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Abstract

Neural networks present a promising alternative approach to time series forecasting, they being a powerful and robust computational paradigm. One of the most popular neural network paradigms is the feed-forward neural network. 

In this paper we apply feed-forward neural networks to forecast a time series consisting of the average monthly rainfalls, measured at Craiova from 1959 to 1992. We use two supervised learning algorithms: Backpropagation and Delta-Bar-Delta. This problem is an interesting one because it involves real-world data in large enough quantity for analysis, but still not enough data that experts can explain them satisfactory.

Experiments showed that the performances depend on many factors: network structure, learning algorithm and parameter setting. Combining these factors the performances can be improved.

Introduction

The knowledge about the development of phenomena represents one of the priorities of the scientists in the field of environment research. Amongst natural phenomena, the meteorological ones and especially the rainfalls have an outstanding impact on social-economic environment. Those, when in excess, could result in large damages through floods, but also, when in deficit, may lead to droughts, thus disturbing the social-economic activities. 

The alarming growing of carbon dioxide in the atmosphere contributes toward greenhouse effect, which is visible in our country by the rising of the yearly average temperature and by decreasing incidence of rains. 

This paper presents an application of feed-forward neural networks to forecasting of a time series consisting of the measurements of the average monthly rainfalls, accomplished at Craiova. The data are from the period 1965-1994. 

The reason for choosing the meteorological station from Craiova is that the area surrounding Craiova the deficit in rains is very high and that led to diminished water resources in the water layers due to less supplying rains. This has implicitly led to less industrial and household water supply in the city from the respective layers. Also, the fall in rains in the respective area has determined climatic scarcity and a substantial fall in agriculture output.

In the first section of the paper we present basic concepts about feed-forward neural networks. We also describe the supervised learning algorithms Backpropagation [3] and Delta-Bar-Delta [2]. In the second section we present the experimental model. There are analyzed the parameters used by the algorithms and there are presented the best results, as the values of the parameters corresponding to these results. In the last section of the chapter we present some conclusions.

1. Feed-forward neural networks 

1.1. Basic concepts

Neural networks are computational frameworks consisting of massively connected simple processing units (neurons). These units have an analog to the neurons in the human brain. Because of the highly connected structure, neural networks exhibit some desirable features, such as high speed via parallel computing, resistance to hardware failure, robustness in handling different types of data, the property of being able to process noisy or incomplete information, learning and adaptation [3].

One of the most popular neural net paradigms is the feed-forward neural network. In a feed-forward neural network, the neurons are usually arranged in layers. A feed-forward neural net is denoted as 
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represent the number of input units;

L
represent the number of hidden layers;
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represent the number of units from the hidden layer 
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represent the number of output units.

By convention, the input layer does not count, since the input units are not processing units, they simply pass on the input vector x. Units from the hidden layers and output layer are processing units. Figure 1 gives a typical fully connected 2-layer feed-forward network with a 3
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3 structure.
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Figure 1: A 3x4x3 feed-forward neural network.

Each processing unit has an activation function that is commonly chosen to be the sigmoid function:
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The net input to a processing unit j is given by:
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where 
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’s are the outputs from the previous layer, 
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 is the weight (connection strength) of the link connecting unit i to unit j, and 
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 is the bias of unit j, which determines the location of the sigmoid function on the x axis. 

The activation value (output) of unit j is given by:
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We remark that:
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The objective of different supervised learning algorithms is the iterative optimization of a so called error function representing a measure of the performance of the network. This error function is defined as the mean square sum of differences between the values of the output units of the network and the desired target values, calculated for the whole pattern set. The error for a pattern p is given by 
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where 
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 are the target and the actual response value of output neuron j corresponding to the pattern p. 

The total error is
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where P is the number of the training patterns.

During the training process a set of pattern examples is used, each example consisting of a pair with the input and corresponding target output. The patterns are presented to the network sequentially, in an iterative manner, the appropriate weight corrections being performed during the process to adapt the network to the desired behavior. This iterating continues until the connection weight values allow the network to perform the required mapping. Each presentation of the whole pattern set is named an epoch.

1.2. The Backpropagation algorithm

The Backpropagation algorithm is the most popular supervised learning algorithm for feed-forward neural networks [3].

In this algorithm the minimization of the error function is carried out using a gradient-descent technique. The necessary corrections to the weights of the network for each moment t are obtained by calculating the partial derivative of the error function in relation to each weight 
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. A gradient vector representing the steepest increasing direction in the weight space is thus obtained. The next step is to compute the resulting weight update. In it simplest form, the weight update is a scaled step in the opposite direction of the gradient. Hence, the weight update rule is 
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 is a parameter determining the step size and is called the learning rate.

