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Abstract

To improve the predictive accuracy of network traffic, as for the training sample selection, this paper proposes
a FCM-LSSVM for training sample selection. Firstly, fuzzy-means clustering algorithm is used to make cluster
analysis of network filling data to eliminate the isolated sample points in it and to build training set of LSSVM, and
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then the training set is input to the LSSVM for learning. Furthermore, Artificial Bee Colony is used to optimize
model parameters, and finally, network traffic forecasting model is established, and the simulation experiment is
employed to test the performance of the model. Simulation results show that compared to other network traffic
forecasting models, FCM-LSSVM not only improves the prediction accuracy of network traffic, and increases
modeling speed, getting more desirable forecasted results of network traffic.

Keywords: NETWORK TRAFFIC, LSSVM, FUZZY MEANS CLUSTERING, TRAINING SET

1. Introduction

With the development of network technology,
there is a wide range of network services and more
frequent network congestion, and network traffic
prediction is one of the key technologies of network
management, but the network traffic is affected by
multiple factors, such as holidays, price, online be-
havior, and so on, and its change is periodic and
similar, as well as mutant and non-stationary, thus
the establishment of network traffic prediction model
with high accuracy has been a hot issue concerned by
domestic and foreign experts and scholars[1].

For complicated and variable network traffic, nu-
merous effective network traffic models arise. Tradi-
tional network traffic prediction models: Markov pro-
cess, multiple linear regression, Poisson process, time
sequences, etc. [2,3], because network traffic data is
collected in chronological order, a typical time-series
data, time series prediction method is widely used in
main fields such as: ARMA, FARIMA, and expo-
nential smoothing, etc. Time series is a kind of lin-
ear modeling method, only able to conduct accurate
prediction+n of short-range dependence network traf-
fic, but it is difficult to establish an accurate model
for the long--range dependence network traffic with
low prediction accuracy, and the results are unreli-
able [4]. As the nonlinear theory continues to mature,
there has been network traffic prediction model based
on neural networks, and compared to the traditional
model, it can make accurate prediction for the non-
stationary change characteristics of network traffic,
and the prediction accuracy of network traffic can be
improved [5,6]. However, due to its defects of easily
occurred close fitting, and poor ability of generaliza-
tion, they lead to be easy to get local optimal network
traffic prediction. Based on modern statistical theory,
support vector machine (SVM) fusing structural risk
minimization principle and nuclear technology better
overcomes the deficiencies of neural networks with
excellent abilities of generalization, and obtains more
ideal forecasted results of network traffic [7]. But for
large-scale network traffic, there exists slow speed
of training and longer time in SVM difficult to meet
the online prediction requirements of network traffic.
LSSVM has improved SVM and simplified operation,
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with a small amount of computing, which accelerates
the speed of modeling network traffic, able to obtain
online prediction model requirements for network
traffic [8]. In practice, when training samples contain
isolated sample, these samples increase training time
of LSSVM, but also have an adverse effect on the
predicted results, and therefore the accurate selection
of isolated samples in network traffic samples and the
elimination of the adverse effects on samples are of
great significance to improve the prediction accuracy
of network traffic [9].

In order to improve the prediction accuracy of net-
work traffic, the FCM-LSSVM for training sample
selection is proposed. Firstly, FCM is used to elimi-
nate outliers, to reduce training sample size, and to
build training samples of network traffic, which has
improved the generalization performance of LSSVM,
and then LSSVM is adopted to establish networking
traffic prediction model based on the training sets, and
finally the performance of the model is tested through
simulation experiment. The simulation results show
that, FCM-LSSVM only improves the prediction
accuracy of network traffic, while accelerating the
speed of modeling network traffic.

