TELECOMMUNICATIONS
AND ELECTRONICS
TELEKOMUNIK ACIJAS UN
ELEKTRONIKA

ISSN 1407-8880 2009-8880

AN ADVANCED ALGORITHM FOR FORECASTING TRAFFIC LOADS BY NEURAL
NETWORKS

INOVAT IVAIS NOSLODZES PROGNOZESANAS ALGORITMS PIELIETOJOT NEIRONU
TIKLUS

I. Klevecka, Mr.Sc.Ing., Doctoral Degree Candidate
Faculty of Electronics and Telecommunications /aRigchnical University
12 Azenes St., Riga LV-1048, Latvia, ph.: +371 28010, e-mail: klevecka@inbox.lv



Scientific Journal of RTU. Series 7. Telecommunarst and Electronics, 2009, vol.9

Keywords: traffic forecasting, neural networks, @ighm, telecommunications, packet-switched netajork
telephone networks

AbstrIaCt - Neural netWQrkahave been .gall'n(ijng Wige —the influence of a network specification on
popularity in time series forecasting including the ;

prediction of traffic loads. However, there are still some the quality of forecasts.

unsolved problems in this filed. The inability to produce ) . .

and replicate a stable solution, a high probability of over- ~ Besides, in contrast to popular belief, neural

training and the absence of strictly defined criteria for  networks are sensitive to the quality of input data
selecting a final forecasting model are the most substantial [1].

of them. An advanced algorithm introduced in the paper . - . -
addresses some of these problems and specifies a 1 @KINg that into account, the main aim of the

procedure aimed at facilitating the search of the optimal ~ f€éSearch paper was to propose a functional

solution and increasing the reliability of produced procedure for specifying a neural network

forecasts. suitable for producing reliable forecasts and to
examine its effectiveness for real traffic traces.

Introduction

_ _ , A Brief Description of the Algorithm
Forecasting the dynamic behavior of network
traffic plays an important part in design,The block diagram of the proposed algorithm
deployment and optimization of modermaimed at solving the task of network traffic
telecommunications  networks.  Short-termgrecasting is shown in Fig.1. It is assumed that a
overload_ of transmlssmn_channels_ and sustainingytilayer perceptron [2][3], is used here and that
the required level of quality of service. the measurements of network traffic are
The technology of neural networks is becomingepresented as time series.
more and more popular in traffic forecasting. INp contrast to the classic algorithm of settingaup
comparison to traditional linear methods (e.Cheyral network to solve a pre-defined task (see,
ARIMA and exponential smoothing), its mainfor example, [4][5]), the proposed algorithm
advantage is the ability to model the non-lineaiontains three novel blocks, the detailed
dynamics of time series and to recognize thgescription of which is given in the next section
chaotic behavior of processes. They are:
Nevertheless, the application of neural networks _ implementing multiple cycles of the

for forecasting purposes still raises some jnitialization of weights and biases;

substan'tlal problems which mvolve:. _producing and evaluating the quality of
—the |nab|I|ty to produce and replicate a stable pseudo-forecasts (i.e. out-of-sample testing);
solgtlon, . o — selecting a final forecasting model taking into

— a high probability of over-learning; account the estimates of information criteria

selecting a final forecasting model ; residuals.
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Notes

mO — the size of an input window

M — the number of output neurons

m — the number of hidden neurons

K — the maximum number of hidden neurons

q — the index number of the cycle of initialization of weights and biases

L — the maximum number of initialization cycles

E - training error (evaluated at the end of each training epoch for g=1,2,...L)
O —the initial index number of a model

X — the number of models with a minimal training error E which are chosen for further analysis
Er — the parameter of the quality of a pseudo-forecast

