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SPECTRUM NEURAL NETWORK FILTRATION TECHNOLOGY
FOR IMPROVING THE FORECAST ACCURACY
OF DYNAMIC PROCESSES IN ECONOMICS

The universal method for improving measurement, evaluation and forecast accuracy of
dynamic processes in economics based on spectrum neural network technology is developed.
Simulation model for determining the optimal parameters for spectrum neural network filtration
system has been created. The approach to adaptation of developed tools to specific application
requirements is proposed.

Keywords: spectrum neural network filtration; forecasting; dynamic processes; time series; princi-
pal components method.

Muxkona O. Menukoscokuii, IBan I'. IImonn, Onekca B. Ckopoxona
TEXHOJIOT'ISI HEMPOMEPEXEBOI CITEKTPAJTBHOI ®LIBTPALIIT
JUIA IIIIBUIIEHHSA TOYHOCTI ITPOTHO3YBAHHSA
JVUHAMIYHUX ITPOIECIB B EKOHOMIIII

Y cmammi pospo6aeno yuieepcaavnuii memoo nideuuieHHs MOMHOCMI GUMIPIOGAHHS,
OUIHIOBAHHA MA NPOCHO3Y8AHHS OUHAMIMHUX NPOUECI6 6 eKOHOMIUI HA OCHOBI MeXHOA02Il
Helipomepexcesoi cnekmpaavrnoi Qisempauii. Ilo6yooeano imimauiiiny mooeav GU3HAYEHHS
onmumaivHux napamempié cucmemu 045 30IliICHEHHA Helpomepex ceéoi CneKmpaivHol
Qiavmpauii. 3anpononosano nioxio do adanmauii po3pobaenux 3aco6ié 00 6UMO2 KOHKPEMHO20
3acmocy8anHsi.

Karouosi caosa: netipomepesicesa cnekmpanvha Qinbmpayis; npoeHo3y8ants,; OUHAMIYHI npoyecu;
uacosi psaou; Memoo 20106HUX KOMHOHEHM.
Puc. 2. Jlim. 13.

Huxkounaii A. Menukosckuii, I'. Isan Ilmonb, Osekca B. Ckopoxona
TEXHOJIOTI'S HEUPOCETEBOU CITIEKTPAJIBHOU
OUJIBTPALIMMU JIJIS ITOBBIINEHUA TOYHOCTU
IMTPOTHO3MUPOBAHU S ITMHAMUWYECKHUX
ITPOILIECCOB B DKOHOMMUMKE

B cmampue paspaboman ynugepcaavhuiii Menoo nogviuteHuss MOYHOCINU U3MEPEHUSl, OYEHKU
U NPOCHO3UPOBAHUST OUHAMUYMECKUX NPOUECCO8 6 IKOHOMUKE HA OCHOGE MEeXHOA02UU
Heilipocemesgoli cnekmpaavhol uavmpauuu. Ilocmpoena umumayuonnas mooeav onpeoeienus
ONMUMAAbHBIX NAPAMEmPO8 CUCMEMbl 045 OCYUL,eCEAeHUs. Helpocemesoil CneKmpaibHoil
duavmpauuu. Ilpedaoxcen nodxod k adanmauuu paspabomManHHvIX Cpeocmé K mpetosanusm
KOHKPemHo20 npuMeHeHUs..
Karouesvie caosa: neiipocemegas cnekmpanbias puabmpayus; NpoSHO3UPOsaHue; OUHAMUYecKue
npoueccul; spementble psiobl; Memoo eAaeHbIX KOMNOHEHM.

Introduction. For quality control in complex technical systems, it is important to
obtain forecast information on future states of such systems. This allows eliminating
potential failures and other shortcomings in their functioning.

Often it is necessary to control the changing conditions that lead to uncertain-
ties in the processes within systems. Such conditions may have uncertain impact of
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uncontrollable factors, the lack of sufficient knowledge on the environment and
external factors, the uncertainty of the model structure of the system and other types
of uncertainties. As a result, it is more complicated to make a state forecasting and to
perform efficient management of such systems.

For tasks when the output values depend on previous input values and system has
its internal dynamics, there are problems of effective noise removal from various
sources. Such problems are related to the influence of many factors on input data,
each having a different degree of influence on the result. Especially difficult is the
problem, when it is impossible to clearly identify the influencing factors and when the
impact magnitude of these factors on the result is unknown. One of these problems is
increasing the prediction accuracy in economics (Cao et al., 1996; Kaastra and Boyd,
1996; Clements and Hendry, 1998).