The partial derivative of the error for the pattern p is given by 
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where 
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 is the error signal of unit j and is obtained as follows:

-if unit j is an output unit, then 
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-if unit j is a hidden unit, then 
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Hence, the error signals 
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 for the output units can be calculated using directly available values, since the error measure is based on the difference between the desired 
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 values. However, that measure is not available for the hidden units. The solution is to back-propagate the 
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 values layer by layer through the network.

A momentum term was introduced in the Backpropagation algorithm [3]. The idea consists in incorporating in the present weight update some influence of the past iteration. The weight update rule becomes
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where 
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 is the momentum term and determines the amount of influence from the previous iteration to the present one. 

The momentum introduces a “damping” effect on the search procedure, thus avoiding oscillation in irregular areas of the error surface and accelerating the convergence in long flat areas. In some situation it possibly avoids the search procedure from being stopped in a local minimum, helping it to skip over those regions without performing any minimization there. In summary, it has been shown to improve the convergence of the Backpropagation algorithm, in general.

1.3. The Delta-Bar-Delta algorithm

The supervised learning algorithm Delta-Bar-Delta was introduced by Jacobs in 1988 [2]. The basic idea is to use weight-specific learning rates, since the error function may have a different shape with respect to the one-dimensional view of each weight in the network. Because of this, Jacobs introduced a second learning rule, which determines the evolution of a learning rate according to a local estimation of the shape of the error function.

This estimation is based on the observed behavior of the partial derivative during two successive weight-steps. If the derivatives have the same sign, the learning rate is linearly increased by a small constant to accelerate learning in shallow regions. On the other hand, a change in sign of the two derivatives indicates that the procedure has overshot a local minimum; the previous weight update was too large. As a consequence, the learning rate is exponentially decreased by multiplying it with a decreasing factor smaller than unity:
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The weight update rule is 
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The partial derivative of the total error is given by 


[image: image35.wmf]å

å

=

=

×

-

=

¶

¶

=

¶

¶

P

p

pi

pj

P

p

ij

p

ij

a

t

w

E

t

w

E

1

1

2

1

)

(

2

1

)

(

d

.

Hence, the signal errors 
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 must be accumulated for all P training patterns. This means hat the weights are updated only after the presentation of all training patterns

As reported in [2], Delta-Bar-Delta converges faster than Backpropagation and is more robust with respect to choice of parameters.

2. Experimental model

A time series is a sequence of time-ordered data values that are measurements of some physical process. A time series forecasting problem can be easily mapped to a feed-forward neural network [4]. The number of input units corresponds to the number of input data terms. The number of output units represents the forecast horizon. One-step-ahead forecast can be performed by a neural network with one output unit, and k-step-ahead forecast can be mapped to a neural network with k output units. 

A neural network forecast model is shown in Figure 1, where 8 terms of past series values are used to predict the series values in 2 steps ahead.

This paper presents an application of feed-forward neural networks and supervised learning algorithms Backpropagation and Delta-Bar-Delta to forecasting of a time series consisting of the measurements of the average monthly rainfalls, accomplished at Craiova. The data are from the period 1965-1994 [5]. 

A forecasting is correct if its value presents a deviation of at most 

from the measured value.

The time series has 360 terms. The first 260 terms were used as training patterns, and the next 50 terms were used as validation patterns. The last 50 terms of the time series were used to test the forecasting performance of the models.




Figure 2: A neural network model for 2-step-ahead forecasting

Validation can help insure that performance on the testing set is improving. The program keeps track of the network status during its point of best performance. If this performance does not improve for a number of epochs, the network is restored to its position of best performance and the trial is stopped. 

All the experiments were carried out on a Pentium at 133 MHz and with 24MB RAM. The feed-forward neural networks used in the experiments had 12 input units, one hidden layer and one output unit. We tested different neural network structures by varying the number of hidden units and we used different values for the parameters appearing in the algorithms Backpropagation-and Delta-Bar-Delta. 

For each neural network structure and parameter setting, 20 experiments were run with different random initial weights. The reported forecast errors are the averages of the 20 runs. We initialized weights using a uniform distribution over the interval [-1,1]. The data series were normalized to the range [0,1] before feeding into the neural networks:
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Forecasts from the neural network outputs were transformed to the original data scale before the percentage of good forecasts was reported. 

The two algorithms were improved with the flat-spot elimination technique [1]. The flat-spot problem occurs when the output 
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 of the sigmoid activation function of some neuron j approaches 0.0 or 1.0. In this case, the function derivative 
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 becomes too close to zero, leading to a small weight update. The technique consists in always adding a constant of 0.1 to the derivative, yielding 
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For each of the two algorithms we also used neural networks with direct connections from the input units to the output units. The insertion of direct connections is equivalent to adding linear components to the network.

In the sequel, we present the results obtained after 2000 epochs.

