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Abstract:- Genetic Algorithm (GA) and Singular Value Decomposition (SVD) are deployed for optimal design of both Gaussian membership functions of antecedents and vector of linear coefficients of consequents, respectively, of ANFIS (Adaptive Neuro-Fuzzy Inference Systems)  networks which are used for modelling of level variations of the Caspian Sea. It is demonstrated that SVD can be effectively used to optimally find the vector of linear coefficients of conclusion parts in ANFIS models whilst their Gaussian membership functions in premise parts are determined by GA. 
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1 Introduction
The Caspian Sea is the largest inland water lake on the planet [1-2] and surrounded by five countries. Approximately 5 million years ago, the Caspian Sea separated from the Black Sea as a result of tectonic and climatic processes and formed its own independent basin [3]. The Caspian is of exceptional interest to scientists because of its history of fluctuations in both area and depth, which offer clues to the complex geological and climatic evolution of the region [3].

Historically, the level of the Caspian water basin has fluctuated between 26-28 meters below the world ocean level. The present-day water level of the Caspian Sea is at –27.5 m below the water level of Baltic Sea [2]. The Caspian Sea shows sea-level fluctuations at much shorter time scales than the world's oceans [4]. It experienced a full sea-level cycle between 1929 and 1995, with amplitude of 3 meters [4]. Recently, such level-change of the Caspian Sea has caused numerous catastrophes and near catastrophes along its coastal area. 

However, the reasons of the Caspian Sea water level fluctuations remain unclear and it is believed that there are so many contributing factors that could affect such variations of level. Mainly, it includes runoff inflow and is greatly influenced by the Volga which provides more than 82% of total river discharge [2].  Other climatic factors like evaporation from the sea surface, precipitation, and natural fluctuations in the climate of North hemisphere have been also counted [2]. However, some scientists have suggested that the sea level variations are due to non-climatic factors such as tectonic variation of the basin taking place in the region of the Caspian. Therefore, one of the most important, yet at the same time, most complicated, problems relates to the elaborate process of predicting variations in the sea level [3]. 

System identification techniques are applied in many fields in order to model and predict the behaviours of unknown and/or very complex systems based on given input-output data [5]. Theoretically, in order to model a system, it is required to understand the explicit mathematical input-output relationship precisely. Alternatively, soft-computing methods [6], which concern computation in imprecise environment, have gained significant attention. The main components of soft computing, namely, fuzzy-logic, neural network, and genetic algorithm have shown great ability in solving complex non-linear system identification and control problems. Among these methodologies, evolutionary methods have been mostly used as effective tools for both system identification and optimally designing of fuzzy and neural network systems [7]. Fuzzy rule-based systems have been an active research field for their unique ability to build models based on experimental data. The concept of fuzzy sets which deal with uncertain or vague information, paved the way for applying them to real and complex tasks [8]. Indeed, fuzzy-logic, coupled with rule-based systems, has the ability of modelling of the approximate and imprecise reasoning processes which is common in human thinking or human problem solving. This results a policy which can be accordingly evaluated mathematically by using fuzzy set theory. Therefore, fuzzy systems as universal approximator [9] can be effectively employed to perform input-output mapping. Such fuzzy systems can be iteratively designed using different evolutionary search methods [10] which such genetic-fuzzy systems continues to grow in visibility [11]. In fact, these fuzzy systems are trained by examples 
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 (i=1, 2, …, m) in terms of input-output pairs. Recently, a combination of orthogonal transformation and back propagation methods has been proposed to train a candidate fuzzy model and to remove its unnecessary fuzzy rules. In some other very recent works, it is also shown that Singular Value Decomposition (SVD) can be used to enhance the performance of both fuzzy and GMDH-type (Group Method of Data Handling) neural networks models obtained using some simple heuristic approaches [12]. 
In this paper, the variation of the Caspian Sea level is modelled using ANFIS network based on the time-series behaviour of the sea level fluctuations. The input-output relationship whose would be set of TSK-type fuzzy rules for the modelling of Caspian Sea level will be then found by ANFIS networks. Such ANFIS identification process needs, in turn, some optimization methods to find both Gaussian membership functions of antecedents and vector of linear coefficients of consequents. In this way, a hybrid genetic algorithm and SVD is used for the optimal selection of Gaussian membership functions of premise part and linear parameters of the conclusion part of the ANFIS, respectively. 

