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ABSTRACT 

 

In this paper, we propose a zero order Takagi-Sugeno fuzzy controller with a simplified structure for maximum 

power point tracking of a photovoltaic system. The proposed fuzzy controller has a reduced rule base and a 

simplest membership functions. The particle swarm optimization algorithm is used to systematically determine 

the tuning parameters and to improve the dynamic performance of the studied photovoltaic system. The 

simulations results show that the proposed fuzzy controller allows a fast and stable maximum power point 

tracking. Compared to another Takagi-Sugeno controller, the proposed controller provides practically the same 

dynamic performance and has the advantage of having a simple and reduced structure, making it more suitable 

for real time applications. 
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1. INTRODUCTION 

 

The use of fuzzy controllers for controlling non-linear systems has grown significantly in recent years. This is due to the 

ability of fuzzy logic to formalize expert knowledge which allows with a minimum of information to control complex 

systems which are difficult to model. 

 

However, there is no systematic general design method for determining the structure and parameters of these fuzzy 

controllers. In many cases, these parameters are determined empirically by choosing, through linguistic or relational 

reasoning, the number of membership functions for each variable and taking all the possible combinations to set up the 

rule base. The parameters of the fuzzy controllers are thus tuned via a "tests, errors" procedure which can prove to be 
long and tedious. 

 

Various tuning and optimization techniques of fuzzy controllers are then developed. A very common technique, called 

metaheuristic, uses stochastic optimization methods that are often inspired by natural systems. In recent years, their use 

has attracted the attention of many researchers. Several algorithms have been proposed, including: genetic algorithms [1], 

particle swarm optimization algorithm (PSO) [2], Differential Evolution algorithm, Tabu search and the simulated 

annealing [3]. 

 

In this paper we are going to propose a zero-order Takagi-Sugeno (TS) type fuzzy controller with a reduced structure 

optimized by the PSO algorithm. This controller is used to track the maximum power point (MPPT) of a photovoltaic 

system [4 and 5]. For the choice of the overall structure of the fuzzy controller, we use the empirical method based on the 
expert know-how, which in many practical cases saves time for investigations and optimizes the operation of the system 

studied. The proposed zero-order TS controller has a base of five fuzzy rules and three membership functions associated 

with each input and output variable. Fuzzy sets of input variables are represented by symmetric triangular and trapezoidal 

membership functions. In comparison with another zero-order TS controller [6] with twenty-five fuzzy rules and five 

membership functions, the proposed structure is reduced, simple and thus is significantly alleviating the mechanism of 

the global calculation. 

 

However, this structure generates unknown tuning parameters. These parameters are the scaling factors of the fuzzy 

controller inputs and the distances between the memberships functions used. We propose to use the PSO algorithm in 

order to allow a systematic determination of these parameters while improving the dynamic performance of the 

photovoltaic system. The PSO algorithm introduced by Kennedy & Eberhart [7] is a stochastic global optimization 

method. They have the advantage of being easy to be implemented and are a very efficient method for solving complex 
optimization problems [8]. 
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https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&cad=rja&uact=8&ved=0ahUKEwjD2fyk8trRAhWE0hoKHeoRCM4QFggxMAY&url=https%3A%2F%2Fen.wikipedia.org%2Fwiki%2FMaximum_power_point_tracking&usg=AFQjCNHMP7onuINM19lZx3Px4MV5zaZ-lA&bvm=bv.144686652,d.d2s
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The dynamic performance of our fuzzy controller optimized by the PSO algorithm is compared to the results obtained by 

the other TS controller [6]. The simulations and comparisons presented in this work are carried out using measurements 

from a weather forcast station in the city of Agadir. 

 

This paper is organized as follows. After a brief introduction, we are going to introduce in section 2 the models and block 

diagrams under Matlab/Simulink associated with the various components of the photovoltaic system under study, that is 
to say the photovoltaic generator (GPV), the DC-DC converter and the TS controller. In section 3, we are presenting the 

optimization algorithm used for the optimal determination of the fuzzy controller tuning parameters. In section 4, we are 

going to evaluate the performance of TS controller studied. Finally, we are going to propose some perspectives to 

develop this work. 

