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Abstract—How to predict the self-similar network traffic with
high burstiness is a great challenge for network management.
The covariation orthogonal prediction could effectively capture
the burstiness in the network traffic, and the artificial neural
network prediction could adapt the network traffic change by
self-learning. To improve the prediction accuracy, we propose
a new hybrid network traffic prediction method based on the
combination of the covariation orthogonal prediction and the
artificial neural network prediction. Through empirical study,
the accuracy of the new prediction method can be effectively
improved seen from the mean and the prediction error.
Index Terms—Traffic Prediction; Covariation Orthogonal
(CO); Artificial Neural Networks (ANNs); Self-similarity; Burstiness;

I. I NTRODUCTION
A number of studies have demonstrated that network traffic
is self-similar in nature, showing high burstiness in a wide
range of time scales, and obeys in the heavy-tail distribution
[1]. Similarly, Errors encountered in wireless communication
systems are bursty in nature and the burst error statistics have
been well studied in [2],[3],[4]. The alpha-stable model can
capture the self-similarity and heavy-tailness of network traffic
simultaneously [5], and has played an increasingly important
role in traffic prediction.
However, the infinite variance of self-similar traffic process,
known as the high variability, will devaluate the classical
least mean square error criterion for alpha-stable model based
traffic predictors. To cope with this challenge, the minimum
dispersion (MD) criterion and the covariation orthogonal (CO)
criterion [6],[7],[8],[9],[10],[11] have been applied instead.
These prediction schemes manage to explore the correlations
between alpha-stable traffic processes with the dispersion or
covariation. Then, the possible relationship between the future
traffic process and the past traffic process can be developed
using estimation techniques, which can be applied for forecasting future network traffic. The CO linear prediction [8]
can be effective in predicting the bursty changes of the selfsimilar network traffic. However, the mean of the predicted
traffic under this scheme often goes below the actual level,
resulting the limited prediction accuracy.
Different from the alpha-stable method, the artificial neural
networks (ANNs) can “self-learn” the traffic characteristics
by following a set of learning rules to adapt its weight
coefficients and make predictions without any prior knowledge
of the characteristics of network traffic. Different forms of

ANNs have been applied for real traffic prediction. However,
there is no single ANN form that can capture all the traffic
characteristics [12].
In this paper, our work is to combine the CO linear
prediction scheme with the ANN approach so as to raise the
prediction accuracy of the CO approach. As mentioned above,
the CO linear prediction can capture the bursty changes of
network traffic while under-predict the future traffic values;
and the ANN approaches are capable of predicting self-similar
traffic with high precision while need combination with other
methods. Considering the pits and falls of both approaches,
we propose a new hybrid network traffic prediction method to
improve the CO prediction method and to raise the prediction
accuracy. The main contributions of this paper are as follows:
1) A simple hybrid prediction scheme based on the CO
criterion and the ANNs is proposed for predicting selfsimilar network traffic.
2) Performance of the proposed method is evaluated
through empirical study using real traffic traces, in
terms of the self-similar and bursty characteristics of
the predicted traffic and the prediction error.
3) The effects of both parts in the hybrid prediction are
analyzed, including their limitations in predicting bursty
network traffic.
The rest of this paper is organized as follows: Section
II introduces selected work on traffic prediction; Section III
describes the system model and principles of each prediction
part; Section IV empirically studies the prediction performances with real traffic traces collected in wireless local area
networks; finally, Section V concludes the paper.
II. R ELATED W ORK
The research on alpha-stable model based prediction has mainly focused on the linear prediction form
[6],[7],[8],[9],[10],[11]. However, the computation of the prediction coefficients is not straightforward since the second
order moments of alpha-stable process do not exist. Based
on the MD criterion, Gallardo worked out a novel method to
compute the coefficients [6] and usually provide a robust performance suggested in [9]. However, this method results in a
biased forecast with non-unique closed-form prediction results.
Therefore the minimization of dispersion is not optimal [11].
To solve this problem, an optimizing approach using steepest
decedent method has been proposed to search the actual MD
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point at a faster speed [10] and applied in dynamical resource
allocations [11]. Another work [7] considers the compound
prediction of wireless network traffic using the MD criterion.
Working from a new direction, Ge proposed the unbiased
CO linear prediction method in [8]. However, as previously
mentioned, the prediction accuracy of this method needs to
be improved to adapt the busty traffic. This is the important
motivation of our work in this paper.
The ANN method predicts network traffic by performing
non-linear mappings between the future traffic values and the
past and present traffic values. However, no single ANN form
can capture all the characteristics of network traffic due to
its complexity. Current research has been devoted to develop
more powerful ANN forms, such as the novel BP networks
[13], or to combine different forms of ANNs for self-similar
traffic prediction [14].
In this paper, the CO criterion and the non-linear ANN
prediction approach are combined to improve the CO linear
prediction method. The CO prediction can capture the bursty
changes while the ANN can gain high prediction accuracy.
The hybrid design aims to raise the prediction accuracy by
making the trade-offs between these two methods.
III. S YSTEM M ODEL
Network traffic prediction is the process of mapping past
(and present) traffic values to future traffic values through
linear or non-linear mapping functions as shown in Eq.(1),
X̂(t + k) = F[X(t), X(t − 1), ..., X(t − p + 1)]

