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Abstract— Short period prediction is a relevant task for
many network applications. Tuning the parameters of the
prediction model is very crucial to achieve accurate prediction. This work focuses on the design, the empirical
evaluation and the analysis of the behavior of training-based
models for predicting the throughput of a single link i.e. the
incoming input rate in Megabit per second. In this work,
a neurofuzzy model (α SNF), the AutoRegressive Moving
Average (ARMA) model and the Integrated AutoRegressive
Moving Average (ARIMA) model are used for predicting.
Via experimentation on real network traffic of different
links, we study the effect of some parameters on the prediction performance in terms of error. These parameters are
the amount of data needed to identify the model (i.e. training
set), the number of last observations of the throughput (i.e.
lag) needed as inputs for the model, the data granularity,
variance and packet size distribution. We also investigate
the use of the number of packets or sampled data as inputs
for the prediction model. Experimental results show that
training-based models, identified with small training set and
using only one lag, can provide accurate prediction. We show
that counts of packets and especially large packets can be
used to efficiently predict the throughput.

Index Terms— Traffic modeling, traffic measurements, traffic
prediction, neurofuzzy models, ARMA model, self-similarity

I. I NTRODUCTION
The predictability of network traffic is of significant
interest in many domains [1]–[3]. We can distinguish two
categories of prediction: long and short period predictions.
Traffic prediction for long periods provides a detailed
forecasting of the workload and traffic patterns to assess future capacity requirements, and therefore allows
for more accurate planning and better decisions. Short
period prediction (milli-seconds to minutes) is relevant for
dynamic resource allocation. It can be used to improve
the Quality of Service (QoS) mechanisms as well as
congestion and resource control by adapting the network
parameters to traffic characteristics. It can also be used
for routing packets.
Traffic prediction has been extensively investigated
since the acceptance of the self-similar and the long-range
dependence nature of networks traffic [4]–[7]. While these
peculiar characteristics cause dramatic effects on network
performance in terms of loss and delay, several studies
have shown that the self-similarity can be exploited to
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characterize or to predict the traffic in order to control
the network resources assignment [8]–[14].
From the extensive work done in the field of prediction
methods for network traffic, we draw the following conclusions. First, generalization about the predictability of
network traffic is difficult to make since network traffic
can change considerably over time and space. Traffic is
self-similar and has a non-linear nature, and this makes it
highly difficult to perform accurate prediction especially
for linear models [15]–[20]. Thereby, the prediction model
should be adaptive. Second, aggregation and smoothing
appear to improve predictability [15]. Third, there are
clearly differences in the performance of the various
predictive models [19].
We can also classify prediction techniques into two
categories: Training-Based (TB) techniques and NonTraining-Based (NTB) techniques. Specifically, the TB
techniques need a training phase. The training phase
consists of identifying model parameters based the history
of the throughput measurements called the training data
set. The TB model is then fed by the last observations of
the throughput called lags in order to predict the future
value. Generally, the complexity of the training phase is
not crucial since it is performed once. Contrarily, NTB
techniques do not need a training phase and calculate the
predicted value using only the last lags. The number of
lags is usually chosen lower than 10 for TB and NTB
models [10], [12]–[17], [19], [21]–[23] in order to reduce
the complexity of the model.
The most used training-based models are the AutoRegressive (AR) model and the AutoRegressive Moving
Average (ARMA) model [10], [15]–[17], [19], [21] where
as the Linear Minimum Mean Square Error (LMMSE) is
widely used as an NTB technique [12]–[14], [22].
We choose to investigate TB models since they achieve
better performance than NTB models [23], [24]. Thus,
three TB prediction models are used namely the ARMA
model [10], [15]–[17], [19], the ARIMA model [10],
[15]–[17], [19] and the α SNF model [23], [25].
The α SNF model combines fuzzy logic which presents
the model as a set of simple rules (if event then action)
and neural networks which are the basic learner to capture
the non-linear characteristic of network traffic.
Neurofuzzy networks have been used to predict video
traffic [26] and Web server traffic [27]. However, model
parameters and their effects were not sufficiently investi-
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gated.
The work focuses on the short period throughput
prediction (i.e. the incoming input rate in Megabit per
second (Mbps)). All the performed experiments are using
real traffic collected from two links having different
characteristics (type of the link, traffic load etc.)
The work investigates the following issues:
• how much data are needed for the training phase,
• how many lags are needed to be used as an input for
the prediction model to improve its accuracy,
• what is the effect of the considered traffic granularity
i.e. the interval of time separating two measurements
of the traffic throughput,
• how to use exogenous variables as an input for the
prediction model. Exogenous variables are variables
which are different from the lags such as the number
of packets or sampled data.
The aim of the paper is to study the influence of a set
of parameters in a prediction model, trying to find out the
