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Abstract: Real-time monitoring and forecasting technology for nefwiraffic continues to play an important role in network
management. Effective network traffic prediction deteots @avoids potential overload problems before they occuighvignificantly
improves network availability and stability. Recent resbehas centered around Time Series Analysis based tradfittqtion methods
that primarily extend Neural Network Forecasting (NNF) &eest Squares Support Vector Machine (LSSVM) algorithnfgclvare
not without their drawbacks. Given the vulnerabilities &fséing nonlinear prediction methods in forecasting modgl this paper
presents a novel, Relevant Local (RL) forecast method anddtompanying Pattern Search (PS) parameter-optinmzagiproach
to introduce a new small-scale network traffic forecastilgp@thm called RL-LSSVM (Relevant Local-Least squareppsrt vector
machine). Furthermore, we demonstrate our new algorithmetwork traffic data collected from wired campus networks sinow
that the RL-LSSVM can effectively predict the small scakdftc measurement data while exhibit significantly improyeddiction
accuracy than existing algorithms.
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1 Introduction sampling interval of traffic flow are on the order of days
[1,2,3], hours B,5,6] and minutesT,8,9,10,11,12,13].

Computer networking iS one of the fastest growing areas One ClaSSical prO.blem Of.”near.time Series pl’edi(.:tion
in computer science, not in small part due to the fact thatmethods over long time horizons is that of uncertainty;
the services and applications carried over networks growhe longer the time horizon, the greater the degree of
ever richer and more Sophisticated_ |mprovements inun'CGrtalnty..FOI'.a n(.EFWOI‘k that carries Convent|0na| da.ta,
network management enable administrators and users {#is uncertainty is mitigated through the use of adequately
better leverage existing networks through improved,large training datasets. However, with the services and
efficient utilization of network speed and utilization. $hi applications carried by the network growing increasingly
goal is one of the key drivers of intelligent network traffic Sophisticated, changes in network traffic have become
prediction research and technology: accurate predicfion omore and more complex, often compromising the
the network traffic is useful in understanding of network accuracy of existing linear prediction methods.
dynamics, so it has great significance for network designs  The basis of non-linear prediction methods is as
and flow control. follows: if the network traffic characteristics on the time
Generally, forecasting time horizons determine whichscale and the prediction model could be analyzed,
long-term and short-term forecasting algorithms are usedc¢ontrolling the network traffic during development trend
for example, traffic with longer time horizons use of time can be achieved and network congestion would be
long-term forecasting algorithms, and the vice versa inhandled appropriately. Non-linear methods needed to
the case of shorter time horizons. Existing research haachieve three objectives: First, since the network
primarily focused on long and medium time horizon environment users change their behavior complexity and
forecasting 1,2,3,4,5,6,7,8,9,10,11,12,13], where the variability, the network environment changes rapidly.
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Thus the forecasting algorithm must be able to adapt te2 Relevant local L SSVM prediction model
network usage in an automated manner. Second, network
traffic analysis and forecasting should be capable 02 1 Relevant local forecast method
filtering and ignoring abnormal data to reduce the impact
of noise on the overall prediction. Third, communication Nonlinear time series forecast methods can be divided
networks tend to possess patterns of self-similarity andnto two categories, Global Forecast Method (GFM) and
long-range correlations and the forecasting algorithmgcal Forecast Method (LFM) 19. GFM uses all
should be capable of leveraging these patterns tQuvailable data in its prediction and fits the system by
accurately  forecasting nonlinear  changes  andgynamic equations to the entire dataset. As such, neural
compatibility of noise. network forecast methods and traditional SVM forecast
methods are Global Forecast Method because both
families of methods train forecast models using all
input-output pairs. Generally, the computation and
omplexity of GFM is large. In contrast, LFM uses only
elect subsets of historic data to forecast future values.
Consequently, LFM computation and complexity are
networks are difficult to design; second, neural networkjcv.ver than that of GFM. The dls.advan.tage Of. LFM is that
tend to exhibit from slower con\;ergence’rate compared toasu;ie from dgta local 1o a timepoint Of. interest, all
alternatives; third, neural networks pose the risk of over-res'quJal historical data are discarded, WhICh. means that
fitting input aata ’ trad|t|'on'al LFM methqu 'do not fully utilized .th.e

' self-similarity of input historical data series to maximiz
prediction accuracy.