NUM — the index number of a model

C — information criterion

LM — the Lagrange multiplier type test

p(LM) — the significance level of the the LM type test

Fig.1. An advanced algorithm aimed at solving a foreogstask by means of neural networks
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A forecasting task is solved with the assumptioli the initial weights and biases are set to large
that the optimal training parameters as well as aalues, then neurons usually approach the
appropriate training algorithm are already presaturation level very quickly. In its turn, it wall
defined according to some rules or proceduresignificantly increase training time. If the initia
and stay invariable during the whole trainingzalues are set to small values, then the algorithm
process. works very slowly about the origin of the error
Such parameters of network architecture as tisarface. This is specifically true in the case of
number of input and output neurons stagnti-symmetric activation function such as
unchanged during all the stages of training kyperbolic tangent.
neural network and further forecasting as wellt is important to understand that regardless ef th
The number of hidden layers of a regressiomitialization method, the starting values of
network should not exceed one according to theeights and biases influence the final result of
universal approximation theorem [6]. Thus, théraining. It is directly connected to the
optimal value of only one variable parameter, thpeculiarities of training algorithms as initial
number of hidden neurons, has to be definagleights define the direction of the gradient
through experimental routine. descent in searching a global minimum of the
Only few hidden neurons are often satisfactorgrror surface. Therefore, in practice it can be
for purposes of modeling and forecasting timeomplicated to produce a stable solution and to
series. Therefore, in order to identify the optimaleplicate it.
number of hidden neurons, it is advised to apply order to find an actual global minimum it is
a constructive method which is implemented imecessary to train one and the same architecture
the proposed algorithm. It involves graduamultiple times under the same conditions
increase of the number of hidden neurons witthanging only the initial values of weighs and
subsequent testing and verification of eachiases.
architecture.
The important stage of the algorithm is pre- o009
processing of input data as well. Some —>— Chronological Order
. . . Descending Order

procedures of pre-processing are discussed ir
another research paper of the author [1]. These -
procedures include reducing a time series to 2 *%
stationary behaviour, identifying seasonal and/ or
cyclic components etc.

Neural networks belong to so called heuristic
methods. The proposed algorithm is also basec ™
on the practical experience of the author and
arises from multiple experiments with real time
series. However, the background of including %%
these stages into the algorithm strongly relies on
the theory of neural networks and time series
forecasting.
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Fig.2. The training errors of a neural network

(without applying a cross-validation) produced

The Novelty of the Algorithm for a hundred cycles of initialization of weights
and biases

I mplementing Multiple Cycles of the _ . _
I nitialization of Weights and Biases The example shown in Fig.2 illustrates an
uncertainty in producing a final solution and its
It is required to set some initial values to ak thdependence on the starting values of weights and
weights and biases of a neural network beforeldases being set in the process of initialization.
training process starts. The aim of initializationf e values of training errors (in this particular
is, probably, to find the best approximation to théase — mean square errors) are displayed in
optimal solution and, in that way, to decrease tHdronological order of their evaluation at the end

time of training by facilitating the convergence oPf each training epoch as well as sorted in
a training algorithm. descending order to facilitate their comparison.



The training errors shown here are produced aserified, i.e. the quality of approximation and the
result of training a neural network of the samautocorrelation of the residuals are already tested
architecture and applying the same traininglowever, it is important to keep in mind that
parameters but changing the initial values aion-linear neural models are inclined to over-
weights and biases. It is easy to notice that thearning, i.e. to the simple memorization of input
difference between the largest and smallest erratata. An over-trained neural network has poor
is rather prominent what can be significant fogeneralization ability, and consequently, a
the choice of a forecasting model and the qualifprecasting ability even if the quality of
of the produced forecasts. approximation is high.

Despite these complications, many researchddsfferent initial values of weights and biases
still do not pay a proper attention to this issiie. result in different final solutions, and

is possible to find references to 50 [7], 10 [8], &Bonsequently, in different values of training
[9] cycles of initialization. However, in mosterrors. Already at this stage, the proposed
research papers only one initialization cycle ialgorithm involves selecting some models with a
applied what can create the illusion that a fittechinimum training error and testing the quality of
model is adequate even if it is not. the pseudo-forecasts produced for each of them.
During the last two decades many differenThis approach allows identifying the model
heuristic methods of initialization have beerwhich is suitable for further forecastingn
proposed, the main aim of which is to improveadvanceand avoiding a common situation when
the convergence of the training algorithm of a final fully-verified architecture with a high
neural network. Despite this, the optimal solutioquality of approximation produces very poor
has not been still found. The most populaiorecasts.