best options for real applications. Thus, we tried only to
find the best parameters which provide the best possible
accuracy (lowest error).
The decision if the error is good enough will depend
on the application using the prediction i.e. only the
application can decide if the error is tolerable or not. For
instance, recent work showed that when using prediction
to improve active queue management, the prediction error
is not crucial [12], [23]. That is the prediction improved
the performance although there is a prediction error.
The remainder of this paper is organized as follows.
Section II introduces selected related work on traffic prediction. Section III describes our prediction methodology
as well as the prediction models used in our study. In
Section IV, the real network traces used for experiments
are described . Section V discusses the experimental
results about the choice of input variables, the effect of
the granularity, the variance and the size of the training
data set. It also investigates using the exogenous variables
as inputs for the model. The conclusions and future work
are presented in Section VI.
II. R ELATED W ORK
Wolski has developed the first network measurement
system that integrated prediction [28]. He found that running multiple predictors (mean, median, and AR models)
simultaneously and forecasting with the one currently
exhibiting the smallest prediction error gives the best
results on his measurements.
Yang et al. have attempted to improve the least-mean
square (LMS) predictor so-called Error-adjusted LMS
(EaLMS) [20]. The main idea of EaLMS is using previous
prediction errors to adjust the LMS prediction value,
so that the prediction delay could be decreased. The
authors have used traffic obtained by smoothing real
traffic assuming that it preserves the main characteristic of
original traffic. Compared to LMS predictor, EaLMS significantly reduces prediction delay and avoids the problem
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of augmenting prediction error at the same time especially
for short period prediction.
Other related works on traffic prediction have exploited
the self-similarity characteristic of network traffic in TCP
congestion control [12]–[14], [22]. He et al. have shown
that the correlation structure present in self-similar traffic
can be detected on-line and used to predict future traffic
[14]. Hence, they define a scheme, called TCP with traffic
prediction (TCP/TP) that uses the prediction results to
infer the optimal point at which a TCP connection should
operate.
Tong et al. have proposed a framework which adopts
Principal Component Analysis (PCA) as an optional step
to take advantage of self-similar nature of traffic while
avoiding its disadvantages [18]. Neural network is used as
the basic regressor to capture the non-linear relationship
within the traffic. Experimental results on real network
traffic validate the effectiveness of the framework.
Sang et al. have proposed an approach to make predictability analysis of network traffic [15]. The approach
assesses the predictability of network traffic by considering two metrics: (1) how far into the future a traffic rate
process can be predicted with bounded error; (2) what is
the minimum prediction error over a specified prediction
time interval. The authors have used two stationary traffic
models: the ARMA model and the Markov-Modulated
Poisson Process (MMPP). Making the assumption that
such models are appropriate, they have developed an
analytic expressions for how far into the future prediction
was possible before errors would exceed a bound. The
authors have shown that this bound was affected by
traffic aggregation and smoothing of measurements. They
have argued that the two models, though both short-range
dependent, can capture statistics of self-similar traffic
quite accurately, for the limited considered time scales.
He et al. have focused on predictability of large
transfer TCP throughput [24]. TCP prediction techniques
have been classified into two categories: Formula-based
(FB) and History-Based (HB). FB prediction relies on
mathematical models that express the TCP throughput
as a function of the characteristics of the underlying
network path (round trip time, number of flows etc.). HB
techniques predict the throughput measurements on the
same path, when such a history is available. It has been
shown that HB predictors are quite accurate but are highly
path-dependent; whereas, FB predictors are accurate only
if the TCP transfer is not saturating the underlying path
[24].
Other works in the domain of Internet traffic forecasting
addresses long period predictions that are important for
IP network capacity planning [10], [17].
Our work is different from the above works in that it
focuses on the parameters of the training-based models
used for short period prediction of the traffic throughput.
To the best of our knowledge, none has analyzed yet
the effect of the model parameters on the prediction
performance: (i) how many lags are needed to have an
accurate model? (ii) how much data are needed for the
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training phase to identify an accurate model? and (iii)
what is the effect of the granularity of the data on
the model performance? (iv) how to use of exogenous
variables as an input for the prediction model ?
III. T RAINING - BASED PREDICTION MODELS
In what follows, we introduce the prediction methodology considered in this work. We also present the trainingbased prediction models considered in this study. The first
model is the α SNF which is a neurofuzzy model used by
[23], [25]. It combines fuzzy logic and neural networks.
The second model is the ARMA model which is a linear
model widely used in literature [10], [15]–[17], [19], [21].
In what follows, we note by y(t, bps) and y(t, pps) the
throughput at the time t respectively expressed in Mbps or
in packets number per second (pps). In order to simplify,
we note y(t, bps) by y(t).