Given their success in other application spaces with ~Consequently, LFM computation and complexity are
similar characteristics, Support Vector Machine (SvM) lower than that of GFM. The disadvantage of LFM is that
models were introduced to incorporate Structural Riskaside from data local to a timepoint of interest, all
Minimization Principle (SRMP) and Statistical Learning resu;ipal historical data are discarded, whlch means that
Theory (SLT) into the prediction process with the goal of traditional LFM methods do not fully utilized the
overcoming the challenges posed by traditional neuraﬁelf—slmllamy of input historical data series to maximiz
network based methodd7]. Of particular note is the Prediction accuracy. .

Least Squares Support Vector Machine (LSSVM) Th_e Relevant local forecast model training set
proposed by Sunkens and VandewaB][ The LSSVM is  Selection operators are as follows: _ _
notable because it simplifies the inequality constraint to (1)~ Input  origin historical ~ time  series
an equality constraint and can be trained to solve a set oK = X1, X2, , ¥, XeR _ o
linear equations. This simplification lies at the heart of  (2) Segment historical time series by local minima,

why LSSVM has been widely adopted in the field. which are endpoints of time series segmentation to define
location sequench!.

(3) Select a data segmentatignwhich is composed
Despite the attractive features of the aboveof points nearx,; namely, [xn_s+1,xn_s+2,---,xn]. The
calculations, LSSVM forecasting algorithms still have length of data segmentatisris determined by analysis of
some drawbacks: first, LSSVM forecasting algorithmsthe time series, specifically X’s autocorrelation
consider all the data to be useful, making LSSVM coefficientsC. We define the distance from each start
vulnerable to outlier effects of abnormal data; second,point to first minimum point of the coefficients seriéss
LSSVM model parameters have a great impact onthe length of data segmentatien
predictive performance but they are notoriously difficult (4) Calculate the Euclidean distance series data
to optimize. segmentatiorD of P from origin history time seriex
using the sliding window method. This yields and

) expression oD as follows:
In this paper, we propose a novel short-term network

traffic flow forecasting algorithm to solve those problems \/ s
D(i) =
i

Various of nonlinear time series prediction algorithm
have been proposed,[L0,11,12,1314,15,16], but they
each has its unique drawbacks. For example, the body o
neural network based methods3[14,16], are known to

that improves the LSSVM method in two major ways.
First, our algorithm leverages the self-similarity of
network traffic data series to select the training set which (i=1,---,n—9)

is best correlated with forecast data, thereby avoiding the

problem of computing high dimension inverse matrix by  (5) Sort Euclidean distance series data based on
reducing the length of training data set. Second, ourascending order to obtain the sorted index sequéence
algorithm automatically selects optimized combination of  (6) Find the max value oM | M < I(1) and the
parameters accurately by pattern search algorithm whictminimum value ofM | M > (1) +s— 1. Select a data

is simple and effective. segmentation which makes the max valudbfM < 1(1)
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Fig. 1: The difference of Local Forecast and Relevant Local Fotecas

the start location and make the minimum value of Equation 3 subject to:

M| M >1(1)+s—1 the end location, and chooses it as T

tra!ning s(e<)quence Xtrain. If the length of training We=W (%) +b+eq(k=1---.n) )
sequenceXyain is smaller than the threshold (default: Whereex € R (k=1,---,n), are error variables, and >
200), add 1 to index of, algorithm continues to select a 0 is a regularization constant. To solve the optimization
data segmentation, which make the max value ofproblem, we can introduce the Lagrangian function:

M | M < 1(2) the start location and make the minimum

n
value of M | M > 1(2) +s— 1 the end location, else L(w,b,ea) = Lowsd > &
algorithm uses the union of training sequence and the 2 2.5 5
selected data segmentation as new training sequence. n , )
Repeat the above step until the length of training > (W (X) + b+ & — Vi)
sequence is greater than or equal to threshold. k=1

Whereay, (k=1,2,---,n) are Lagrange multipliers.
From Karush-Kuhn-Tucker (KKT) conditions we can