method of initialization is the randomThe last historical values of an analyzed time
initialization of weights and biases from aseries are traditionally used for developing a
uniform distribution with a narrow range of smalltesting subset. However, it is necessary to
values. The method was first suggested in understand that these observations influence the
fundamental work [10]. direction of a further forecast much more than the
The number of initialization cycles is usuallyearlier ones. Therefore, the last historical da¢a a
chosen mandatory, and depends on thbe most valuable in the process of selecting a
complexity of a task as well as on time resourceslevant forecasting model, and using them as a

a researcher has on his / her disposal. testing subset is not always reasonable.

Producing and Evaluating the Quality of e, j

P%UdO'ForecaStS Basic Subset \{ IrrIs 3 Basic Subset Real Forecast
! 1

t
Out-of sample testing allows approaching the

conditions of real-life forecasting. It is a commorFig.3 Chronological division of a time series into
method in time series forecasting (see, fothe training and testing subsets in order to test t

example, [11][12]) but it has not still gained a quality of a pseudo-forecast
wide acceptance in predicting the dynamic
behaviour of network traffic. Implementing a proposed algorithm it is

In general, out-of-sample testing involvesecommended to divide a time series into training
splitting a time series into two independensnd testing subsets according to the scheme
subsets. The first, largest data subset is used &fown in Fig.3. This original approach allows
the selection and verification of a statisticajncreasing the quality of real forecasts as the las
model. It is called a basic or retrospective subsefistorical observations are not used for testing bu
The second, testing subset is used for examinifgr fitting a statistical model.

the quality of so called pseudo-forecass post

forecasts) comparing them with historical data. Kelecting a Final Forecasting Model

provides the opportunity to evaluate the

forecasting abilities of the model fitted to that is advised to select a final forecasting model

basic subset. (architecture) taking into account two
In the case of linear statistical models, pseudo-

forecasts are produced after the model is fully



parameters — the value of an information criterioherefore, it “selects” the models of smaller
and the level of the autocorrelation of residuals. dimension.

Some standard parameters such as the correlatioformation criteria are calculated separately for
coefficient (R), mean square error (MSE), meaeach analyzed specification (architecture) of the
absolute error (MAE) etc. are traditionally usednodel. The model that possesses the minimum
for the evaluation of the general forecastingalue of the criterion should be selected for
ability of a statistical model. However, thefurther analysis. It has been also noticed that in
relevance of these classic criterions has raispdactice the BIC “selects” very parsimonious
some arguments. The mean square residuals aredels with only few parameters. Therefore, this
usually decreasing once the model is becomirggiterion is often used for non-linear models
more ,complicated” with addition of new freewhere insignificant gain in fitting quality is
parameters. In particular, for neural networks thidirectly connected to the necessity of calculating
issue refers to the necessity of searching tlelarge number of additional parameters. Some
optimal values of extra weights and biases. other modifications of information criteria were
However, once a certain limit is reached, the gapproposed as well. The Schwarz's Bayesian
in quality of fitting with addition of new Criterion (SBC) and the information criterion of
parameters tends to be insignificant. On the othelannan and Quinn are among them.

hand, time required for selecting the optimahnother important aspect of selecting an
values of free parameters can lead to a shasdequate forecasting model is the lack of
decrease in the performance of a networlautocorrelation in residuals. The residuals of the
Therefore, it is very important to look for theproduced model are defined as differences
optimum  between the preciseness  dofiven bys, =x —X,t=12...,n, wherex, is the
approximation and the complexity of a statisticalyserved value and% is a corresponding

model. predicted value produced by means of a fitted

Information criteria have been found to be quit tatistical model. These differences cannot be
useful in solving this problem. The estimate of : ' .
xplained by a produced forecasting model.

the criterion consists from the penalty for poo heref i id
fitting and the penalty for over-parameterization. erefore, we can consider residuals as

The first suggested criterion of this type is th@bserved errors. . .
Akaike’s information criterion (AIC) given by The model is relevant if only the hypothesis

[13][14]: about the presence of autocorrelation in residuals
is rejected at the pre-defined significance leitel.
AIC(K) = 7In 62 + 2k ) means that the residuals are similar to a white

noise and further analysis will not discover any
statistically significant dependencies.