A. Prediction Methodology
Traces

Training data
( p% )

Validation data

Inputs (t-1),y(t)

Inputs (t-1)

•

•

set is composed of the inputs (inputs(t − 1)) and
the outputs (y(t)). The training algorithm estimates
model parameters which give the minimum error
between the model outputs ŷ(t) and the real traffic
values y(t).
The prediction phase: during this phase, only
inputs(t−1) from the validation data set are injected
to the model in order to estimate ŷ(t).
Validation of the prediction: The performance criterion used to evaluate the accuracy of the prediction
is the Root Mean Square Error (RMSE):
s
Pn
2
t=1 [y(t) − ŷ(t)]
(1)
RM SE =
n

where y(t) is the real output, ŷ(t) is the calculated
output and n is the number of the input data.
Thus, the RMSE measures of the error between the
predicted values by the prediction model and the real
values actually observed.
In this work, the prediction model can be either the α SNF
model or the ARMA model. In what follows, we present
these two models.

B. The Neurofuzzy model (α SNF)

Training phase

Prediction model

^
y(t)

y(t)
-

Σ

+

Validation of the
prediction (RMSE)
Figure 1. Prediction Methodology

In what follows, we describe the different steps of our
prediction methodology illustrated in Fig. 1.
• Available data (e.g. the throughput values) are divided into two sets. The first set called the training
data set constitutes p% (usually p = 50) of the
available data. It is used to identify the prediction
model parameters. The second set is called the
validation data set used to compare the prediction
results with the real data in order to evaluate the
performance of the predictor.
• The prediction model: For each input at time
t − 1 (inputs(t − 1)), the model calculates ŷ(t) the
prediction for y(t). The inputs can be a previous
observations i.e. lags y(t − i) or any exogenous
variable measured at time t − 1.
• The training phase: It is the phase of identifying
the model parameters. Thus, we inject the training
data set into the training algorithm. The training data
© 2009 ACADEMY PUBLISHER

The α SNF is a model which combines fuzzy logic
and neural networks [25]. The flexibility of fuzzy logic
in dealing with uncertainty and the learnability of neural
networks make the model more adaptive to the traffic
characteristics.
The fuzzy system is described as a non-linear relation between inputs x1 , ..., xn and an output Y =
f (x1 , ..., xn ), where n is the number of inputs xi . This
relation is described by a collection of fuzzy rules. Let c
be the number of rules in the fuzzy system.
We note by Rk the k th rule where 1 ≤ k ≤ c. A fuzzy
rule Rk is given as the following :