(1)

where the function F maps the past p traffic values X(t), X(t−
1), ..., X(t − p + 1) into the k-step-ahead traffic value X̂(t +
k).The design of traffic prediction scheme mainly concerns in
constructing or devising the proper mapping functions.
The simple serial combination of the CO linear prediction
and the ANN prediction methods is considered here and the
system model is shown in Fig. 1. The input of the CO part
is the normalized time series Xi of network traffic; after the
CO linear prediction, its output is the time series Xc , which is
then the input for the ANN prediction; and the final prediction
result is the output time series Xo . The mathematical model
for the system can be simply represented as:
Xc = F1 (Xi )

(2)

Xo = F2 (Xc ) = F2 (F1 (Xi ))

(3)

where F1 and F2 are prediction functions, representing the CO
prediction and the ANN prediction respectively. The principles
of both prediction parts are covered in the following parts.
1

2

Xi

Xc
mnk
Fig. 1.

System Model.

The covariance function is a powerful tool in the study
of Gaussian random elements, but it is not defined in the
alpha-stable processes when α < 2. Under this condition,
the covariation is designed to replace the covariance and its
definition is as follows:
Let X and Y be stable random vectors with 1 < α < 2 and
spectral measure Γ , and (μ, ν) denotes the polar coordinates
of the joint process (X, Y ) on the 2 unit circle S2 , the
covariation of X on Y is denoted as:

(4)
[X, Y ]α = μν <α−1> Γ(dμ, dν)
S2

When [X, Y ]α = 0, the vector X is covariation orthogonal to
the vector Y .
Suppose X1 , X2 , ..., Xn are the n sample values of the input
traffic series Xi , the coefficient set is a1 , a2 , ..., am are the
n. Reference [8] works out the k-step-ahead linear prediction
scheme:
m
ai Xn+1−i
(5)
F1 : X̂n+k =
i=1

where X̂n+k is the predicted values, and the coefficients are
calculated according to Eq. (6). This approach is noted as a
(m, n, k) CO linear predictor, meaning a k-step-ahead linear
prediction with m coefficients and n sample values.
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(6)

B. The ANN Prediction
A (M, N, L) 3-layer common back-propagation (BP) neural
networks are chosen for traffic prediction, where M, N, L
represents the number of neurons at each layer. Different
from the CO approach, the prediction function F2 of the
ANN approach is not explicitly computed, but “self-learned”.
Specifically, each layer follows the specific learning rules and
adjusts the weights until the mean square error between the
expected output and the actual output becomes lower than a
pre-determined value. Then, the BP neural network can be
used for traffic prediction. In the system model, fractional
samples of the time series Xc are used for training the BP
neural network.
IV. T HE P ROPOSED H YBRID S CHEME

Xo
MNL

A. The CO Linear Prediction

Based on the system model, the detailed hybrid prediction
process is designed as follows, divided into two periods:
Prediction setup: in this period, the system is initialized and
then the BP neural networks are trained to fit the real traffic
until the pre-determined accuracy is achieved.
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V. S IMULATION E XPERIMENTATION
In this part, the prediction performance of the hybrid scheme
is evaluated by two traffic traces and compared with the CO
linear prediction scheme. The traces are collected from a
real wireless local area network (WLAN) deployed during
the 62nd IETF Plenary Session [15] on March 10, 2005.
The previous study has revealed the self-similarity of the
collected traffic [16]. Both traces, with different degrees of
fluctuations or burstiness, are aggregated at 0.1s time scale
and then normalized to the interval [0,1].
During the simulation, the specific parameter setting for the
(m,n,k) CO linear prediction part is (5,10,1); and for the ANN
prediction part, a (10,4,10) BP neural network is implemented
with pre-defined accuracy 10−4 . Figure 2 and 3 give the onestep-ahead prediction results of the combined approach for
each trace, where the predicted traffic follows the actual traffic
visually. Then the predicted time series are further quantitively
analyzed in the following two subsections.

