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ABSTRACT

This paper presents an application of the neuro-fuzzy modeling to analyze the time series of solar activity, as measured
through the relative Wolf number. The neuro-fuzzy structure will be optimized based on the linear adapted genetic
algorithm with controlling population size (LAGA-POP). Firgt, the dimension of the time series characteridtic attractor is
obtained based on the smallest Regularity Criterion (RC) and the neuro-fuzzy modeling. Second, after describing the
neuro-fuzzy structure and optimizing its parameters based on LAGA-POP, the performance of the present approach in
forecasting yearly sunspot numbers is favorably compared to that of other published methods. Finally, the comparison
predictions for the remaining part of the 22™ and the whole 23" cycle of solar activity are presented.
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1. INTRODUCTION

Studying the features of the solar activity cycle is vital and of prime importance not only for its effect on the
Climatologically parameters but for the practical needs as telecommunications, power lines, geophysical exploration,
long range planning of satellite orbital trajectories and space missions planned by space organisms. During past decades,
awide variety of methods have been proposed in order to predict the amplitude to the onset of the next cycle for a few
years ahead. The 23" Solar cycle was achieved a great attention of several solar physicists to treat the problem of
prediction. Numerous numerical techniques have been arduously devel oped to predict the amplitude and the phases of
activity of solar cycles, before the sunspot cycle minimum. Among these suggested method: The method which depends
on the even/odd behavior method™™ ** 2" 1* mixed methods applied® ® 7 @15 and the Spectral technique®. The more
reliable indicator to the activity is the precursor technique; especialy the geomagnetic precursor which based on the
records of geomagnetic storms™> * @ 1% pyblished a summary of the scientific panel recruited by Space Environment
Center (SCE) with support of NASA to assess prediction of cycle 23°. A new suggested idea is depending on
measurements of the spotless days. Recently a promising method depend on the time series analysis such as Neural
Networks, Fuzzy neural networks and genetic algorithms have been applied by researchers such as®. Historical records
of monthly means of sunspot numbers published in the NGDS (_ftp://ftp.ngdc.ncaa.gov/STP/ ) were used. Data are
covering the period 1810-2003.

Fuzzy logic, neural networks and genetic algorithms are three popular artificial intelligence techniques that are widely
used in many applications. Due to their distinct properties and advantages, they are currently being investigated and
integrated to form new models used for predictions. Fuzzy systems are currently used in a number of industrial and
scientific applications. Therefore, it is advantageous to have algorithms, which build and optimize systems automatically
from data. The major powerful aspect of fuzzy systems is easy applicability of expert knowledge to the subject domain.
However, in most cases this empirical information is not sufficiently accurate to build an optimal system. So, the Linear
Adapted Genetic Algorithm with controlling POPulation size LAGA-POP" approach for optimizing the structure and
automatic learning of internal parameters of a fuzzy system.

Different nonlinear methods were done to predict the maximum amplitude of solar 22", and 23 cycles. Calvo® uses
artificial neural networks (ANN) for prediction of solar activity. The sunspots data series, which is data counting dark
patches on the sun and is related to the solar storms, shows an eleven-year cycle of solar maximum activity, and if
accurately modeled, can forecast the severity of future activity. While solar activity is unavoidable, its impact can be
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lessened with appropriate forecasting and proactive action. In this work we use fuzzy model to forecast the solar activity,
as measured by the relative wolf number. Firg, in section 1 we give an introduction about state of the art for prediction
of the solar activity. Section 2 shows the structure of the fuzzy neura network. The embedding dimension of the solar
dynamics attractor is introduced in section 3. Optimizing the neuro-fuzzy model based on LAGA-POP is discussed in
section 4. The simulation results and conclusions are discussed in section 5, and section 6, respectively.