Rk : if (x1 , . . . , xn ) is Ak then yk is bk ,

(2)

Where Ak is called a cluster and yk is the output of the
rule calculated using a real noted bk .
In fuzzy logic, every point x belongs to a cluster A with
a membership degree that has a value between 0 and 1
given by a membership function µA (x). Thus, each rule
Rk evaluates the membership of each element (x1 , ..., xn )
to each cluster Ak noted µAk (x1 , ..., xn ). Then yk is
calculated as:
yk = µAk (x1 , ..., xn ).bk ,

(3)

The rule Rk can be written as:
Rk : x1 is Ak1 and xj is Akj , . . . , and xn is Akn then yk is bk .
(4)
where the cluster Aki is the projection of Ak in the ith
dimension. We note µAik (xi ) the membership function of
xi to the cluster Aki . Then, µAk (x1 , ..., xn ) is given by:
µAk (x1 , ..., xn ) =

n
Y

i=1

µAik (xi ),
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where L is the backward shift operator defined as
follows: Li y(t) = y(t − i). We notice that AR and MA
are special cases when q = 0 or p = 0.

A11

A22
A23
µ A (x ik )
ik

Y

b2

A2

D. Integrated AutoRegressive Moving Average Model
(ARIMA)

Output

b3
A3
µA

k

(x1,...,x n )

Figure 2. Example of equivalent neural network α SNF(2 inputs, 3
rules).

Hence, the output of the system Y is given by:
Pc
k=1 yk
P
Y = c
µ
k=1 Ak (x1 , ..., xn )

(5)

We used the same membership function considered by
[25] which is:
l

µAik (xi ) = exp(− |wgik xi + wcik | ik ),

(6)

where wgik ,wcik and lik parameters are used to adjust the
general form of the function.
The fuzzy model is then incorporated into an equivalent
neural network. Fig. 2 shows an example of α SNF (2
inputs,3 rules) where x1 and x2 are inputs. Each node
Aik calculates the used membership function µAik (xi )
using Eq.6 and each node Ak calculates the result of the
rule k using Eq.3. The output node calculates the output
Y using Eq.5.
The training algorithm used for the α SNF model is
the back-propagation algorithm [25]. Training the neural
network aims at changing the parameters wgik , wcik and
lik of each rule in order to reduce the error between the
calculated output and the real output.
For selecting the proper number of rules, we have found
via experiments that using more than 3 rules does not
significantly improve the prediction performance.

C. AutoRegressive Moving Average Model (ARMA)
The most well-known linear forecasting models are the
Autoregressive (AR), Moving Average (MA) and the the
AutoRegressive Moving Average (ARMA). A time series
y(t) is an ARMA(p,q) process if it is stationary and if for
every t:
y(t) = φ1 y(t − 1) + .. + φp y(t − p)
+ǫ(t) + θ1 ǫ(t − 1) + .. + θq ǫ(t − q),

(7)

where φi and θj are the parameters of the model, and
ǫ(t) are error terms. The error terms ǫ(t)are assumed independent, identically distributed sampled from a normal
distribution with zero mean and finite variance σ 2 .
The equation can also be written in a more concise
form as:
p
q
X
X
y(t) =
φi Li y(t) + (1 +
θi Li )ǫ(t),
(8)
i=1
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i=1