2.2 Least Squares Support vector Machine derive the following relationship:
Regression 0 1i, bl _ 1|0 6)
1 Q+5] " o] T Y
Given a one-dimensional training data series that can b§yherea = [ay, a5, - -- ,an]T,11 ; is an x 1 vector where
represented as a training load matias: all the elements are equal to@,is ann x n symmetrical
Xirain(1) Xrain(2) -+ Xrain(M) matrix, and Qj = k(. X)) = ¢(xX)T(x),
Xerain(2) Xerain(3) ~++ Xerain(M+ 1) y=[y1,¥Y2,---,¥n] " K(:--) is the kernel function.
: : : Some typical kernel functions are:
Xirain(l = M+1) Xrain(l =M+2) -+ Xrain(1) Linearkix x) =x'x
So training data set is input datg,< Ris output data Polynomialk(x, ) = (X"« +1)

andl is the number of total data points. For the nonlinear ~ Radial-basis functiok(x,x) = exp(— [[X— x| \ a?)
relationship between'y andyy, LSSVM mapsx to a Defining Qn = Q + 3, and from (7) we obtain the
higher dimensional spad®", and regresses training data Selution ofbanda:

in the high-dimensional space: b 1aQly
7ot (7

a=Qrt(y—lnx1xb)

Where ¢ (x) is nonlinear mapping functiow is normal  sypstitutingo anda into (1), we obtain the result LSSVM
vector, and is offset amount. Equation 2 can be expressedmodel for function estimation follows as:

as:

f(X)=w'¢(X)+b,weR" beR) 2)

wb,e T2

mind(w,e) = LTw )\E i & 3) y(x) = k;akk(X’,xL) +b (8)
&
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Fig. 2: Traffic data aggregated within 0.1 s

Fig. 3: Filtered traffic data

2.3 Parameter optimization by Pattern search (6) The value of the objective functiorf(q) is

m(Xe(i)=Xv(i))2 . v
Pattern search method is efficient in low-dimensional W in which X, (i) is the forecast value of
optimization problem, making it a good choice for X,(i) by the Relevant local LSSVM forecast method.
LSSVM parameter optimization2f]. We choose the
standard pattern search algorithm to select LSSVM
parameters and the specific implementation steps can be
found in the reference2(). 3 Experimental result and analysis

For the parameters selection of LSSVM-based
forecasting model, we define the objective functioas

follows: This section demonstrates the performance of the
(1) Define the validation sample X, = proposed algorithm in the case of real network traffic. The

[Xn—m+1,Xn—m+2, - » Xn] Dy the leave-one-out method and real network traffic used in the experiment is from the

the length ofX, is m. Lawrence Berkeley National Laboratory. The dataset
(2) Set initiali = 1 and make the remaining data consists of an hour's worth of all wide-area traffic

[X1,%2," "+, Xn—m4(i—1)] the candidate set of training set. between Digital Equipment Corporation and the rest of
(3) Contain the training seXyain form the candidate the world. Detailed information about the traffic trace can
set by the Relevant Local forecast method proposed in thi®e found in their webpage (http://ita.ee.lbl.gov/). Théada

paper. package used in this paper is DEC-PR][ and the time
(4) Input Xyain and parametersy into LSSVM stamps have millisecond precision.
forecasting model and get the forecasting vadyie, ;. First, we aggregate traffic data with time bin 0.1 s, that
(5) If i <m,i =i+1, and repeat (2) through (4); else, is, the arrived data bytes are distributed within the 0.1 s
go to (6). time interval.
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Fig. 5: Comparison of actual network traffic time series data angthdicted ones

Second, we normalized the data with following regularization constant of LSSVM model = 4122,

formula. variance of RBF kernel functiod® = 37.
Xormalized = (X — Xmin) / (Xmax — X 9 We input the optimized parameters into our
o ( rin)/ (Xrex = Xrin) ®) RL-LSSVM prediction model and our prediction results
The traffic data are shown as Fig.2. are shown in Fig.5 with prediction errors in Fig.6. The

The length of this traffic historical data sequence isdistributions of the RPE (Relative Percent Error),
36,000. The first 33,000 data points are used as th§(prediction-observation)/ observation*100], for theeon
training set, and the last 3000 data points are used as thg&tep are shown in Fig. 7.
test set. In order to facilitate comparison of performance,
those sets same as data sets which are used in referenci S
14 through 16.The normalized mean squared error is use
to evaluate the prediction accuracy as follows:

In Fig.5, the solid line represents the original data and
asterisk represents predicted data traffic, which fit the
ctual traffic value very well. This demonstrates that our

proposed algorithm is a high accurate and

L 2 anomaly-tolerant strategy. Moreover, the NMSE of
SE = (1/L)2':1£(N+' X_N;”" (10)  prediction is as small as 3.4459E-3. Fig.6 and Fig.7
(1/N)3izq [ =X presents the error value and the distributions of the