2. FUZzZY NEURAL NETWORK (FNN)

The basic structure of a fuzzy neural network (FNN), introduced by'® is shown in Fig. 1. This structure has been used by
many authors such as® 2 and modified by** 2 The original structure was optimized using a gradient search technique by
Lin & Lee In the following subsection we will describe this structure, showing the modification. Farag® optimized the
structure parameters using a multiresolutional dynamic genetic algorithm (MRD-GA), which used floating
representation for parameter coding. The following notation is used to describe the function of the nodes in each of the
fivelayers.

net" the net input valueto theith nodein layer L.
Q" theoutput valueto theith nodein layer L.

w,  thelink that connects the output of the jth node

in layer 3 with the input to theith node in layer 4
The neuro-fuzzy model is consists of five layers, as follows:

Layer (1): Each node of thislayer transmitsthe input values (Xl, X2,~--,X,TJ to the next layer.
Oi‘ = Xl”or]{’l :an

Layer (2): Thislayer isknown as fuzzy layer, because each node has a fuzzy set. For a bell-shaped membership function,
the activation input and output of this layer are:

net” = 0} f0r|.:],2,---,nl
O} fori=n+1---,n +n,
2 (netiz_c'z) 2 P
O =exp| - B fori =1,---,n, +n,

where the parameters ¢ and oare the center and width of the bell-shaped function.

Layer (3): Rule layer
A T-norm operation is used to specify the precondition matching of the fuzzy rules. The output of therulein thislayer is
determined by an AND-operation.

net® = min(Of,Of), i=n,(j-1)+(k-n)
forj=12, ..,n; k=n+Ln +2, .., n +n,
O’=net’i=1 2, .., nxn,

Layer (4): Rule weight layer
This node performs a fuzzy OR—operation to integrate the fired rules, which have the same consequent modified by rule
weights. The output of thislayer is represented by:

X1,
net’' = » wO’

o’ :mi_n(J,neti“), fori =12, ..., n,

Therule weight has w values either one or zero.
Layer (5): Thislayer computes the output of a fuzzy mode based on the defuzzification method. The most widely used
method is center of area defuzzification.
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net;
net’ = ) c/o/O!, then Q' =———

—

wherethejth link weight in thislayer is C; 0;‘ .

Layer 1 | Layer 2 | Layer 3 | Layer 4 Layer 5

Inputs

nxn,

Figure 1 Basic structure of neuro-fuzzy topology [from Farag™].

The FNN works in the following manner®®3. In the forward regime the input values (crisp values, fuzzy sets) are first
compared with all premises of the rules (input reference fuzzy sets). The outputs of the AND-neuron are then combined
with rule-weight (preference between rules) to obtain the degree of rule activation. In the last layer these degrees are
aggregated with the corresponding consequents of the rules (output reference fuzzy sets) according to the inference
algorithm. The output of the FNN can be a fuzzy set or a crisp value (after defuzzification).

3. THE EMBEDDING DIMENSION OF THE SOLAR DYNAMICS ATTRACTOR

The problem of fuzzy system input selection is dealt with by methods proposed by**®. First, we divide the datainto two
groups. A and B. We use the smallest regularity criterion, RC, for decisions when sdlecting inputs rather than the root
mean square error (RMSE) used in the Jang method®. The regularity criterion (RC) is defined as follows:

o[- oo

Where yiAB isthe model output for the group A input estimated by the modd identified using the group B data, yiBA is
the model output for the group B input estimated by the model identified using the group A data, yiA and yiB are the
output data of groups A and B, and kA and kB arethe amount of datain groups A and B.

In this section, the minimum numbers of variables required for reconstructing the solar dynamics are determined by
selecting inputs for fuzzy model based on the smallest Regularity Criterion (RC). Applying the Sugeno method will

reduce the complexity of the model®. For the candidates X(t - 1) , X(t - 2) ey X (t - n) as inputs to the system, which
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has one output, and the task is to select the appropriate inputs. Figure 2 shows the flow chart implementation of this
approach asimplemented in MATLAB. Thefollowing three steps provide an outline of the approach:

Step 1. There are n SISO fuzzy modes (FM1, FM,,... and FM,)); each model has one input and one output. Find
Regularity Criterion (RC) of each fuzzy model. Fix the modd that has smallest RC, as shown in Fig. 1, assuming that