The ARMA model fitting procedure assumes the data
to be stationary. If the time series exhibits variations that
violate the stationary assumption, then there are specific
approaches to make the time series stationary. The most
common one is what is often called the “differencing
operation”. It is defined by (1 − L)y(t) = y(t) − y(t − 1).
It can be shown that a polynomial trend of degree k is
reduced to a constant by differencing k times, that is, by
applying the operator (1 − L)k y(t). We could therefore
proceed by differencing repeatedly until the resulting
series can plausibly be modeled as a realization of a
stationary process.
An ARIMA(p,d,q) model is an ARMA(p,q) model that
has been differenced d times. Thus, the ARIMA(p,d,q)
can be given by:
(1 −

p
X
i=1

φi Li )(1 − L)d y(t) = (1 +

q
X

θi Li )ǫ(t). (9)

i=1

For training the ARMA and ARIMA models, Powell’s
function minimization routine is used to choose the coefficients to minimize the sum of squared prediction errors
[29].
IV. A NALYSIS OF THE USED DATA
This section presents the real data sets used for experiments, the preprocessing performed on the traces before
prediction experiments. Besides, we present an analysis
of the traffic characteristics which could have an effect
on the prediction performance.
A. Trace and Preprocessing
The first set of data is the “Auckland-VIII data Set” 1 . It
is a two-week GPS-synchronized IP header trace captured
with an Endace DAG3.5E tap Ethernet network measurement card in a link of 100 M bps in December 2003 at
the University of Auckland Internet.
The second set of data is the “CESCA-I data set”. It is
a three-hour GPS-synchronized IP header trace captured
in a 1 Gbps link with an Endace DAG4.2GE dual Gigabit
Ethernet network measurement card in February 2004 at
the Anella Cientifica (Scientific Ring), the Catalan R&D
network.
We analyzed the traces with the libtrace tools2 in
oder to extract the throughput expressed in bbp and pps,
the number of connections and their Round Trip Time
RTT. We applied our expriments to the collected data
1 Data are available from the National Science Foundation (NSF)
and the NLANR Measurement and Network Analysis Group
(http://pma.nlanr.net/Special/)
2 Wand Network Research Group, The libtrace trace-processing library.
http://research.wand.net.nz/software/libtrace.php
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for different hours of the day, the results are very close.
In what follows, we present the results found using 60
minutes of data from both traces measured at 10 am. We
note the 60-minute data Auckland-VIII and CESCA-I. We
also present the results for 5 days of data which we note
WAuckland VIII. We used 50% of the data as the training
data set and 50% as the validation set.
B. Trace Analysis
TABLE I.
T RAFFIC CHARACTERISTICS : AUCKLAND -VIII, CESCA-I
WAUCKLAND -VIII.

Statistics
Link Capacity
Duration
Trace Size
Rate (Mbps)
Packets rate
Throughput
Variance
Average Connection
Duration