: _ The Durbin-Watson criterion [15] is traditionally
L th? r_1umber of observations to which th‘ﬁsed for testing the autocorrelation of residuals i
model is fitted; . classic regression analysis. However, this test is
k—the number of adjusted parameters; not suitable for testing the autocorrelation of

where

Zr“gtz res@duals if the regressor is a lagged explanatory

52 _  _ astimate of the residual variance variable [16]. On the account of the same reason,
¢ T the Box-Pierce and Ljung-Box [17] criterions

(i.e. mean square error). cannot be applied to neural networks even the

last one is widely used, and despite its theoretica
Another popular information criterion is theinconsistence, is still included in most statidtica
Bayesian modification of the Akaike’s criterion —and econometric software packages.
the Bayesian information criterion (BIC) The most relevant estimate of the presence or

[13][14]: lack of autocorrelation in residuals of neural
networks gives a powerful Lagrange Multiplier
BIC(k) =7In&2 + 2k + kIn(z) 2) (LM) type test (also called the Breusch-Godfrey

test) introduced in [16][18]. The LM type test

The BIC puts a stronger penalty on Over_pelongs to classic asymptotic tests and serves for

parameterization as compared to the Aldndentifying the autocorrelation of mandatory
order.



Conclusion 7.

The proposed algorithm was applied to sixteen
time series of different length and aggregation
degree. The time series represent actud
measurements of the traffic of both telephone and
packet-switched IP-networks.

The experiments proved that the application af
the algorithm to solving the task of traffic
forecasting allows facilitating the search of the
optimal solution and increasing the quality of
produced forecasts. The algorithm provides 0.
systematic approach to searching an adequate
solution and allows avoiding a common situation
when the model with good approximation quality,
is not suitable for further forecasting due to ever
training.

The algorithm can be applied to other time series
with similar statistical properties as well, for12.
example, in forecasting the level of energy

consumption.
13.
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I. Klevecka. Inovatvais noslodzes prognd@Sanas algoritms, pielietojot neironu tklus

Neironu iklu izmantoSana telekomuniiju tiklu dinamisks uzveibas prognozSari iegist lielu popularigti.
Tie rada papildus iesgias nelingro paradibu modeiSani un haotisks uzvethas noteikSa@ Toner, neironu
tiklu pielietoSana laika rindu progne&ani joprojam ir saisfta ar hitiskim probEmam, dam ki sarezita
stabilo risizjumu iedgiSana un to atktoSana, ikla augsta prmacibas varlatiba un izéleto gala



prognozsSanas mode (arhitekiiras) pre¢zo \erteSanas krigriju trizkums. Darla piedavatais algoritms risina
dazas no nosauk@@n probbmam. At%iriba no klasiskm risinagSanas sbmam, piedivatais algoritms iefauj
trzs principili jaunus blokus, saigbs ar:

— neironu tkla svaru un sliekgs daudzkrtéjas inicializacijas ievieSanu;

— pseidoprognozes ra&hnu un no&téSanu, iz¢loties prognozsanas modeli;

— gala prognozSanas moda iz\eli, novertejot informacijas kriterijus un atlikuma autokoretijas lrmeni.
Algoritms/auj atvieglot optimla risingjuma mekéSanu, paaugstift prognozu kvaliiti. Algoritms pierarots an
citam laiku rindim ar kdzgam ipa3bam, pienaram, enegijas paeriga limega prognozsani.