Network Traffic

1
0.8
0.6
Actual
0.4
0

50

100

150

200
250
300
350
Arrival Time(Unit time=0.1s)

400

50

100

150

200
250
300
350
Arrival Time(Unit time=0.1s)

400

Traffic

450

500

Network Traffic

1.2
1
0.8
0.6
0.4
0.2
0

Predicted Traffic

Fig. 2.

450

500

One-step-ahead Prediction Results for Data I.

Network Traffic

1
0.8
0.6
0.4
Actual
0.2
0

50

100

150

200
250
300
350
Arrival Time(Unit time=0.1s)

400

50

100

150

200
250
300
350
Arrival Time(Unit time=0.1s)

400

Traffic

450

500

1.2
Network Traffic

Step 1: Decide the architecture and parameters for the BP
neural networks, such as the triplet (M, N, L) representing
the number of nodes at each layer and the mean square
error between the expected and the actual output,i.e, the predefined prediction accuracy. Besides, decide the parameter
triplet (m, n, k) for the CO prediction part, where m is the
number of the prediction coefficients, n is the norm of the
sample space {X1 , X2 , ..., Xn } and k is the prediction step .
Step 2: Initialize the weights randomly.
Step 3: Train the BP neural network and stop training until
the pre-defined accuracy is achieved.
Prediction: in this period, the well-trained BP neural networks can be used for traffic prediction. This process can be
further divided into two stages-the CO prediction stage and
the ANN prediction stage, with each containing several steps.
Step 4: The first 1 − n samples are picked up from the
input traffic series Xi to calculate the prediction coefficients
according to Equ. (6).
Step 5: The k-step-ahead prediction result are calculated
under the CO criterion by Equ. (5).
Step 6: The 2 − (n + 1) samples are picked up for another
prediction. Go on to Step 5 and this process continues. This
is the first stage of the hybrid prediction and the prediction
results are the time series Xc .
Step 7: The M samples of the time series Xc are input to
the BP neural networks for the second stage prediction. Then
shift to another M samples and continue the ANN prediction.
The final prediction results are the time series Xo .
By combining these two methods, our proposed scheme
aims to raise the prediction ability. Specifically, the CO
prediction part is used as a coarse prediction and aims to
capture the variation trend of the self-similar traffic; while
the NN part is used as a fine prediction so as to raise the
prediction accuracy. The prediction accuracy is evaluated in
the following section.
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A. Characteristics Analysis of Predicted Traffic
The self-similarity and the burstiness of predicted traffic
are evaluated through the Hurst parameter (H) and the heavytail index (α). The Hurst parameter is the unique measure
of the self-similarity degree and H ∈ (0.5, 1); For a selfsimilar process, the larger Hurst value implies the higher
degree of self-similarity that the process exhibits. Besides, the
characteristics of burstiness can be reflected by the heavy-tail
index and α ∈ (1, 2). As α decreases, the degree of burstiness
increases. Furthermore, the mean traffic level is studied due to
the lack of second order moments for self-similar processes.
Table I and II show the results of the above analyses, from
which the following results could be got:
(1) The CO linear prediction part can effectively capture the
self-similar and bursty characteristics of network traffic. From
Table I and II, the Hurst parameter and the heavy-tail index
of the predicted traffic in the first stage (the CO prediction
stage) are increased moderately (less than 10%). Thus, the
characteristics of the actual network traffic are maintained in
both tests though. However, the characteristics of the final
predicted traffic (under the hybrid prediction) for both tests are
deeper affected than in the CO prediction. For the first trace,
H and α both decrease more than 10%, implying that the selfsimilarity and the burstiness are seemingly changed. And for
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TABLE I
C OMPARISONS OF T RAFFIC C HARACTERISTICS FOR DATA I
CO
0.807
1.880
0.781

10

Combined
0.542
1.541
0.904

0
−10
Cumulative Error

Hurst
alpha
mean

Original
0.733
1.873
0.905

TABLE II
C OMPARISONS OF T RAFFIC C HARACTERISTICS FOR DATA II
Hurst
alpha
mean

Original
0.861
1.053
0.641

CO
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Fig. 4.