AND

Auckland-VIII
link
100 Mbps
1 hour
60 Mbyte
2.83
972.73 pps
1.280 Mbps

CESCA-I
link
1 Gbps
1 hour
20.5 Gbyte
487.16
100 036.14 pps
797.781 Mbps

WAuckland-VIII
link
100 Mbps
5 days
12.1 Gbyte
7.61
1947.14 pps
2.36 Mbps

8.23sec

8.14sec

8.10sec

A comparison between Auckland-VIII and CESCAI traces is presented in Table I. It shows that for the
same duration (1 hour), the 100Mbps link (Auckland) has
much less load than the 1Gbps Ethernet link (CESCA)
in terms of received data (size) and throughput mean
expressed in Mbps or pps. We notice the high throughput
variance of the Gigabit link which could degrade the
prediction performance as it will be shown in the next
section. However, the mean connection duration time is
the same for both links (≈ 8 seconds).
Figure 3 shows the duration for existing connections
over the Auckland link. The x-axis shows the starting time
of the connection while the y-axis shows its corresponding
duration. We note that most connections last very short
periods (less than 1 second). The mean of the connections
duration is 8.23 seconds. The longest connection lasts for
36 minutes.
Figure 3 shows the RTT for all the TCP connections
of the Auckland link. The x-axis shows the connection
number while the y-axis shows its corresponding RTT.
Most of connections have RTT between 20 ms and
200 ms. The average RTT time is about 72 ms. The
mean RTT and the mean connection duration could be
interesting to identify the granularity for the data analysis.
We note that a packet is received approximately every
1ms. Thus using 1ms as granularity for traffic prediction
leads to predict the size of the coming packet in the next
1ms.
Figure 4(b) illustrates the packet size distribution for
the Auckland traffic. The smallest packets, 40 bytes
in length, represent 27% of packets number. They are
mainly TCP packets with ACK, SYN, FIN, or RST
flags. They are many 1, 500-byte packets (17.67%) which
result from the maximum packet size of an IP packet
used over an Ethernet link (Ethernet maximum transfer
© 2009 ACADEMY PUBLISHER
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unit is 1, 500 bytes). They are also many 1, 420-byte
packets (2.10%). The large presence of 576-byte packets
(5.14%) reflects TCP implementations without path MTU
discovery, which use packets of 536 bytes (plus 40-byte
header) as the default Maximum Segment Size (RFC 879)
[30].
Figure 4(a) shows the packet size distribution considering the generated traffic. The generated traffic is defined
as the amount of data in MegaBit generated by a particular
size. The figure shows that 1, 500-byte packets constitutes
57% of the traffic but only 17.67% of the total number of
packets. Besides, although more than 27% of the packets
are from small packets , they constitute less than 5%
of the generated traffic. This observation concurs with
the findings of Shao et Al. [21] that the traffic pattern
is bimodal: most traffic is carried by a small number of
packets and most packets carry smaller number of bytes.
The same observation is done in the case of the CESCA
traffic (Figure 5).
V. R ESULTS
A. How to Choose Input Variables?
In order to choose the candidate input variables for the
prediction model, two popular metrics are used: the correlation coefficient and mutual information. These metrics
are computed using a candidate input variables (or a set of
inputs) and the desired output. In our case, we calculate
the mutual information or the correlation coefficient for
each input variable (e.g. a lag y(t − i)) with the output
y(t).
The mutual information expresses the importance of
each variable [31]. It measures the relationship between
the input and the output. It is expressed by:


H(Y ) + H(X) − H(X, Y )
, (10)
U (X, Y ) = 2
H(X) + H(Y )

where
H(X) = H(p(x)/x ∈ X) = −

X

p(x) log2 p(x),

x∈X

where p(x)/x
∈
X is a probability distribution
on
finite
set
X, and H(X, Y )
=
P
− [(x,y)∈X×Y ] p(x, y)log2 p(x, y) is the joint entropy
defined in terms of the joint probability distribution on
X × Y . Thus, the pertinence of the variable increases
when its mutual information is more important.
In probability theory and statistics, correlation coefficients indicate the strength and direction of a linear relationship between two random variables. The best known
one is the Pearson product-moment correlation coefficient,
which is obtained by dividing the covariance of the two
variables by the product of their standard deviations [32].
The correlation ρX,Y between two random variables X
and Y with expected values (mean) µX and µY and
standard deviations σX and σY is defined as:
ρX,Y =

(X − µX )(Y − µY )
cov(X, Y )
.
=
σX σY
σX σY

(11)
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Figure 3. Analysis of the Auckland traffic: (a) Duration of connections and (b) RTT for existing connections.
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Figure 4. Packet Size Distribution for the Auckland traffic.
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Figure 5. Packet Size Distribution for the Cesca traffic.

Fig. 6 shows the mutual information calculated for 20
lags for various granularities. It is obviously shown that
pertinence of lags is decreasing when using older lags.
Therefore, the mutual information of the last lag y(t −
1) is the most significative to predict y(t). Similarly, the
correlation coefficient decreases when older lags are used
(Fig. 6). In other words, y(t − 1) and y(t − 2) are the
© 2009 ACADEMY PUBLISHER

most correlated to y(t).
Fig. 7 shows prediction performance (RMSE) obtained
from the ARMA model using input variables from 1 to
20 lags. It is clear that, whatever the granularity, using
more than one lag as an input does not really improve
the prediction performance.
These findings indicates that training-based model can
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Figure 6. (a) Mutual information and (b) Correlation coefficient for different granularities. (Auckland-VIII data set).

capture, during the training phase, the strong correlation
of the traffic with long-range dependence over a range of
time-scales and, hence, for the prediction phase, the model
needs only the last lag to predict the incoming traffic.
RMSE
1.6
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4
8
Lags 12
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2
1.6
Granularity(s)

Figure 7. Prediction error using the ARMA model (Auckland-VIII data
set).