FM, has the smallest RCy., . Save theindex of input X(t —1) which leadsto the smallest RCy,, of FM..
Step 2: Add the second input from the set of candidates to X(t —1) . Thismeansthat in this step there are three fuzzy

models (M2, FMy1), and FMy,), each model has two inputs and one of them is X(t —1) . Then find RC for each
model, and repeat step 1. The model that has the smallest RC gives us the set of inputs forwarded to the third step. In the
example, model FM,, has the smallest RCy,,  as shown in Figure 2

Step 3: Now, two models with three inputs are considered. These inputs are X(t —1) , X(t —9) and X(t —(n —1)) for

FMi2(n.1), and X(t —1) : X(t —9) and X(t —n) for FM2n. Again, evaluate the smallest RC for FMy; (n.1), and FMy,. The

model that hasthe smallest RC is selected, and the indices of the inputs are recommended. The lagt step isto compare dll
the smallest RC obtained in all steps, and choose the smallest RC from all steps, which will lead to the index of the

appropriate and required inputs. In this example, these arex(t-1),and x(t —9) , because their fuzzy model has the
smallest RC, shown asin Figure 2.

We will assume that the solar dynamics is given by x(t) = F(x(t—l)), with F some unknown function. Calvo®

suggested 12 unites in his neural networks as an input variables and single unit it the output one. To reduce the
complexity structure of the fuzzy model by reducing the input variables to be only two variables based on fuzzy model
and smallest regularity criterion using Sugeno and Y asukawa approach. Figure 3 shows a selection of two inputs from a
set of twelve inputs using the Sugeno & Y asukawa approach® based on the LAGA-POP procedure for FNN model. The
membership functions for the selected inputs x(t-1) and x(t-9) are three Gaussian fuzzy sets for each input variable. The
training data set isthefirst half of the data represent the whole record (1700-1980) which represent (250 sample points),
and thetesting data set is therest of the period (1980 — 2003), as shown in Figure 4.

4. OPTIMIZING THE FNN MODEL USING LAGA-POP

The main aspects of the LAGA-POP for optimizing the fuzzy model structure are discussed below. We will optimize
structure parameters of the fuzzy model; such as fuzzy sets parameters, rule weights, and centroids of rule consequent.
Firg, we have to define genetic algorithm parameters:

* Population size at the beginning of optimization = 750,

*  Maximum number of generations= 150,

* P, and Py, follow the LAGA-POP approach.

»  Thenumber of bitsfor each parameter depends on the upper and lower values of the parameters considering the

same bit resolution for all, and equals 10*.
«  Termination stop, n = 10, or reach the maximum number of generations allowed.

The optimization includes all parameters of the fuzzy rule structure, such as parameters of input reference fuzzy sets,
rule weights, and output singletons. The block diagram for the LAGA-POP optimization processis shown in Figure 4.
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Figure 2 Flow chart implementation for the Sugeno and Y asukawa approach.
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*  Fuzzy model representation

This section discusses how the fuzzy mode is formulated using the LAGA-POP approach, where al the parameters of
the fuzzy model are represented in a chromosome. The chromosome representation determines the GA structure. With
the population sze (pop_size), we encode the parameters of each fuzzy mode in a chromosome, as a seguence of
elements describing the input fuzzy sets in the rule antecedents followed by the parameters of weights and the rule
consequents. Where the intervals of acceptable values for each fuzzy set shape forming parameter (AC = [Crin, Cmax, and
A\G = [ Grin, O] fOr Gaussian) are determined based on 2™ order fuzzy sets for all fuzzy sets, as explained in chapter 4.
Gaussian shape is chosen in order to show, how the parameters of fuzzy sets are formulated and coded in the
chromosomes. The acceptable constraints for rule weights are between [0, 1], and for centroids they are the minimum
and maximum values of the output.