2
Modelling Using ANFIS

An ANFIS that consists of a set of TSK-type fuzzy IF-THEN rules can be used in modelling in order to map inputs to outputs. The formal definition of such identification problem is to find a function 
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it is now possible to build a look-up table to be used to train a fuzzy system to predict the output values 
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The problem is now to determine an ANFIS so that the difference between the actual output and the predicted one is minimised, that is
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In this way, a set of linguistic TSK-type fuzzy IF-THEN rules is designed to approximate 
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using m observations of n-input-single-output data pairs 
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 (i=1, 2, …, m). The fuzzy rules embodied in such ANFIS models can be conveniently expressed using the following generic form
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in which 
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 is the parameter set of the consequent of each rule. The entire fuzzy sets in 
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These entire fuzzy sets are assumed Gaussian shape defined on the domains 
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 (i=1, 2,…, n). In this way, the domains are appropriately selected so that all the fuzzy sets are complete; that is for any 
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where cj, σj are adjustable centres and variances in antecedents, respectively. It is evident that that the number of such parameters involved in the antecedents of ANFIS models can be readily calculated as nr, where n is the dimension of input vector and r is the number of fuzzy sets in each antecedent. The fuzzy rule expressed in equation (4) is a fuzzy relation in 
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In these equations 
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when a certain set containing N fuzzy rules in the form of equation (4) is available. Equation (9) can be alternatively represented in the following linear regression form
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where D is the difference between 
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It is therefore evident that equation (10) can be readily expressed in a matrix form for a given M input-output data pairs 
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. It should be noted that each (n+1) components of vector wi corresponds to the conclusion part of a TSK-type fuzzy rule. Such firing strength matrix P is obtained when input spaces are partitioned into certain number of fuzzy sets. It is evident that the number of available training data pairs is usually larger than all the coefficients in the conclusion part of all TSK rules when the number of such rules is sufficiently small, that is 
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Such modification of coefficients in the conclusion part of TSK rules leads to better approximation of given data pairs in terms of minimization of difference vector D. However, such direct solution of normal equations is rather susceptible to round off error and, more importantly, to the singularity of these equations. 
Therefore, in this paper, singular value decomposition as a powerful numerical technique is used to determine optimally the linear coefficients embodied in the conclusion part of ANFIS model to deal with probable singularities in equation (12). 
3
Application of GA to the Design of ANFIS

The incorporation of genetic algorithm into the design of such ANFIS models starts by representing the N(n+1) real-value parameters of {cj, σj } as a string of concatenated sub-strings of binary digits. Thus, each such sub-string represents the fuzzy partitioning of antecedents of fuzzy rules embodied in such ANFIS models in binary coded form. The fitness, (, of each entire string of binary digits which represents an ANFIS system to model the Caspian Sea level is readily evaluated in the form of
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Where E is the objective function given by equation (3) and is minimized through an evolutionary process by maximization the fitness, (. The evolutionary process starts by randomly generating an initial population of binary strings each as a candidate solution representing the fuzzy partitioning of the premise part of rules. Then, using the standard genetic operations of roulette wheel selection, crossover, and mutation [13], entire populations of binary string are caused to improve gradually. Simultaneously, linear coefficients of conclusion parts of TSK rules corresponding to each chromosome representing the fuzzy partitioning of the premise parts, are optimally determined by using SVD. Therefore, ANFIS models of level of Caspian Sea with progressively increasing fitness, (, are produced whilst their premise and conclusion parts are determined simultaneously by genetic algorithms and SVD, respectively. In other words, each chromosome representing the fuzzy partitioning of antecedents is related to the corresponding linear coefficients of consequents obtained by SVD method. A pseudo code for such 
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     Figure 1: Pseudo code of hybrid GA/SVD design method
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                 Figure 2: Schematic diagram of hybrid GA/SVD design method
design process is given in figure 1 which is also schematically represented in figure 2. In the following section, a summary of the detail application of SVD to optimally determine the linear coefficients in the linear equations is described.
4
Application of Singular Value Decomposition to the Design of ANFIS
In addition to the genetic learning of antecedents of fuzzy sets involved in ANFIS networks, singular value decomposition is also deployed for the optimal design of consequents of such fuzzy systems. Singular value decomposition is the method for solving most linear least squares problems that some singularities may exist in the normal equations. The SVD of a matrix, 
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The most popular technique for computing the SVD was originally proposed in [14]. The problem of optimal selection of 
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 in equations  (12) is firstly reduced to finding the modified inversion of diagonal matrix Q  in which the reciprocals of zero or near zero singulars (according to a threshold) are set to zero. Then, such optimal 
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5
Genetic/SVD Based ANFIS Modelling of the Caspian Sea Level

The data used in this work for modelling and prediction of the level fluctuations of the Caspian Sea relate to the recorded levels in years 1838 to 1995. However, in order to construct an input-output table be used by such evolutionary method for ANFIS model, 50 various inputs have been considered for possible contribution to represent the model of next year level of the Caspian sea. Such 50 inputs consist of 10 previous years of level, 10 increments of previous years of level, 10 moving average of previous years of level, and 20 moving average of previous years of increments. Therefore, the first 10 columns of the input-output data table consist of the level of the Caspian Sea in the 1st, 2nd, 3rd,…, 10th previous year’s level of the Caspian Sea denoted by Level(i-1), Level(i-2), Level(i-3),…, Level(i-10), respectively. The next 10 columns of the input-output data table consist of increment values, denoted by Inc_1(i), Inc_2(i),..Inc_j(i),.., Inc_10(i), which is defined as

Inc_j(i)=Level(i-j)-Level(i-j-1)
,
            (17)

where i is the index of current year and j is the index of a particular increment. The next 10 columns of the input-output data table consist of moving average of previous years of level denoted by MA_L_2(i), MA_L_2(i),…, MA_L_j(i),…, MA_L_11(i) which is defined as

MA_L_j(i)=
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where i is the index of current year and j is the index of a particular moving average of level. The last 20 columns of the input-output data table consist of moving average of previous years of increments denoted by MA_Inc_2(i), MA_Inc_2(i),…, MA_Inc_j(i),…, MA_Inc_21(i) which is defined as

MA_Inc_j(i) =
[image: image65.wmf]å

=

j

k

j

i

k

Inc

1

)

(

_



,          (19)

where i is the index of current year and j is for the index of a particular moving average of increment. 