2. LSSVM and FCM

2.1. LSSVM

LSSVM is an improved support vector machine
(SVM), and it transforms inequality constraints in
SVM into equality constraints, using the least-squares
linear system as a loss function. Network traffic fore-
casting is a complex and high dimensional nonlinear
problem with limited samples, and therefore, LSSVM
is used to describe this non-linear relationship. The
basic principle of this method is described as fol-
lows: the sample of training data can be expressed as
{x;,yi}l_; : x; € R"is the input vector of the i-th sam-
ples; y; € R" is the target value of the i-th sample, and
[ is the number of training samples. The following
form of LSSVM model is taken in the feature space

f)=0" p(x)+b (1)

In the formula, ¢(x) means mapping the input
sample data into high dimensional feature space; @
indicates weight vector.
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According to the structural risk minimization
principle, through comprehensive consideration of
the complexity of function and fitting error, objective
function of LSSVM can be described as

. 1l 7 7w
min J(0,8)=—o" o+~ ;
min J(@,£) =3 2;;
S.t.

[0l o) +b]=1-¢
i=1,2mn,1

2

In the formula, ¢ is the error variance; v is adjust-
able parameter, used for controlling the punishment
level of sample exceeding the error.

Obviously, LSSVM only has equality constraints,
and the loss function in the target is the two-norm
of error, which greatly simplifies the problem solving
and Lagrange function is defined as

!
L@.béa)=J(@.8)- Y (atyilo” o(x) bl -1+ ) ()

i=1

0 »
1
n nnk(x,x)+y
n n

n o nnk(g,x)l

Obviously, optimization problems of LSSVM are
converted into the solving of above linear equations.
LSSVM usually has faster training speed than the
standard support vector machine. After b and a, in
the formula (6) are figured out, regression function of
LSSSVM is

i
y(x)= zaik(xsxi)+b (7
i=1

For different kernel functions, different FCM-
LSSVMs can be created, because the radial basis ker-
nel function has advantages of fewer parameters and
good universality, etc., paper chooses it as LSSVM
kernel function, defined as follows:

2
| x—x; |

5—)

k(x,x;) = exp(— ®)

o
2.2. FCM
Provided that data sample X = {x1, x2, ..., Xxn}, n
represents the number of samples, and cost function
of FCM algorithm is:
minJ,, ©,2)=3" 3¢ (u;)"d? )
Jj=ldj=1"Y y

Corresponding constraints are
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In the formula, ¢;is the Lagrange multiplier.
According optimal conditions of Karush-Kuhn-

Tucker (KKT), Loo%_o %L _o %L _
ow b To& oe
i= 12, .., 1 are calculated successively, and after

elimination of & and w, the following linear equa-
tions are obtained

B SN

Among them, P =[p(x)" yynp(x)" 3 I=[n]";

“4)

T. T
O=[nnmyl ; a=[lang] .
According to Mercer condition, core function can
be written as

k(xyex) = (i) (1) (5)
The formula (4) can be modified to
n Vi b 0
n yik(x,x;) a _ 1 ©)
n n n n
n yyk(g,x)+y |La !
C
Z”ik =1
k=1
uy €[0,1] (10)

n

Zuik >0

i=1

In the formula, C represents the number of clus-
ters; uij is the membership degree of sample xj to
the ith class; zi is the cluster center of the ith class;
dij = || xj-zi || is measure of similarity.

3. Network Traffic Predicting Model Based on
FCM-LSSVM

In the process of collecting network traffic, due to
various factors, network traffic data inevitably con-
tains noise data, that is, isolated samples, and this
paper using the FCM conducts clustering analysis
of network traffic to select important network traffic,
and then LSSVM is used to establish networking traf-
fic forecast model. Specific steps are as follows:

(1) History data of network traffic are collected,
and they are divided into two types of network traffic
data, and the number of cluster centers m of traffic
data is given, and processing is conducted for net-
work traffic according to formula (11) to eliminate
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too large or too little data range so as to avoid adverse
impact on the training process.

)

In the formula, x is the raw data of network traf-
fic, and xmax and xmin are upper and lower bounds
respectively.