e Coding of fuzzy model parameters

For the MISO system, two inputs x(t—1), x(t —9) and one output X(t) . After selecting appropriate inputs, each of the
input fuzzy variables is classified into (A%) (A,...AZ), ..., and (Al,...Ahm) reference fuzzy sets, respectively,
where ng, ny, ... Ny, ae number of fuzzy sets for inputs (Xl, X yeues )(,n) respectively. Each reference fuzzy set is

described by Gaussian membership function®. The Gaussian membership function is specified by two parameters; center

m
¢ and spread g; resulting in (22 N ) parameters in the corresponding layer. Using the Wang-Mendel technique® for
i=1

5

m
generating rules from given data®, the fuzzy model has k rules, which represent |_| N theoreticaly possible rules. These
1=1

rules represent the optimal generated rules due to the improvements to the Sugeno, and Jang approaches in the previous

section. This means we have k rule weights w, and k centroids represented by singletons b. Thus atota of (22 n +2k)

parameters (ZZn + Kueigiis + Keentroias) Need to be optimized using LAGA-POP. The coded parameters of the fuzzy

model are arranged as shown in Table 1 to form the chromosome of the popul ation.
Table 1. Coded parameters of the fuzzy model.

Sub-chromosome of inputs Sub-chromosome Sub-chromosome of
Chromosome P of rule weights rule consequents
X(t—l) X(t—g) Wy, ... , Wk bl, ......... y bk
Parameters Wi, e , Wi bie... ... , by
o il Clyozh"'! CﬂlyoF‘ll Clyoiy"'ycnmyohm m m
Z(Zﬂ +|_In ) 2xn1 2><r-‘m k: n k: ni
i=l =l =1 1=1

*  Selection function

The selection strategy decides how to select individuals to be parents for new ‘Children’. The selection usually applies
some selection pressure by favoring individual s with better fitness. After procrestion, the suitable population consists for
example of L chromosomes, which are all initially randomized. Each chromosome has been evaluated and associated
with fitness, the current population undergoes the reproduction process to create the next population, and the “roul ette
wheel” selection scheme is used to determine the member of the new population. The chance on the roulette-whedl is

adaptive, and is given as B /ZP, where p = Ji 1 0{1

4 , and J, is the performance of the fuzzy model encoded in

chromosome measured in terms of the normalized Mean Square Error (MSE), or J.

1= 25 [x0) -iMI
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O
where N isthe number of point samples, x(t) isthe true output and X(t) isthe modd output.

e Crossover and mutation operators

The mating pool is formed, and crossover is applied and followed by a mutation operation following the LAGA
approach. Finally, after these three operations, the overall fitness of the population is improved. The procedure is
repeated until the termination condition is reached. The termination condition is the maximum allowable number of
generations, or a certain value of (MSE) required to be reached.

«  Termination condition

The procedure is repeated until the termination condition is reached. The termination condition is the maximum
allowable number of generations, or a certain value of (MSE) required to be reached. Or a relative precision error of

(f* (9)-1"(g —1))/1‘* (g) <n isreached, wheref" isthe maximum fitness value, and ) isthe allowed error.

_Init:ia]jzat:iunjj Define: h
size, max genDomain searc
E%m,{%ﬁ order),aand 1

v

Randomly generate ¢ hromosomes of
the fuzzy model parameters

or g=1:Max gen
For #=1:pop_size

L 3

I
;ﬁ@ Chromosome 1 :_

Fuzzy model parameters |

¥
1 | fimess, f =LMSE |

LAGA-POP

T |

LAGA POP
4 Procedure

T

max_pop_size =
max(pop_size(g), pop_size(g-1))

Record
, required
information

NO

Figure 4 Block diagram for the LAGA-POP optimization process

5. SIMULATION RESULTS

After describing the neuro-fuzzy modd and selecting its input variables based on the smallest regularity criterion and
FNN model using Sugeno and Y asukawa approach, then optimizing the neuro-fuzzy modd parameters usng LAGAPOP
approach. We will present here the results obtained using this method to predict the annual mean sunspot number. The
generated fuzzy rules follow the Wang-Mende technique, with the maximum number of rules equal to 8. The
chromosome length of the modd parametersis 592 bits.
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After finishing the optimization process with 150 generations, the (RMSE) decreases to reach 0.456, as shown in Fig. 5.
The population size is reduced from 750 at the beginning of the optimization to 218 at the end of the process, due to the
LAGA-POP approach. Figure 5 shows the decreases in the population size with the generations of the whole
optimization process. Figure 5 shows the effectiveness of LAGA-POP for optimizing the model parameters and reducing
the computation time, together with better performance.