We note that the mutual information has given more
accurate estimation of the correlation of the traffic with
the various lags because it shows that the traffic is
correlated only with the last lag y(t − 1) for all the
granularities. This result is validated by the prediction
experiments (Fig. 7).
B. How to Choose Traffic Granularity?
In this section, we discuss the effect of the traffic
granularity on the prediction performance.
We performed a set of predictions using data with granularity varying from 100 ms to 2000 ms. We consider
granularities which are multiple of the RTT (≈ 100 ms)
because if the prediction is used to improve TCP for
example, the protocol reacts in one or in multiple RTT
ahead.
Fig. 8 depicts the obtained RMSE for the performed
predictions for both models using different granularities.
© 2009 ACADEMY PUBLISHER

It shows that the prediction error (RMSE) increases when
increasing the granularity. Thus, ideally, the granularity
should be chosen based on the RMSE error which can
be tolerated by the application of the prediction. For
example to enhance TCP, we could need the prediction for
the traffic one or multiple RTT ahead. The experimental
results show that we can perform prediction for 6 RTT
ahead (≈ 600 ms) with an RMSE less than 0.4 for the
Auckland traffic. However, the prediction error for the
CESCA link is more important (RMSE > 1) and increases
as the granularity is increased. This could be explained
by the difference between the traffic characteristics of the
two links especially the variance (Table I).
Fig. 8 also shows the standard deviation of the data
(the square root of the variance) with respect to the
granularity for both traces. We notice that when the
granularity increases, the standard deviation increases and
likewise for the prediction error. The figure shows that the
prediction error is correlated to the the standard deviation
(variance) of the data.
C. How Much Data are Needed for The Training Phase
to Have an “accurate” Prediction?
Since the used models need training phase, we focus on
how much data are needed by the training phase in order
to have a “good” performance. Thus, we have varied the
percentage of the training data p% from 10 to 50%. This
means that for each time we use p% of the data to predict
the last 50%.
Fig. 9 shows the obtained prediction error for different
percentage of training data. We observe that small training
dataset (less than 5%) provides high prediction error. That
is the data are not enough to adapt the model parameters
to the data characteristics. We observe that enlarging
training data (25%) improves the prediction accuracy.
However if the dataset becomes large the prediction error
increases slightly. Thus, enlarging the training does not
really improve the prediction error because the model
is over-trained i.e. the information contained in the data
exceeds the model capacity.
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Figure 9. Prediction error for the Auckland-VIII data set using different
size of training data (granularity 1 second).

robustness of the model depend on the variability of the
data characteristics. However, simulations done to predict
the traffic for 30 minutes show that the model still efficient
for this time interval.
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Figure 8. Standard deviation and prediction error (RMSE) vs granularity.

It is to be outlined that this result is important because
it shows that only a small set of data is needed to identify
accurate parameters for the prediction model. Besides,
using small training set allows reducing the processing
time for the training phase.
We also note that when the traffic nature and characteristics change, the model should be trained to take into
account these new characteristics. The longetivity and the
© 2009 ACADEMY PUBLISHER

