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ABSTRACT

In this paper, multi step ahead prediction of monthly sunspot real time series are carried out. This series is
highly chaotic in nature [7]. This paper compares performance of proposed Jordan Elman Neural Network with
TLRNN (Time lag recurrent neural network), and RNN (Recurrent neural network) for multi-step ahead (1, 6,
12, 18, 24) predictions. It is seen that the proposed neural network model clearly outperforms TLRNN(Time lag
recurrent neural network), and RNN(Recurrent neural network) in various performance measures such as MSE
(Mean square error), NMSE (Normalized mean square error) and r (correlation coefficient) on testing as well
as training data set for 1,6,12,18,and 24 months ahead prediction of sunspot time series. Parameters are
calculated by using software, “Neurosolution 5.0”. Neurosolution is an object oriented environment for
designing, prototyping, simulating, and deploying artificial neural network (ANN) solutions [26].

KEYWORDS: MSE (Mean square error), NMSE (Normalized mean square error), r (Correlation coefficient),
k (Number of step ahead)

I. INTRODUCTION

The main motivation for analysis and research of Sunspot time series is to predict the future and
understand the fundamental feature and effects on nature and human life. Artificial neural network is
used for solving the real world problem [6]. This is mainly due to their ability to deal with
nonlinearities, non-stationary and non guassianity [24]. The modelling and analysis of chaotic time
series has also attracted the attention of many researchers [4]. In this paper, Jordan Elman NN is
found an optimal NN as compared to TLRNN & RNN for Sunspot time series prediction. Jordan
Elman Neural Network is trained for multi step ahead prediction and the results are compared with
reference to the MSE (mean square error), NMSE (normalized mean square error), and r (correlation
coefficient), on testing as well as training data sets for short prediction. The number of experiments is
carried out by changing various parameters like Error criterion (L1, L2, L3, L4, L5, and L), number
of iterations, learning rule, percentage of training & testing data sets and transfer functions [1]. Thus
the optimum neural network model is proposed for short time prediction of Sunspot time series.
Previously, some work has been done on the prediction of sunspot time series. It has been shown that
the Fully Recurrent Neural Network (FRNN) model gives the good results for prediction [1].In this
paper; we have compared the various parameters for prediction and proposed the Jordon Elman neural
network, which gives perhaps the better results. The remainder of the paper is organized as follows. In
the next section we present the effective use of Artificial Neural Network for prediction. Section 3
deals with the introduction of proposed Jordon Elman neural network. Section 4 deals with the
various performance measures on the basis of which the prediction has been carried out. Section 5
deals with the introduction of Neurosolution, which is used as a tool for the analysis. The graph
representing calculation of number of processing elements, parameters obtained for various networks
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in tabular form, the relation between actual and desired output along with the scatter plots for the
variation of number of epochs has been shown in section 6.The paper ends with the comparison tables
showing results for various networks and conclusion.

II. NEURAL NETWORKS FOR PREDICTION

The beginning of the prediction of the time series was made in the past century with the introduction
of the autoregressive model for the prediction of the annual number of sunspots. Time series are
samples of system’s behaviour over discrete time values. The neural networks ability to cope up with
the nonlinearities, the speed of computation, the learning capacity and the accuracy, made them
valuable tools of prediction. To predict the evolution over time of a process implies the prediction of
the future values of time series describing the process [1], [4].Time series prediction with classical
methods relies on some steps to be followed in order to perform an analysis of the time series,
including modelling, the identification of the model and finally parameter estimation. The most
difficult systems to predict are a) those with insufficient amount of data in the data series (for instance
chaotic signals); b) the systems whose data series are obtained through observation and
measurements, in this case data being possibly affected by measurement errors; c) systems whose
behaviour varies in time[7].The artificial neuron for prediction receives the delayed signal at its input
y(k-1), i=the number of inputs, the inputs are transmitted through i+1 multipliers for scaling, then the
scaled inputs are linearly combined to form an output signal that is also passed through an activation
function in order to obtain an output signal. The model of the neuron is schematized as shown in
figure 1, [2].
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Figurel. The artificial neuron for prediction (M1....i are multipliers)

Consider x (t), the time series data collected in order to build a model. The data in the data series are
samples of x(t) with a time step k. the prediction of the time series values can be made single step
ahead, in this case one looking for a good estimation X1(t+1) of X(t+1) or multi step ahead prediction,
in this case looking for a good estimate X1(t+nk) of X(t+nk), n being the number of steps
ahead[9].The first and most common method for the prediction of time series consist in using M past
values or M-tuples as inputs and one output.