(2) The membership matrix is computed accord-
ing to formula (12)

x'= (x_xmin)/(xmax _xmin)

C 4. %
1) (SHmt L dy #0
o ik

w; =11 L dy=0,j=k (12)

0 L dy=0,j#k

Among it, n is the total sample set.

(3) The cost function J is calculated, if J <R, in
which R represents the threshold, then it means stop
to get the final cluster center C, fuzzy membership
matrix U and distance matrix D, go to step (5), or go
to step (4).

(4) The cluster centers Ci is recalculated accord-
ing to equation (13).

n n
_ m m
¢ = D ufixy I )y
= =

(5) The category of the sample is determined on
the basis of KNearest Neighbor to select training set
of LSSVM and to eliminate network traffic sample
of outliers.

(6) The network traffic training set is input into
LSSVM for training, and Artificial Bee Colony is
used to find the optimal parameters of LSSVM and
to establish the optimal network traffic prediction
model.

(7) The forecasting model is employed to predict
the test of network traffic and to analyze the forecast-
ed results.

Based on the above mentioned, workflow of net-
work traffic forecasting model based on FCM-LSS-
VM is shown in Figure 1.

4. Simulation Experiment

4.1 Network Traffic Data

To test the performance of network traffic model
proposed, this paper selects network traffic library:
http: //newsfeed.ntcu.net/~news/2013/, collecting the
visiting traffic per hour in everyday network from
October 1, 2013 to October 30 of incoming articles
on host node router to obtain 720 data, specifically
shown in Figure 2. The former 620 samples are used
to train network traffic prediction model, and to es-

(13)
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Figure 1. Workflow of Network Traffic Flow Forecasting
Model
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Figure 2. Network Traffic Data

tablish a network traffic prediction model, while the
last 100 samples are tested as the testing of general-
ization ability of model on test set.

4.2 Contrast Model and Performance Evalua-
tion Criteria

Comparative experiments are performed in LSS-
VM without cluster analysis, FCM-RBFNN, and
FCM-BPNN and FCM-SVM, and the performance
evaluation index of model is: root mean square error
(RMSE) and mean relative error (MAPE), which are
defined as follows:
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~

Yi =V
Yi

(14)

1 n
MAPEz—Z

o

x100%

RMSE = (15)

In the formula, n represents the number of test set
samples; y; and ;i are the actual value and the pre-
dictive value of the network traffic respectively.

4.3 Result and Analysis

Firstly, clustering analysis of network traffic in
FIG. 1 is made using FCM to choose the most effec-
tive training samples and to delete the isolated sample
points, and then LSSVM is used to establish a net-
work traffic prediction model, and forecasted results
and forecast errors of test set for FCM-LSSVM and
contrast model are shown in Figures 3 and 4. From
Figure 3, the forecasted results of FCM-LSSVM are
fairly consistent with the value of actual network traf-
fic and are very close to one another, suggesting that
FCM-LSSVM can be used for modern complex and
random network traffic prediction, but as can be seen
from Figure 4, the prediction error of FCM-LSSVM
is quite small, which indicates high prediction accu-
racy of FCM-LSSVM, able to meet network traffic
prediction accuracy.

500 r T T r T T T r
—4—Actual value
—B— FOUMLSSVH
400+ —e—FCUSW
—&— RBFNNSSVM
—s— BPNNLSSVI
LSSV

00
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Figure 3. Predictions for the Training Set in Each Model
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Figure 4. Error Comparison of the Prediction for the
Training Set in Each Model
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Through further detailed analysis of Figure 3 and
Figure 4, the following conclusions can be drawn:

(1) Compared to LSSVM without cluster analy-
sis, prediction accuracy of FCM-LSSVM can be im-
proved, reducing the average error of prediction, sug-
gesting that using FCM algorithm to make clustering
analysis of the network traffic samples can eliminate
the adverse effects of isolated samples on the model-
ing process, getting better optimal training sample set,
enhancing sample data regularity, and establishing a
network traffic forecasting model with higher predic-
tion accuracy, which indicates that the proposed net-
work traffic modeling thought is feasible.