That is why the development of methods and tools to improve the accuracy of
dynamic processes forecast is an important task.

Literature review. Currently new scientific approach to the analysis of processes
occurring in complex systems is actively developing, based on multidimensional sam-
ples of real processes in a matrix convolution (set of copies of time sequences taken
with certain displacements). Singular decomposition of that matrix can describe the
dynamics of a complex system and predict its future behavior. This approach is called
the singular spectrum analysis (SSA). An important contribution to its development
has been made in particular by N. Golyandina et al. (2010), J. Elsner and A. Tsonis
(1996). The advantage of singular spectrum analysis is the ability to present time
sequence as the sum of independent components such as trend, periodic fluctuations,
noise in the absence of precise knowledge of the process model parameters.

General ideas of SSA are considered in (Golyandina and Zhigljavsky, 2013;
Elsner and Tsonis, 1996). In particular, N. Golyandina and A. Zhigljavsky (2013)
show that this method is effective for noise filtering in time series. There are many
publications on use of SSA in solving problems in various fields because SSA is a pow-
erful methodology that can be used for various applications, e.g., for predicting ener-
gy consumption (Kumar and Jain, 2010), noise reduction and restoration of seismic
data (Oropeza and Sacchi, 2011), short-term forecast of exchange rates (Hassani,
Soofi and Zhigljavsky, 2010) etc.

Unresolved issues. Classic singular spectrum analysis has several disadvantages
that often make impossible its practical application. In particular, the known meth-
ods of singular spectrum analysis are difficult to apply to many prediction problems
due to significant restrictions on the dimensions and the volume of data describing
the background of processes since the appearance of each new time count requires re-
execution of the entire amount of necessary calculations. These disadvantages can be
eliminated by using neural network technology.

The purpose of this study is to develop a universal neural network data filtering
technologies for dynamic processes of measurement, evaluation and prediction and
its adaptation to a specific application.

Key research findings. To achieve the research goal the following tasks have been
resolved:

- instruments for short-term forecasting of dynamic processes in economics has
been selected and adapted;
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- neural network paradigm for the implementation of spectrum filtration has
been chosen;

- universal neural network tools for realization of spectrum neural network fil-
tration of dynamic data has been developed;

- method for adapting the universal neural network tools for specific applica-
tion has been developed;

- developed tools have been used to improve the accuracy of short-term predic-
tion of generalized integral influence index of internal and external factors on the
enterprise.

The main stages of the developed spectrum neural network filtration technology
for improving the prediction accuracy are:

1. Making prediction of the generalized integral influence index of internal and
external factors on an enterprise for one year.

2. Formation of reference (actual) set of initial data to assess the accuracy of
prediction.

3. Adaptation of neural network spectrum filtering tools for a specific applica-
tion.

4. Filtration of incoming data using adapted neural network tools.

5. Making a prediction using the filtered input data.

To implement the spectrum neural network filtration technology for improving
the forecast accuracy of dynamic processes in economics the basic structure of neural
network tools has been developed (Figure 1), which consists of 3 main components:

- input time sequence to matrix delay conversion module;

- neural network based on geometric transformations models (GTM) for the
selection of principal components and dynamic filtering;

- neural network for implementation of forecasting — you can use different
types of networks, such as GTM, RBF and others.

GTM-network for selection of PC

time window

|
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of input time .
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Figure 1. Basic structure of neural network tools for improving the forecast
accuracy of dynamic data, developed by the authors

The essence of the developed neural network tools is that the input time

sequence, based on which we perform the forecasting, is filtered using the decompo-
sition on principal components and the components which are noise is discarded.
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Thus, to the input of neural network, which provides the forecasting, data get cleared
of noise and due to this the forecast accuracy is increased.

Neural network tools for improving the forecast accuracy of dynamic processes
in economics operate as follows.

The very first step in dynamic filtering implementation is to transform the input
time sequence into a matrix (Golyandina and Osipov, 2007). To do this, windows size
K should be selected. The optimal value of K depends on the problem that is solved,
and can be determined experimentally. The first row of the matrix consists of ele-
ments 1..K of input time series. Then, at each step, the window moves by one ele-
ment. Thus, the second row will consist of elements 2..K + 1, the third — 3..K + 2,
etc. As a result of processing the matrix K principal components will be obtained,
some of which are informative, and some are noise.