Therefore, such 50-input-1-output data table has been used to obtain an optimal ANFIS network with 2 linguistic terms in each antecedent, equivalent to 2 Gaussian membership functions for each input variable, for the next year modelling of the Caspian Sea’s level. In this way, a population of 50 individuals with a crossover probability of 0.85 and mutation probability of 0.01 has been used in 200 generation. Only 4 inputs out of 50 different inputs have been automatically selected for the next year level modeling of the Caspian Sea, these are Level(i-1), MA_L_5(i), MA_L_8(i) and MA_L_10(i). The very good behaviour of such ANFIS network model is shown in figure 3.
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Figure 3: Time-series comparison of actual level and hybrid GA/SVD model of the Caspian Sea

In order to demonstrate the prediction ability of  GA/SVD-designed ANFIS model, the procedure of training and testing has been performed in a cross-validation process on the data sets consisting 61 and 70 data samples, respectively. In these cases, the measure of performance in the cross-validation process is accomplished on the 61-data training set and 70-data test set, respectively. Only 3 inputs out of 50 different inputs have been automatically selected for the next year level modelling & prediction of the Caspian Sea. Figure 4 shows the Gaussian membership functions of input variables for which the obtained set of TSK-type fuzzy rules for the modelling of Caspian Sea Level are as follows:
Rule1: If a is A1 and b is A3 and c is A5 Then    Level= -1573*a-1212.5*b+2061*c+1182.8
Rule2: If a is A1 and b is A3 and c is A6 Then    Level=-1267*a+1817.4*b+1631*c-2952
Rule3: If a is A1 and b is A4 and c is A5 Then    Level=-2398*a+1823.2*b-1530*c+1475
Rule4: If a is A1 and b is A4 and c is A6 Then    Level=-2509*a-1285.7*b-2230*c-1035
Rule5: If a is A2 and b is A3 and c is A5 Then    Level=2285*a-1773*b+2073*c+1183
Rule6: If a is A2 and b is A3 and c is A6 Then    Level=2667*a+1236.1*b+1686*c-2957
Rule7: If a is A2 and b is A4 and c is A5 Then    Level=1457*a+1258.1*b-1519*c+1464
Rule8: If a is A2 and b is A4 and c is A6 Then    Level=1421*a-1862.7*b-2177*c-1034.4
That, a, b and c stand for Inc_1(i), MA_L_2(i) and MA_Inc_5(i),respectively. 

[image: image67.png]T T T
lossase ™ I
losssse oo oae
lossens o oar
lossssz oae
Dassg oz oas
losssse oass 034
lossase Dass s
o3 on om 0w me  mw  mw e F R P T P
WEs of ne 1) WEs of MA_L_21) WEs of MA_bo_50i)





Figure 4: Genetically evolved Gaussian membership functions of input variables for Level Modelling & Prediction of Caspian Sea (GA/SVD-designed ANFIS with 8 rules)
The very good behaviour of the ANFIS network designed by hybrid GA/SVD with 8 TSK-type fuzzy rules to model the data of Caspian Sea level is depicted in figure 5.
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Figure 5: Time-series comparison of actual level and hybrid GA/SVD model of the Caspian Sea (Modelling & Prediction)

6
 Conclusion 

Hybrid GA/SVD-designed ANFIS networks have been successfully used for the modelling and prediction of the Caspian Sea level. This has been achieved by dividing the whole data into two different sets, namely, training and testing sets. The training set has been used for learning the parameters of the ANFIS models whilst the testing set has been merely used to demonstrate the prediction ability of the optimally designed ANFIS networks. Finally, it has been demonstrated that the methodology of hybrid GA/SVD in the design of ANFIS presented in this work is remarkably effective in terms of both training and/or prediction errors and the number of rules.
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Pseudo Code


t=1							Generation No.


Pt=Rand (chrom (i); i=1, popsize)			               Randomly Initialize Population 


doGen                         					Begin Generations


     doeval


	Set ichrom=1					Get the first chromosome


	Бichrom=Decode ichrom				Non-linear Antecedents' parameters	


	Wichrom=SVD (ichrom)				Linear Consequences' parameters	


Ф(Бichrom  , Wichrom)=Compute Fitness (ichrom)	


ichrom=ichrom+1


end doeval 


Selection;


Crossover; Mutation;				Recombination process


Qt=Construct offsprings;


Pt+1=Popsize of  Sort(Pt � EMBED Equation.3  ��� Qt )		               New population


t=t+1


end doGen


Stop


End
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