O. 65 T T T T

0.6 i

0.55 i

Criterion of fit, RMSE

0.5+ i

0.45 I I I I I I I
0 20 40 60 80 100 120 140 160

# generations

800 T T T T

700

600

500

400

Population size

300

200 [ | | | [ | [
0 20 40 60 80 100 120 140 160
# generations
Figure 5 The effectiveness of reducing the population size, together with better performance due to LAGA-POP

approach.

After validating the neuro-fuzzy model capahilities, in the rest of this section, we present our predictions for the rest of
the 22" cycle and the complete of 23 cycle. Figure 6 shows the prediction of the optimized neuro-fuzzy mode will be
determined asin Figure 6. Figure 6 shows that the fuzzy model has a good match with the observed data after optimizing
the parameters using LAGA-POP with RMSE = 0.456. Fig. 7 shows the prediction error between the observed and
outputs of our model for the whole data. The maximum amplitude of the sunspot number of 23 cycle is predicted 132
as shown in Figure 6.
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Figure 6 Comparison of between observed sunspots numbers (solid line) and the predictions using FNN model (dashed
line)

150

100 |

50

Reddionarar

50}

-100 |

-150 |

L L L L
1980 1985 1990 1995 2000 2004
Year

Figure 7 Prediction error between observed sunspot numbers and FNN model.

Figure 8 depicts the Gaussian type membership functions for each input variable before and after training, using LAGA-
POP for two inputs problem with bit resolution of 10°.

Table 2: Sample of the early predicted values of the maximum sunspot number of cycles 22 and 23 as aresult of
different numerical methods.

Cycle no. Max. sunspot no. Reference
165+35 Kane, 1989

22 148.3 Thompson,1993
150 Our model
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23

208
198.8+ 26.5
181
138+30
>=164.9
158
160+30
156
149.3+19.9
158+18
168+15
144+29
160
154+21
140+9
133&122
110-122

132

K opecky, 1991
Wilson, 1992

Letfus, 1993

Schattenetal, 1996
Thompson,1996

Bounar,1997
Joselyn et.al., 1997
Khaled et.al.,1997

Li, 1997
Rajmal,1997
Wilson et.a., 1998a
Wilson et.a., 1998b
Handmeier, 1999
Hathaway et.al,1999
Kane, 1999
Lantos,2000
Our model

Membership grade
o o o
N o ©

o
[

Membership grade

Figure 8 Membership functionsin sunspot number prediction. Solid line: Normalized MFs before learning. Dashed

line: Optimized MFs after learning.
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6. CONCLUSIONS

We have used the neuro-fuzzy model to study the solar dynamics, as measured by the annual mean value of the Wolf
number. First, we determined the embedding dimension of the time series attractor based on the smallest regularity
criterion and FNN model. The complexity of the neuro-fuzzy model reduced due to reducing the input variables of the
model. Optimization of the parameters of the neuro-fuzzy mode was based on the LAGA-POP approach, which
enhances the performance of the model and shortens the computation time of the learning process. The performance of
the present approach in forecasting yearly sunspot numbers is favorably compared to that of other published methods.
Finally, the comparison predictions for the remaining part of the 22™ and the whole 23" cycle of are presented as in
Table 2. From this study we conclude that the neuro-fuzzy modd isareliable tool for time series andysis. In particular
the fuzzy model seems to be able to capture the intrinsic dynamics of solar activity.
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