In this section, we focus on the use of sampled data for
predicting the throughput y(t, bps). Based on the analysis
of the packet size distribution presented in Section IV-B,
we divided the traffic into 4 sets:
• Set1 : packets which size belongs to [0:100 bytes[
• Set2 : packets which size belongs to [100:500 bytes[
• Set3 : packets which size belongs to [500:800 bytes[
• Set4 : packets which size belongs to [800:1500
bytes]
We note by seti(t − 1, bps) and seti(t − 1, pps) the
throughput of the traffic belonging to Set i at the time
t−1 respectively expressed in Mbps or packets per second
(pps).
Fig. 10 depicts the percentage of different sets as
generated traffic in Megabit and as packets number. It
shows that for the CESCA traffic, Set4 constitutes 85%
of the traffic but only 35% of the total number of
packets. Similarly, large packets (Set4) in the Auckland
link constitute only 16% of the packets but generates more
than 60% of the traffic. Besides, more than 60% of the
packets are from small packets (Set1), they constitute less
than 15% of the generated traffic in the Auckland link
and less than 8% of the CESCA traffic. This observation
concurs with the findings of Shao et Al. [21] that the
traffic pattern is bimodal: most traffic is carried by a small
number of packets and most packets carry smaller number
of bytes.
Fig. 11(a) shows the mutual information (Eq.10) calculated between the throughput y(t, bps) and each candidate
input variable which could be the last lag (y(t − 1, bps)
or an exogenous variable like y(t − 1, pps), set4(t −
1, bps), set4(t−1, pps), set3(t−1, bps), set2(t−1, bps),
set1(t − 1, bps)). It shows that the throughput y(t, bps)
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Figure 11. Experimental results using exogenous variables (using
Auckland-VIII data set).

is very correlated with the last lag y(t − 1, bps), set4(t −
1, bps), and set4(t − 1, pps). The other variables are less
correlated with y(t, bps). Hence, it suggests using these
variables as input for the α SNF model. The figure also
shows that Set1, Set2 and Set3 are less correlated to the
throughput y(t, bps).
In order to validate this observation, the α SNF model
was applied using the exogenous variables. We used
the same methodology (Fig. 1) but we replaced the
inputs(t − 1) by the value of the exogenous variable at
the time t − 1 in order to predict the throughput y(t, bps)
at the time t.
Fig. 11(b) shows the RMSE obtained for predicting
the throughput using a candidate variable for each experiment. We observe that using set4(t − 1, bps) or
set4(t − 1, pps) as an input variable gives the best
performance in terms of prediction error. The prediction
using set1(t − 1, bps) or set1(t − 1, pps) provides high
prediction error. That is, using Set1 (packets which size
≤ 100 bytes) does not characterize the traffic even though
Set1 constitutes more than 50% of packets number.
It is clear that we can characterize the whole traffic by
using only the large packets (set4) which constitute 16%
of the total number of packets. We prove that sampled
traffic on the basis of the packets size - expressed either
in pps or as generated traffic (in Mbps) - could be used
to predict more efficiently the throughput than last lag
© 2009 ACADEMY PUBLISHER

y(t − 1, bps).
VI. C ONCLUSION AND F UTURE W ORK
In this paper, we present an analysis of prediction performance of training-based models using extensive sets of
real Internet measurements. We show that enlarging training data set does not really improve traffic predictability.
We find that with only 10% of the measurements are quite
sufficient to obtain the same prediction error. We show
the training-based model can capture, during the training
phase, the strong correlation of the traffic with longrange dependence. Then, one lag is practically sufficient
to perform quite accurate prediction regardless of the
used granularity. Finally, we investigate using exogenous
variables as inputs for the α SNF model in order to
predict the throughput. When the throughput history could
not be available, the use of exogenous variables is very
interesting especially when those parameters are easier to
measure. The considered exogenous variables are number
of packets (pps), the sampled traffic based on packets
size expressed in pps or Mbps. We have found that traffic
behavior depends on large packets (size ≥ 800bytes).
Thus, the performance of throughput prediction is
improved when using the throughput of large packets
expressed in pps or Mbps as input for the prediction
model.
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The paper analyzes only some aspects of Internet
traffic prediction and many issues require further study,
including the effects of some other parameters like the
number of flows, packet loss, cross traffic nature etc. on
traffic predictability.
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