I. Klevecka. An Advanced Algorithm for Forecasting Traffic Loads by Neural Networks
The mechanism of neural networks is gaining moi mnre acceptance in forecasting the dynamic betavi
of telecommunications networks. Neural networksvigle additional opportunities in modeling non-limea
phenomena and recognizing chaotic behavior of ses. However, the application of neural netwooksnhe
series forecasting still raises some substantiabpgms. The inability to produce and replicate ab$ solution,
a high probability of over-training and the absermfestrictly defined criteria for selecting a finédrecasting
model are among them. An advanced algorithm intteduin the paper is aimed at solving some of these
problems. In contrast to the classic algorithm efting up a neural network to solve a pre-definaski this
algorithm contains three novel blocks which involve

— implementing multiple cycles of initialization oights and biases;

— producing and evaluating of the quality of pseudie€asts;

— selecting a final forecasting model taking into @act the values of information criteria and thedewf

the autocorrelation of residuals.

The algorithm allows facilitating the search of thptimal solution and increasing the reliability pfoduced
forecasts. It can be applied to other time seriéth wimilar statistical properties as well, for exgle, in
forecasting the level of energy consumption.

H. KneBenkasi. HoBaTopcknii aaropuTmM nporH03MpoBaHusl ceTeBOH HArPy3KHU MOCPeICTBOM HelPOHHBIX
cereii
Mexanuzm nelupouHvlx cemeil noayyaem ece 6oavulee NPU3HAaHUe 8 001ACMU NPOSHOZUPOBAHUSL OUHAMUYLECKO20
nogedeHus  MeNeKOMMYHUKAYUOHHbIX — cemell. Helpounvle cemu npedocmasisniom — OONOIHUMENbHbIE
B03MONCHOCIU 8 MOOCNUPOBAHUU HETUHEUHbIX SGNeHUUl U PACHO3HABAHUU XAOMUYecKo2o nosedeHus. Tem He
MeHee, UX NpuMeHeHue 6 001acmu NPOSHOZUPOBAHUU 6Ce euje CONPINCEHO C CYUWeCMEeHHbLIMU Npooiemamu,
cpeou KOMOpbIX MONCHO GbLOETUMb CIONCHOCTIU 6 NOJYUEeHUU U NOBMOPEHUU CMAOUIbHO20 PEeUleHUsl, 8bICOK)YIO
6EPOSIMHOCMb NepeodYUeHUs: U OMCYMCMEUe YemKo ONpedesieHHbIX Kpumepues 0/ 6bl00pa KOHEeUHOU MOOenu
npoerosuposanus. Ilpednoscennulii 6 pabome anzopumm HaAnNPAeieH HA peuleHue HeKOMOPbIX U3 IMUX NPooIeM.
B omnuuue om xnaccuueckou cxemvl HACMPOUKU HEUPOHHOU Cemu HA peulenue 3a0auu, OAHHbIU AleOPUmMm
cooepaoicum mpu NPUHYUNUATLHO HOBbIX OJI0KA, C8A3AHHBIX C

— 86e0eHUeM MHONCECNBEHHBIX YUKI08 UHUYUATUZAYUL 8ECO8 U NOPO2O8;

— nocmpoenuem u OYeHKoU Nce0ONPOSHO3A NPU 8blOOPe MOOeIU NPOSHOZUPOBAHUSL;

— 8bIOOPOM KOHEUHOU MOOeIU NPOSHOZUPOBAHUSl, NPUHUMASL 80 GHUMAHUE NOKA3AMeIU UHOOPMAYUOHHBIX

Kpumepues u ypogehsb asmoxKoppersyuu 0Cmamros.

Aneopumm no36osiem ynpocmums nOUCK ORMUMAIbHO20 PeUleHUs U NOGbICUMb O0CMOBEPHOCHIb NOJYHAEMbIX
NPOCHO308. Aneopumm Modcem NPUMEHAMbCA U K OPYeUM BPEMEHHbIM PAOAM CO CXONCUMU CIMAMUCTUYECKUMU
CBOLCMBAMU, K NPUMEDPY, NPU NPOSHO3UPOBAHUU YPOBHS IHEPLONOMPEONICHUSL.
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