
Applying Different Neural Network's Topologies to the 
Forecasting Task 

V. M. Sineglazov1, E. I. Chumachenko2, V. S. Gorbatiuk2

1Dept. of Aviation Computer-Integrated Systems, NAU, Kosmonavta Komarova Ave 1,build. 8, Kyiv, Ukraine 
2Dept. of Technical Cybernetics, NTUU “KPI”, Peremogy Ave 37, build. 18, Kyiv, Ukraine  

svm@nau.edu.ua, lobach21@mail.ru, vladislav.horbatiuk@gmail.com 

 
Abstract.The abstract gives brief information about a contents of the paper. The abstract should not be shorter than 80 
words and should not exceed 250 words. The abstract introduces a reader into a field of your research, describes the 
problem and it's solution. It also introduces results reached in experiments. This paper is a demonstration of usage of 
LaTeX for IWIM 2007 camera ready paper. We also provide a template for MS Word but usage of LaTeX is highly 
recommended for production of high quality paper. It also eases a process of editing the proceedings if IWIM 2007. 
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1 Introduction 
 
Forecasting has always been and will always be one of the most interesting themes to mankind,since knowledge of the 
future is perhaps one of man’s greatest desires.But we should understand the risk of choosing inappropriate methods of 
forecasting, since incorrect predictions can lead to making the wrong decisions. 

A lot of different methods have been developed to solve the forecasting task, starting from simple linear regression 
[1] and ending with complex neural networks [2] and hybrid systems [3]. Because of the variety of available methods it 
is often a difficult question – which model to choose. One way was offered by the author of a group method of data 
handling (GMDH) [4], Olexiy Gryhorovych Ivakhnenko – define a set of considered models, find the parameters for 
each model and select the best models according to some external criteria. This approach greatly evolved since then, 
and it has shown to be very effective in real-life problems. In this paper another possible approach to the forecasting 
problem is offered, which, as well as GMDH, uses an external criterion to weight models. 

 
 

2 Problem statement 
 
Let us have n discrete samples at successive time 
points . Then the problem of forecasting (Fig. 1), considered in this 
paper, consists of building a model, that, given as input successive time points , where  is the size of 
prehistory, will be able to predict the value  at some future timepoint , where  is the duration of the 
forecast: , where F is some unknown function. One important note is that this model can be 
defined implicitly or even work as a “black box” – we give it an input, we receive the desired output, which serves as a 
forecast. 
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Fig. 1. Graphical illustration of problem statement forecasting: A – known values, B – forecast period 

 
 

3  Method overview 
 

As it was mentioned previously, artificial neural networks have been successfully applied to the forecasting task. For 
instance, in [5, 6] a multilayered perceptron (MP) [7] topology was successfully used, while in [8] an Elman neural 
network (ENN) was involved. The natural question appears: what topology is better? It looks like there is no certain 
answer for now. In [8] it was shown, thatMP topology is better for autoregressive-like processes [9], while ENN is more 
suited for autoregressive-moving average processes [9].But if there is no definite answer, why not try multiple 
topologies?  That is the main idea of the proposed approach. It involves the following steps. 

1.  Normalize the source time series using the following normalization technique: . 

2.  Preprocess the normalized time series using Tukey 53H [10] algorithm. This algorithm was developed to 
remove outliers from data, and it is very important, since outliers can cause a big change in model’s 
parameters. Of course, another smoothing technique, such as wavelet decomposition [11], can be used. 

3.  Take a preprocessedtime series and transform it into the training samples matrix using a sliding window 
technique. So, if we have  points, and we have defined the prehistory size  and forecasting period  
( ), then we will have training samples. 

4.  Split the obtained matrix of samples according to some ratio (usually ) into the training and validating 
sets. How to do this “well” is also a hard question, which won’t be discussed here. For reference, it was 
discussed in [12]. We suggest using random division of samples. 

5.  Train three different neural networks using the training set. The networks’ topologies are: MP, ENN and 
radial-basis function (RBF) network [13].  Again, a lot of articles were published regarding questions of 
suitable architecture of MP, ENN or RBF networks together with questions regarding suitable choice of their 
parameters, such as activation functions, and the learning algorithm. We suggest the following parameters: 

a.  Architecture of every network –  input neurons (since there are  inputs, there is no other choice), 
 neurons in the hidden layer and 1 output neuron. If, after going through all steps, the resulting 

model is still unsatisfactory - the number of neurons in hidden layer should be multiplied by a factor 
of 2, and the whole procedure should be repeated. 

b.  Activation functions of neurons in the hidden layer (applies only to ENN and MP, since RBF 

networks have predefined activation functions) –hyperbolic tangent ( ); 
activation function of neurons in the output layer – linear. 

c.  Learning algorithm for MP – Levenberg-Marquardt [14], for ENN - gradient descent with momentum 
and adaptive learning rate backpropagation. 

6.  Train another, so-called “gating” network [15], using the validating set.  

a.  The network parameters: 

i.  Topology – RBF network; 

ii.  Architecture –  input neurons,  neurons in the hidden layer and three neurons in the 
output layer. 

iii.  Activation functions of the output layer – sigmoid ( . 

b.   The network is trained as follows: 
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i. Given sample  in the validating set. 

ii. Feed the sample to each of the already trained networks. Three forecasts should be 
obtained: , where  is the output of a MP,  – ENN,  – RBF 
network. 

iii. Calculate the relative error of each forecast using actual value 

:   Then normalize the calculated 
vector, so that its elements sum to one. 

iv. And finally, a desired output of a gating network for the input sample , given the vector of 
relative errors, received on the previous step, is calculated 

. Simply put, the gating network is responsible for 
predicting the weights for the forecasts of other three networks, given the input sample. I.e., 
for the samples in the validating set, that are better predicted by MP, it should give a bigger 
weight to MP, while giving smaller weights to other networks’ forecasts and vice versa. That 
is why a desired output vector is constructed as one minus relative error of each network – 
the smaller the error the bigger the weight, which should be assigned to the network’s 
forecast for this sample. 

7. After all the networks are trained, the final output of the constructed model, given vector of inputs  is 
calculated as follows: 

 
,  1) 

where the outputs of a gate network should be normalized, so that they sum to one (another option is to use softmax 
activation function [16] in the output layer of a gate network).If the obtained model is unsatisfactory (its forecasts are 
not accurate enough), the whole procedure should be repeated, but with doubled number of neurons in a hidden layer of 
each network. 

 
 

4 Conclusion 
 
The proposed method is another variation of a “mixture of experts” approach, where the considered experts are neural 
networks with different topologies. This is done to eliminate one big problem – topology selection of a neural network 
for a given data: instead of selecting single topology, we train three different topologies and then train a so-called 
“gating” network, which will be responsible for weighting forecasts of the trained “forecasting” networks. To train a 
gating network the new validating set is used – i.e. we are actually using an external criterion, similar to GMDH 
algorithms. 
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