Relative Percent Error (RPE), those can be clearly seen

We select data seri€8s2000 Xs2001, X32002 -+ ;X33000 ghat the RPE of more than 95 points are less than 5

as validation sample by the leave-one-out method, an
use pattern search method which is based on LSSVM From the tabulated, it is indicated that our proposed
prediction and relevant local training method to search theRL-LSSVM traffic forecasting algorithms outperforms
optimal combination of parameters. The optimized other forecasting approaches in14[1516] with
parameters for the prediction of validation sample were agpromising results. The results obtained indicate that,
follows: embedding dimensiom = 7, delay 7 = 1, better forecasting accuracy is possible when the training
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Fig. 6: The prediction error
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Fig. 7: The distributions of the prediction RPE

Table 1. Comparison of proposed algorithm with recently proposethot

No. Method NMSE Reference
1 Flexible Neural Tree+PSO 1215410 2 14
2 Feed-forward Neural Network+PSO .32x10°2 14
3 Local Relevance Vector Machine+PSO .5810°3 16
4 Local Linear Prediction A3%10°2 16
5 Local SVM 10135102 15
6 Relevant Local LSSVM+PS .8459:10°3

data has a strong autocorrelation which is contained fromare a posteriori optimization methods and cant be
the selection by the Relevant Local Training method. achieved before forecasting in the real case. Method 4-5
pre-determined parameters of the prediction models. We
Furthermore, in method 1-3, the prediction modelsalso use PS method to search optimal parameters of
select parameters by the Particle Swarm Optimizationvalidation sample which contain from historical data set
algorithm, but the fithess function of PSO is the error of
test data set. In other words, those parameters selections
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and use those parameters to predict test data. Finally, ou®] T. T. Tigran, B. Biswajit and O. M. Margaret, IET Intellgt

method is easy to implement in the real case. Transport System$3, 519-526 (2012).

[10] R. C. Bao and F. T. Hsiu, Expert Systems with Applicasion
36, 6960-6965 (2009).

[11] H. L. Sun, Y. H. Jin, Y.D. Cui and S. D. Cheng, Journal of
Network and Systems Manageméd®{ 427-447 (2011).

In thi i dicti lgorithm based [12] X. W. Liu, X. Fang, Z. Qin, C. Ye and M. Xie, Chinese
n this paper a nonlinear prediction algorithm based on a Physics B19, 4760-4768 (2009).

relev_ant local LSSVM regressiop model is proposed tp[13] R. C. Bao and F. T. Hsiu, Applied Soft Computiagl177-
predict small scale network traffic and Pattern Search is 71g3 (2009).

applied to forecasting model parameters optimization14]y, H. Chen, B. Yang and Q. F. Meng, Applied Soft
LSSVM forecasting models structure is fixed and easy to  computingl2, 274-279 (2012).

regulate. The relevant local prediction method selectg15]Q. F. Meng Q F, Y. H. Chen, Z. Q. Feng, F. L. Wang and S.
training set from all the historical data to ensure that S.Chen, Chinese PhysicsiB, 2194-2199 (2009).
self-similarity of the training set and filters out irrelena [16] Q. F. Meng Q F, Y. H. Chen and Z. Q. Feng, Acta Physica
data of test set. Using a validation sample and PS method Sinica62, 1-7 (2013).

makes the algorithm automatically select forecasting[17] V.N. Vapnik, The Nature of Statistical Learning Thednd
model parameters before predicting test data. Our ed, USA: Springer, (1999).

Relevant Local LSSVM technique is applied on the [18]N. I. Sapankevych and R. Sankar, IEEE Computational
prediction of short-term network traffic data series. We  Intelligence Magazind, 24-38 (2009).

demonstrate the great effectiveness and efficiency of botft9] J. D. Farmer and J. J. Sidorowich, Physical Review lstte
prediction technique and parameter optimization in 59 845-848 (1987). ,

contrast to existing methods, and show that the predictio2%] k- G- Zhou, K. K. Lai and L. Yu, Soft Computing3, 149-

; ‘i 155 (2009).
error mainly concentrates on the vicinity of zero. . )
y y [21] D. Peter, M. Jeff, P. Vern and S. Mike, Internet traffic

archive, 2013-09-1(ttp://ita.ee.Ibl.gov/
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