 

2. MODELING THE PHOTOVOLTAIC SYSTEM UNDER STUDY 

 

In this section, we are going to present the conversion photovoltaic chain under study as well as the models of the 

photovoltaic generator, the buck converter and the TS controller developed and simulated under Matlab/Simulink. 

 

A. Photovoltaic System 

 
As shown through the photovoltaic conversion chain in figure 1, the pursuit of the maximum power point (MPP) is 

determined by the chain chopper controlled via (MPPT) TS controller. This latter adjusts the duty cycle so that it enables 

us to optimize the transfer of power from the photovoltaic generator to the load. 

 

 
 

Fig. 1:  photovoltaic Conversion chain under study 

 
The panel studied in this article is a MSX-64. For its different electric characteristics under test standard conditions, see 
[9]. 

 

B. Model of the photovoltaic panel 

 

The template is used to format your paper and style the text. All margins, column widths, line spaces, and text fonts are 
prescribed; please do not alter them. You may note peculiarities. For example, the head margin in this template measures 

proportionately more than is customary. This measurement and others are deliberate, using specifications that anticipate 

your paper as one part of the entire proceedings, and not as an independent document. Please do not revise any of the 

current designations. 

The model used is based on the simplified equivalent diagram of a photovoltaic cell (Fig.2): 

 

Fig. 2:  Equivalent circuit diagram of a solar cell 
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This widely used model [6] is described by the following system of equations: 

 
 
 

 
 𝐼𝑝𝑣 = 𝐼𝑝ℎ − 𝐼0  𝑒𝑥𝑝  

𝑉𝑝𝑣 +𝑅𝑠  𝐼𝑝𝑣

𝐴 𝑁𝑠𝑉𝑡
 − 1 −

𝑉𝑝𝑣 +𝑅𝑠  𝐼𝑝𝑣

𝑅𝑝

𝐼𝑝ℎ =  𝐼𝑝ℎ𝑛 + 𝐾𝑖  𝛥𝑇 
𝐺

𝐺𝑛

𝐼0 =
𝐼𝑠𝑐𝑛  +𝐾𝑖  ∆𝑇

𝑒𝑥𝑝  
𝑉𝑜𝑐𝑛  +𝐾𝑣 ∆𝑇

𝐴  𝑁𝑠𝑉𝑡
 −1

                    (1) 

 
With: 
 

Iphn: Photo-current (A) generated in the standard test conditions (STC).  

Vocn, Iscn: Open circuit voltage (V) and the short-circuit current (A) in STC. 

n  Difference between the temperature T (°C) of the cell and standard Tn = 25°C. 
G, Gn: Respectively, Measured and standard Irradiance (W/m2). 

I0: Current of saturation Courant of diode (A). 

Ns: Number of cells connected in series. 

Vt = Ns KT: Thermodynamic potential (K= 8.6173 10-5). 

Kv: Temperature coefficient of open circuit voltage (Kv = 80 ± 10 mV/°C). 
Ki: Current temperature coefficient of short-circuit current (Ki = 0.065 ± 0.015) % A/°C. 

Rs, Rp: Respectively, series resistors (= 0.2365 ) and shunt (= 415.405 ). 
A: Ideality Factor of the Solar Cell (A = 1.3). 

The model (1) of the photovoltaic panel is solved by the Newton-Raphson method. This method is a successive 

approximation procedure based on the use of Taylor's development. It has a fast convergence rate and is the most 

widely used method for solving nonlinear equations. Thus the current of the photovoltaic panel can be calculated 

iteratively according to equation (2). 