3.1 Results obtained with Backpropagation

The parameters used by this algorithm are:

· 
[image: image41.wmf]e

-the learning rate. We used in the experiments the following values for 
[image: image42.wmf]e

: 0.001, 0.01, 0.1 and 0.25. Larger values led to oscillations.
· 
[image: image43.wmf]a

-the momentum. We set this parameter to 0.001, 0.01, 0.1 and 0.25.
· Nhidden-the number of units from the hidden layer. We used neural networks with 1, 6 and 12 hidden units. 
The next table presents the results obtained after 2000 epochs 

Table 1

	The structure of the network
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	Nhidden=1
	6.00%
	6.00%
	4.66%
	5.33%

	Nhidden=6
	6.00%
	4.00%
	6.00%
	6.00%

	Nhidden=12
	2.66%
	6.66%
	7.33%
	5.33%


We see that the best result is 7.33% and it was obtained by a neural network with 12 hidden units and with 
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Table 2 presents the results obtained using direct connections. We remark that adding direct connections we got better results.

Table 2

	The structure of the network
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	Nhidden=1
	6.00%

	Nhidden=6
	8.66%

	Nhidden=12
	6.66%


3.2 Results obtained with Delta-Bar-Delta

The parameters used by this algorithm are:

· 
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-the initial learning rate. At the beginning, all learning rates are set to this value. The choice of the value for this parameter is rather uncritical, for it is adapted as learning proceeds. We set 
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 to 0.1.
· 
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-the momentum. We also set this parameter to 0.1.
· k-a very small constant. Jacobs suggests the value k=1/the number of training patterns=1/260. We used the following values for this parameter: 0.004, 0.01 and 0.1
· 
[image: image53.wmf]-
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-the factor greater than the unity. We set 
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 to 0.001, 0.1, 0.3, 0.5 and 0.9.
· Nhidden-the number of units from the hidden layer. We used neural networks with 1, 6 and 12 hidden units. 
In the next tables there are presented the results obtained after 2000 epochs 

Table 3

	The structure of the network
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	Nhidden=1
	4.66%
	4.00%
	3.33%
	4.66%
	5.33%

	Nhidden=6
	5.33%
	5.50%
	5.33%
	6.66%
	0-2%

	Nhidden=12
	6.00%
	6.00%
	6.00%
	5.33%
	5.33%


Table 4

	The structure of the network
	
[image: image60.wmf]001

.

0

01

.

0

=

=

-

h

k


	
[image: image61.wmf]1

.

0

01

.

0

=

=

-

h

k


	
[image: image62.wmf]3

.

0

01

.

0

=

=

-

h

k


	
[image: image63.wmf]5

.

0

01

.

0

=

=

-

h

k


	
[image: image64.wmf]9

.

0

01

.

0

=

=

-

h

k



	Nhidden=1
	4.66%
	6.00%
	5.33%
	6.00%
	6.66%

	Nhidden=6
	5.33%
	6.00%
	4.66%
	5.33%
	5.33%

	Nhidden=12
	6.00%
	5.33%
	6.00%
	4.66%
	6.66%


Table 5

	The structure of the network
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	Nhidden=1
	5.33%
	5.33%
	4.00%
	5.33%
	0-2%

	Nhidden=6
	8.00%
	7.33%
	6.66%
	7.33%
	7.33%

	Nhidden=12
	7.33%
	8.00%
	6.66%
	7.33%
	0-2%


We see that the best percentage is 8.00%. This result is obtained in two cases:

· 
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 and Nhidden=6;
· 
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 and Nhidden=12.
We notice that better results were got in the experiments with k=0.1 and with neural networks with 6 or 12 hidden units. The networks with one hidden unit were not able to learn.

Using direct connections we have also got the best results, as we can see in the next table.

Table 6

	The structure of the network
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	Nhidden=1
	10.00%
	10.00%

	Nhidden=6
	10.00%
	8.00%

	Nhidden=12
	9.33%
	8.66%


Thus, we obtained a percentage of correct predictions equal to 10.00%, which is the best performance obtained in all the experiments done in this paper.

4. Conclusions

The best percentages of correct predictions obtained for the two algorithms are:

-for neural networks without direct connections from inputs to outputs

· Backpropagation: 7.33%

· Delta-Bar-Delta: 8.00%

-for neural networks with direct connections from inputs to outputs

· Backpropagation: 8.66%

· Delta-Bar-Delta: 10.00%

Hence, in both cases the best results are obtained using Delta-Bar-Delta. This shows once again the superiority of adaptive learning algorithms.

Experiments showed that the performances depend on many factors: network structure, learning algorithm and parameter setting. Combining these factors the performances can be improved.

Rainfalls’ forecasting using neural networks is a new investigation method in the meteorological field and can contribute to meteorological prognosis improvement. 
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