(2) Compared to FCM-SVM, FCM-LSSVM can
get even better predictions, suggesting that LSSVM
has improved SVM to speed up the learning speed
of network traffic and to establish a network traffic
prediction model with higher overall forecast perfor-
mance, which has better fitted network traffic trends,
and has increased network traffic prediction accuracy.

(3) The prediction accuracy of FCM-LSSVM
has been greatly improved relative to FCM-BPNN,
FCM-RBFNN, which is mainly because LSSVM has
better overcome BPNN and RBFNN, and based on
modeling principle of empirical risk minimization,
it has avoided deficiencies of excessive fitting, local
optimum, conducting the most accurate portrayal of
network traffic change regularity, thereby achieving
network traffic forecast results with higher accuracy.

Prediction errors of FCM-LSSVM and com-
parison model are shown in Table 1. According to
Table 1, compared to the comparison model, FCM-
LSSVM has greater prediction error, and the corre-
sponding network traffic forecasting accuracy is also
higher, which indicates that FCM-LSSVM selects
sample of network traffic by FCM, eliminating the
defect that LSSVM is sensitive to training samples,
while modeling is conducted using LSSVM to over-
come defects of low prediction accuracy for SVM,
neural networks, etc. FCM-LSSVM is a network traf-
fic flow forecasting model with high precision and
reliable forecasted results.

Table 1. Performance Comparison of Different Network
Traffic Prediction Models

Prediction Model RMSE MAPE(%)
LSSVM 12.33 10.12
FCM-SVM 9.90 6.23
FCM-RBFNN 11.57 7.90
FCM-BFNN 12.17 8.12
FCM-LSSVM 4.01 3.05
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4.4. Analysis of Noisy Network Traffic Fore-
casted Results Based on FCM-LSSVM

To test the versatility of FCM-LSSVM, white
noise is added to network traffic in Figure 1 to ob-
tain noisy network traffic, and the specific is shown
in Figure 5. Forecasted results and prediction errors
of noisy network traffic data based on FCM-LSSVM
are shown in Fig. 6 and Fig.7. From Fig. 6 and Fig.7,
as for the noisy network traffic, FCM-LSSVM has
also received ideal forecast results, which shows that
FCM-LSSVM employs FCM to pretreat network
traffic, and network traffic with high noise removed
as isolated sample, obtaining a better network traffic
training set, increasing the robustness and versatility
of the model, thereby broadening the applications of
FCM-LSSVM in network traffic.
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Figure 5. Noisy Network Traffic Data
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Figure 6. Analysis of Network Traffic Forecasted Results
Based on FCM-LSSVM
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Figure 7. Prediction Error of Noisy Network Traffic Based
on FCM-LSSVM
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Noisy network traffic prediction errors of FCM-
LSSVM and contrast model are shown in Table 2.
From Table 2, compared to the comparison model,
the overall forecast performance of FCM-LSSVM
is better, and network traffic forecasting model of
smaller error is established, which has proved the su-
periority of FCM-LSSVM once again.

Table 2. Comparison of Noisy Network Traffic Prediction
Errors in Different Models

Prediction Model RMSE MAPE

LSSVM 20.14 15.10

FCM-SVM 16.18 13.68

FCM-RBFNN 18.00 15.19

FCM-BFNN 17.76 14.72

FCM-LSSVM 9.24 7.23%
Conclusions

In order to improve the prediction accuracy of
network traffic, because isolated samples in network
traffic data have adverse effects on predictive perfor-
mance of LSSVM, this paper proposes FCM-LSSVM
based on training sample selection, implementing
clustering of network traffic data through FCM to
choose the most effective training data and to delete
outliers. Simulation results show that, FCM-LSSVM
not only improves the prediction accuracy of network
traffic, while accelerating the speed of network traffic
forecast, thus providing a new research idea for the
complex network traffic.
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