ¢ = 0.00001, and ¢ = 10. The prediction
results are shown in Fig.5. The statistical distribution
of the traffic measurements and the prediction values
are shown in Fig.6. The statistical distribution of the
prediction errors is shown in Fig.7, where the abscissa
represents the value of the prediction errors and the
vertical axis refers to the probability of the prediction
errors.

From Fig.5, it can be clearly seen that the lo-
cal support vector machine prediction method, whose
neighbouring points are optimized, can effectively pre-
dict the traffic measurement data, the prediction accu-
racy is good, and the normalized mean squared error
NMSE is as small as 1.0135x1072.

From Fig.6, it can be clearly seen that the time
series generated by using the local support vector ma-
chine regression model has a very similar probability
distribution to that of the actual traffic measurement
time series. So the local support vector machine re-
gression model can reproduce quite well the statistical
distribution of the real traffic measurement data.
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Fig.6.
data (a) and generated time series (b).

Statistical distributions of traffic measurement

From Fig.7, it can be clearly seen that for the
traffic data, the prediction errors obtained by using
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the local support vector machine prediction method
mainly concentrate in the vicinity of zero, and, in gen-
eral, the probabilities of the prediction errors with a
large absolute value are very small.

0.4-I - - 1
0.3: :
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Fig.7. Statistical distribution of prediction errors.

5. Conclusion

We apply systematically the nonlinear time se-
ries analysis method to the traffic measurement data.

The experimental results show that the nonlinear time
series analysis method can be successfully used for
further understanding the main features of the traf-
fic data. The prediction-based method is used to de-
termine the embedding dimension of the traffic data.
Based on the reconstruction of phase space, the local
support vector machine prediction method is used to
predict the traffic measurement data, and the BIC-
based neighbouring point selection method is used to
choose the number of the nearest neighbouring points
for the local support vector machine prediction model.
The experimental results show that the local support
vector machine prediction method whose neighbour-
ing points are optimized can effectively predict the
traffic measurement data, the prediction accuracy is
good, the normalized mean squared error NMSE is
very small, the prediction error mainly concentrates
in the vicinity of zero, and the time series generated
by the local support vector machine regression model
has a very similar probability distribution to that of
the actual traffic measurement time series.
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