III. JORDAN ELMAN NN

The theory of neural networks with context units can be analyzed mathematically only for the case of
linear PEs. In this case the context unit is nothing but a very simple low pass filter. A low pass filter
creates an output that is a weighted (average) value of some of its more recent past inputs. In the case
of the Jordan context unit, the output is obtained by summing the past values multiplied by the scalar
as shown in the figure 2.Notice that an impulse event x (n) (i.e. x (0) =1, x (n) =0 for n>0) that
appears at Time n=0, will disappear at n=1. However, the output of the context unit is tl at n=1, t2 at
n=2, etc. This is the reason these context units are called memory units, because they "remember" past
events. t should be less than 1, otherwise the context unit response gets progressively larger
(unstable).The Jordan network and the Elman network combine past values of the context units with
the present inputs to obtain the present net output. The input to the context unit is copied from the
network layer, but the outputs of the context unit are incorporated in the net through adaptive weights
[9], [24]. NeuroSolutions uses straight back propagation to adapt all the network weights [2].
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Figure 2. Context unit response

In the Neural Builder, the context unit time constant is pre-selected by the user. One issue in these
nets is that the weighting over time is kind of inflexible since we can only control the time constant
(i.e. the exponential decay). Moreover, a small change in t is reflected in a large change in the
weighting (due to the exponential relationship between time constant and amplitude). In general, we
do not know how large the memory depth should be, so this makes the choice of t problematic,
without a mechanism to adapt it. See time lagged recurrent nets for alternative neural models that
have adaptive memory depth. The Neural Wizard provides four choices for the source of the feedback
to the context units (the input, the 1st hidden layer, the 2nd hidden layer, or the output). In linear
systems the use of the past of the input signal creates what is called the moving average (MA) models.
They represent well signals that have a spectrum with sharp valleys and broad peaks. The use of the
past of the output creates what is called the autoregressive (AR) models. These models represent well
signals that have broad valleys and sharp spectral peaks. In the case of nonlinear systems, such as
neural nets, these two topologies become nonlinear (NMA and NAR respectively). The Jordan net is a
restricted case of an NAR model, while the configuration with context units fed by the input layer is a
restricted case of NMA. Elman’s net does not have a counterpart in linear system theory. As you
probably could gather from this simple discussion, the supported topologies have different processing
power, but the question of which one performs best for a given problem is left to
experimentation[3],[7].

IV. PERFORMANCE MEASURES

The generalization performance of the network is validated on the basis of the following parameter.

4.1. MSE (Mean Square Error)

It is the average of the square of the difference between each output processing element and the
desired output. It is used to determine how well the network output fits the desired output, but it
doesn’t reflect whether two sets of the data move in same direction [1].

Yij = network output for exemplar i at PE j

P = number of output PEs(processing elements)
N = number of exemplar in datasheet

Dij = desired output for exemplar I at PEj

4.2. NMSE (Normalized Mean square error)
pn.MSE

T (1
) NZdl]z—(Zdl] ]
Z i=0 N1=()

j=0

NMSE =

NMSE is given as -
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P = number of output PEs(processing elements)

N = number of exemplar in datasheet

dijj = desired output for exemplar I at PE;j

4.3 Correlation coefficient (r)

It reflects whether the two sets of data moves in same direction .The correlation coefficient are
between the network output X and the desired output D is

Z (xi —¥)di —a)
\/Z (di};d_)\/zi: (xi ]—Vf)z

(2)
Where,

1 N _ 1 N
X=—> xi and d=—> di

N S N 5 (3)
The correlation coefficient is confined to the range [-1, 1].When r =1, there is perfect positive linear
correlation between X & d that is they co vary means they vary by the same amount [T. Edwards,
D.S.W Tansley, R.J. Frank, N. Davey .etal], [Lapedes A. and Farber R.etal] .The above parameters
are calculated by using software, “Neurosolution 5.0”

V. NEUROSOLUTION 5.0

Neurosolution is an object oriented environment for designing, prototyping, simulating, and deploying
artificial neural network (ANN) solutions. This environment is inherently modular, as a neural
network breaks down into a fundamental set of neural components. Individually simple, these
components combine to form networks that can solve complex problems. Neurosolution supports a
practically infinite number of neural models. It provides the user with an icon-based interface from
which the neural components are arbitrarily interconnectable [2].