B. Prediction Error Analysis
To further compare the prediction accuracy, the Cumulative
Error (CE) and the Absolute Cumulative Error (ACE) are used
as performance metrics for prediction error analysis. The two
metrics are defined as follows:
N
[y(n + k) − x(n + k)]
(7)
CE(N ) =
n=1

ACE(N ) =

N
n=1

|y(n + k) − x(n + k)|

(8)

where y(n + k) is the predicted traffic value, x(n + k) is
the actual traffic value, and N is the number of predicted
data. Figures 4 and 5 illustrate the CE versus the number
of predicted data N for both the CO and the combined
approaches. From these two figures, the CEs of both traces
decrease in an approximately linear way under the CO linear
prediction while remain basically at zero for those of the
combined approach, independent of the increase of N , for
both traces.
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Besides, Figures 6 and 7 illustrate the ACE versus the
number of predicted data N for both the CO and the combined
approaches. For the first trace, the ACE of the combined
approach grows slower than that of the CO approach; while
the case goes opposite for the second trace. Considering that
the second trace fluctuates more widely than the first trace, the
capability of ANNs to fit this traffic trace is further limited.
Thus, the ACE of the predicted traffic under the combined
approach grows faster than under the CO prediction for the
second trace.
70
60
Absolute Cumulative Error

the second trace, H decreases while α increases, both with a
larger amount than in the CO prediction. By comparisons, this
is due to the effect of the ANN prediction part. Thus the ANN
adapted here shows the limitation of fitting the self-similar and
bursty dynamics of network traffic in both tests.
(2) The combined prediction could maintain the mean level
of the actual network traffic. The mean of the predicted traffic
decreased 14% and 18% for each traffic trace respectively,
which leads a seeming degradation in the prediction accuracy
under the CO prediction. However, the mean of the predicted
traffic varies slightly (approximate 1%) under the combined
prediction. This is gained at the cost of the increased system
complexity under the combined prediction. Through comparisons, the ANN prediction part accounts for the maintaining
of the mean traffic level. In addition, this is mainly due to the
self-learning capability of ANNs.
From the above analyses, the CO prediction part acts as a
coarse prediction and could capture the dynamical behaviors of
self-similar and bursty network traffic; and the ANN prediction
part could maintain the mean traffic level and act as a fine
prediction; however, the ANNs could affect the self-similarity
and burstiness of the predicted traffic.
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Based on the above analysis, when the real traffic fluctuates
in a small range, or becomes less bursty, the combined
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prediction could maintain the mean level of network traffic
and the prediction error can be reduced seen from the CEs
and the ACEs. Thus, the prediction accuracy can be effectively
raised compared with the CO linear prediction. Considering
the effects of both prediction parts, the CO prediction can
capture the characteristics of self-similar traffic in the first
stage, revealed from the changes of self-similarity and burstiness parameters; besides, the BP neural networks can finely
adjust the prediction accuracy in the second stage, particularly
maintaining the mean level with reduced prediction errors.
This is mainly due to the self-learning capability of ANNs
in the combined approach. However, the improvement of the
prediction accuracy is limited when the real traffic fluctuates
widely, or becomes bursty enough. In part A, the ANNs are
found to affect the self-similarity and burstiness of the predicted traffic, showing limited capability in fitting real traffic.
This effect is seemingly seen when the real traffic fluctuates
widely enough. Moreover, it results the faster increase in the
ACE of the predicted traffic for the second trace. Thus the
ANNs affect the further improvement of prediction accuracy.
VI. C ONCLUSION
A new hybrid prediction method combining the CO criterion
and the ANNs is proposed to predict the bursty and self-similar
network traffic. Through the comparison study using the real
collected traffic traces, the combined prediction outperforms
the CO method in the prediction accuracy, seen from the mean
value level of network traffic and the prediction error. Meanwhile, the ANNs can affect the self-similarity and burstiness
of the predicted network traffic. And thus the improvement in
prediction accuracy becomes limited especially when the real
traffic fluctuates widely enough. In the future work, we would
further investigate the effect of ANNs on characteristics of
the predicted network traffic and then optimize the combined
prediction scheme. Besides, other forms of combination will
be explored and evaluated, e.g., the tight coupling of the CO
criterion in the design of the ANNs, like the combination of
the CO criterion with the self-learning process.
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