To perform the spectrum neural network filtration of dynamic data GTM neural
network is used (Tkachenko et al., 1999). At the basis of GTM paradigm is the prin-
ciple of response hypersurfaces presentation in orthogonal coordinate systems that
best match with the main hypersurfaces dimensions. A close analogue of neural net-
work based on GTM paradigm is a two-layer perceptron of the autoassociative type
which is constructed by the method in formation bottleneck. In the general case of
bottleneck, when the number of hidden layer neural elements are less than the num-
ber of inputs, the transformation of input vectors into identical output vectors occurs
with some error. The advantage of GTM network is that a "bottleneck” mode is not
mandatory for its implementation, so there is a possibility of exact (with zero
methodological error) display of input signal vectors in output vectors, simultaneous-
ly selecting the signals of all the components of an information object on the outputs
of hidden layer neural elements.

The inputs of GTM network received all components of existing vectors of the
sample simultaneously; the same components are used as input signals for network
training vectors for implementation of training. Output signals of neural elements
represent the signals of principal components.

After the filtering stage the data arrives at the inputs of the neural network, which
makes the forecasting. For prediction of dynamic processes in economic RBF neural
network has been used (Caiqing et al., 2008; Teslyuk et al., 2011).

The adaptation of developed tools for implementation of spectrum neural net-
work filtration technology of dynamic data to specific use occurs in a few steps.

On the first step you need to select the size of a time window K, i.e., on how
many principal components we will decompose our signal. This value is selected by
iterating all possible values of K, and then you select the value at which the output
error is minimal. Manual determination of this parameter is difficult and long, so we
develop a simulation model for determining the optimal parameters.

In the next step input signal is decomposed into principal components by means
of the GTM network. It should be noted that if we decompose a value on K principal
components, the sum of these components will match the original value.

Each principal component is an independent additive part of the original signal.
The first component is the trend and some others are useful signals, some are noise.

In the next step the principal components which are noise are discarded. To do
this, we reject some of the main components in turn and check how the actual error
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value decreased as compared to the reference value. If we reject the principal compo-
nents which are noise, the accuracy of the input data increases, and thus the quality
of prediction that we can make based on this data will increase as well.

To determine the optimal filtering parameters, we have developed a simulation
model (Figure 2). Software implementation of the simulation model is developed in
the C# programming language. To determine the optimal parameters you should pro-
vide two time sequence — actual and reference — to the input of application. As a
result, the application shows on how many principal components the input signal
should be decomposed, and which of these principal components are to rejected.

To test the tools for dynamic processes forecasting in economics the prediction
of generalized integral influence index on the enterprise "Energoterm" (Lviv) has
been carried out. The generalized integral influence index on enterprise takes into
account the hierarchical interaction and interdependence of all groups and impacts
that act on the enterprise.

Using the simulation model, it was determined that for dynamic filtering of the
generalized integral influence index input temporal sequence should be divided into
7 principal components. After calculations, it was found that only the first 4 principal
components contain useful data, while others are noise. Thus, it is required to reject
the last 3 principal components to implement filtering of input sequences, and con-
sider only the first 4.

Using the developed spectrum neural network filtration technology of dynamic
processes in economics improves the forecast accuracy of generalized integral influ-
ence index by 9%.

Conclusions:

1. For the first time spectrum filtration technology of dynamic processes based
on neural network models of geometric transformations has been developed, which is
universal and based on the research of the input time series using the principal com-
ponents method. Application of this technology enhances the forecast accuracy of
dynamic processes in economics.

2. The structure of neural network tools for improving the forecast accuracy of
dynamic processes consists of 3 main components: 1) tools for converting the input
time sequence to the delay matrix; 2) neural network based on geometric transforma-
tions models for selection of principal components and rejection of noise compo-
nents; 3) tools for prediction using purified data.

3. The adaptation of developed tools of neural network dynamic filtering for
specific applications includes the following steps: 1) choosing the size of a time inter-
val; 2) decomposition of the input signal to principal components; 3) discarding those
principal components that are noise.

4. Further research and development should be carried out in the direction of
using neural network tools for recovering lost data under noise and incomplete infor-
mation conditions, which should provide further growth of forecast accuracy of
dynamic processes in economics.
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