VI. CASE STUDY

The different neural network models like Jordan Elman , time lag recurrent network and recurrent
neural network are trained for multi step ahead [1,6,12,18,24] predictions and the results are
compared with reference to MSE (Mean square error), NMSE (Normalized Mean Square Error), r
(Correlation coefficient) on testing as well as training data set for short term prediction. The number
of experiments is carried out by changing various parameters like number of processing elements,
number of hidden layers, number of iterations, transfer function, learning rule. Here we are finding
out the number of processing elements for which the network gives minimum MSE.

Figure 3.shows the graph obtained by varying various parameters giving the number of processing
elements for which the network gives minimum MSE. The Following Tables gives values of various
parameters such as MSE (Mean square error), NMSE (Normalized Mean Square Error), and r
(Correlation coefficient) for different look ahead values for different Neural Networks. Table 1 gives
values of MSE, NMSE, and r of Jordan Elman NN for multi step ahead (1, 6, 12, 18, 24) prediction
for Sunspot time series.
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Figure 3. Graph and Table of varying a parameter

Similarly table 2 and table 3 shows various values of MSE, NMSE, and r for Time Lagged Recurrent
Neural Network and Recurrent Neural Network. Comparing the performance measures like MSE,
NMSE and r for 60% samples as training, 25%samples as testing and 15% as cross validation, it is
found that the performance of the selected model is optimal for 15 neurons in the hidden layer. Next
the proposed model is trained ~ with different error criterion L1, L2, 1.3, L4, L5 and Loo.

Tablel. Type of network-Jordan Elman NN

For South For North
K (step) MSE NMSE R MSE NMSE r
1 0.00301352 | 0.12175413 | 0.9372644 0.00039479 | 0.01198851 | 0.99412255
6 0.00315088 | 0.12097912 | 0.9384633 0.00131084 | 0.00339036 | 0.98179276
12 0.01120112 | 0.23450117 | 0.8901836 0.01142852 | 0.16956471 | 0.93439364
18 0.00992762 | 0.43738162 | 0.8810052 0.01900812 | 0.26451196 | 0.91967542
24 0.00969921 | 0.47540716 | 0.8735284 0.01007496 | 0.27224255 | 0.90736715
Table 2. Type of Network Time Lagged Recurrent Neural Network
For South For North
K (step) MSE NMSE R MSE NMSE r
1 0.0031452 | 0.1338280 | 0.930992 0.001002 0.030435 0.9832722
6 0.0038522 | 0.1372878 | 0.927177 0.001627 0.004266 0.9726262
12 0.0116022 | 0.2429242 | 0.882282 0.011626 0.164626 0.9302727
18 0.0165966 | 0.3459452 | 0.840728 0.021829 0.322258 0.8775592
24 0.0997141 | 0.3538383 | 0.813266 0.031833 0.363333 0.8610236
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Table 3. Type of Network Recurrent Neural Network
For South For North
K(step) | MSE NMSE R MSE NMSE r
1 0.0023245 | 0.1339322 0.951992 0.004242 | 0.014249 0.9812222
6 0.0390393 | 0.1463663 0.927135 0.001634 | 0.042527 0.9788397
12 0.0143535 | 0.2967211 0.884222 0.014892 | 0.214893 0.9236422
18 0.0178532 | 0.3721266 0.819626 0.021780 | 0.321859 0.8610656
24 0.0128535 | 0.4238543 0.777512 0.013118 | 0.302349 0.8423390

The best combination network is then trained and tested for different transfer functions such as a)
Tanh axon b) Sigmoid c) Linear Tanh axon d) Linear Sigmoid. The proposed Jordan Elman NN
model is trained for the best combinations resulted for training and testing exemplars and it is
experimented for 1000 to 20000 iterations for getting an optimum results for each multi step ahead
k=1, 6, 12, 18, 24) of chaotic sunspot time series .The number of epochs are varied from 1000 to
20000 in the step 2000 and the graphs are plotted for all the steps. These Graphs are shown in Figure
4 to Figure 8.

Desired Output and Actual Network Output For Sunspot
(K=1)

411 657 821

165
Exemplar
Scaled_value_in_south Shift Up (1) Scaled_valuein_North Shift Up (1)
------- Scaled_value_in_south Shift Up (1) Output - - - - - - - Scaled_valuein_North Shift Up (1) Output

Figure 4. Graph For (k=1)

Desired Output and Actual Network Output For Sunspot
(k=6)

Exemplar

Scaled valuein North Shift Up (6)
------- Scaled valuein North Shift Up (6) Output

Scaled value in south Shift Up (6)
------- Scaled value in south Shift Up (6) Output

Figure 5. Graph For (k=6)
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Desired Output and Actual Network Output For
Sunspot(K=1

2)

Exemplar

Scaled value in south Shift Up (12)
Scaled value in south Shift Up (12) Output

Scaled valuein North Shift Up (12)
Scaled valuein North Shift Up (12) Output

Figure 6. Graph For (K=12)

(K=18)

Desired Output and Actual Network Output For Sunspot

Exemplar

Scaled value in south Shift Up (18)
Scaled value in south Shift Up (18) Output

Scaled valuein North Shift Up (18)
Scaled valuein North Shift Up (18) Output

Figure 7. Graph For (K=18)

(K=24)

Desired Output and Actual Network Output For Sunspot

Exemplar

155

Scaled value in south Shift Up (24)
Scaled value in south Shift Up (24) Output

Scaled valuein North Shift Up (24)
Scaled valuein North Shift Up (24) Output

Figure 8. Graph For (K=24)

Then, we have varied number of epochs means number of iterations. Epochs are varied from 1k to 20
k (1000 to 20000).By analyzing its results we have plotted the scatter plots of number of epochs and

variation of MSE, NMSE, & r.
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Figure 10. Scatter Plot For K=1
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Figure 11. Scatter Plot For K=12
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Scatter Plot for k=12(NORTH)"TEST"
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Figure 12. Scatter Plot For K=12

VII. RESULTS

Comparison Tables of JENN, TLRNN, FRNN For chaotic time series (k=1 & k=6)
Table 4. For k=1

S.No. | NN SOUTH NORTH
MODEL
R MSE NMSE r MSE NMSE
1 JORD- 0.9398 0.0028 0.1170 0.9931 0.0004 0.0138
ELMN
2 TLRNN | 0.939%4 0.0029 0.1181 0.9853 0.0010 0.0304
3 FRNN 0.9155 0.0040 0.1618 0.9812 0.0012 0.0372

Table 5. For k=6

S.No. | NN SOUTH NORTH
MODEL
r MSE NMSE r MSE NMSE
1 JORD- 0.9384 0.0031 0.1209 0.9817 0.0013 0.0339
ELMN
2 TLRNN 0.9292 0.0038 0.1398 0.9809 0.0014 0.0380
3 FRNN 0.9271 0.0390 0.1461 0.9788 0.0016 0.0372

Tables 4 and 5 shows comparison between Jordn-Elman NN, TLRNN, and FRNN for
shift(k=1,6).Thus here we have compared various NN on the basis of MSE, NMSE, and r, and an
optimal NN for prediction of Sunspots time series is found.

VIII. CONCLUSIONS

It is observed that Jordan Elman Network is able to predict Sunspots time series quite well in
comparison with other networks. It is seen that MSE,NMSE & r of the proposed dynamic model for
testing data set as well as training data set are significant than other neural models. The network is
analyzed for different step ahead (k=1, 6, 12, 18, 24).The better results can be obtained for maximum
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24 step ahead by using this network. The following parameters are obtained for 24 step ahead;
MSE=0.009457611, NMSE=0.309630953, r=0.87684609 (for South), MSE=0.010051769,
NMSE=0.281693745, r=0.908057335 (for North) For Epoch=16000.Here, we can see that the value
of correlation coefficient is much closer to unity which makes the proposed network optimal one for
prediction. In this paper, we have also studied the variation of error and correlation coefficient with
the number of epochs. Also, the variation of actual and desired output can also be studied for different
step ahead values (1, 6, 12, 18, and 24) by plotting the graphs. It can be seen that the proposed neural
network closely follows the actual output.
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