𝐼𝑝𝑣 ,𝑘 = 𝐼𝑝𝑣 ,𝑘−1 −
𝐼𝑝ℎ−𝐼0 𝑒𝑥𝑝  

𝑉+𝑅𝑠   𝐼𝑝𝑣 ,𝑘−1
𝐴  𝑁𝑠𝑉𝑡

 −1 −
𝑉+𝑅𝑠 𝐼𝑝𝑣 ,𝑘−1

𝑅𝑝
−𝐼𝑝𝑣 ,𝑘−1

−𝐼0  
𝑅𝑠

𝐴  𝑁𝑠𝑉𝑡
𝑒𝑥𝑝  

𝑉+𝑅𝑠 𝐼𝑝𝑣 ,𝑘−1
𝐴  𝑁𝑠𝑉𝑡

 −1−
𝑅𝑠
𝑅𝑝

                (2) 

The Newton-Raphson method for solving model (1) is implemented under Simulink by the block diagram of the 

following figure (3): 

 

 

Fig. 3:  Bloc Simulink of GPV 

 

C. Buck converter 

 
The power converter which is used in the photovoltaic conversion chain is buck converter (Fig.1). This converter is 
represented by its so called average model described by the following equations: 

 

 
𝐶𝑠

𝑑𝑉𝑠

𝑑𝑡
= 𝑖𝐿 −

𝑉𝑠

𝑅𝑠

𝐿
𝑑𝑖𝐿

𝑑𝑡
= 𝛼𝑉𝑒 − 𝑉𝑠

                            (3) 

 
The values of the simulation parameters are the same as those used in Article [6, 10]. We use block diagrams to 

represent dynamic model (3) in Simulink environment (Fig 4): 
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Fig. 4:   Simulink block diagram of the buck converter average model 

 

D. Takagi-Sugeno Fuzzy Controller 
 

The proposed MPPT fuzzy controller is based on the Takagi-Sugeno model [11]. This model is considered to be an 

efficient technique to represent a non-linear system and to significantly reduce the fuzzy control calculation 

mechanism. In this paper, we have developed an incremental zero-order T.S fuzzy controller characterized by the 

following steps: 

 

a) Calculation of input variables 
 

The fuzzy controller receives as input the error E and the change of the error E which are defined by: 
 

𝐸 =
∆𝑃𝑝𝑣

∆𝑉𝑝𝑣
=

𝑃𝑝𝑣  𝑡 −𝑃𝑝𝑣  𝑡−1 

𝑉𝑝𝑣  𝑡 −𝑉𝑝𝑣  𝑡−1 
                 (4) 

Δ𝐸 = 𝐸 𝑡 − 𝐸 𝑡 − 1                  (5) 

 

With, Ppv(t) as the instantaneous power delivered by the GPV and with Vpv(t) representing the instantaneous voltage 

across the GPV. 

 

b) Fuzzification 

 
We choose a partition in 3 fuzzy classes (N, Z, P) of the discourse universe of the input and output variables. This 

partition is represented by triangular, trapezoidal and symmetric singletons membership functions according to Fig.5. 

The choice of the parameters (a, b, c) determines these membership functions completely and allows an easy real-time 

implementation of the fuzzification stage.  

 

Fig. 5:  Membership functions for the input and output variables. 

 

c) Fuzzy Inference  

 

We have opted for a reduced base with a five fuzzy rules represented in table 1: 
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Table 1: Fuzzy rules table 

 

α 

E 

N Z P 

E 

N  c  

Z c 0 -c 

P  -c  

 

d) Calculation of the final output   

 

Degree of activation wi of the fuzzy rule is calculated with product operator (Fig.6). The final output representing the 

increment of the duty cycle , is calculated as the average of the outputs of each rule weighted by the standardized 
activation degree according to equation (6): 

 

∆α =
  c i w i

n
i=1

  w i
n
i=1

                 (6) 

 

The duty cycle  is finally calculated by the equation: 
 

𝛼 𝑡 = 𝛼 𝑡 − 1 + ∆𝛼                          (7) 

 

The fuzzy controller TS described by the above steps, is implemented and simulated using the following 

Simulink block diagram: 

 

 

Fig. 6:  Simulink block diagram of the proposed TS Fuzzy controller. 

 

E. Completed Photovoltaic System 
 

The completed model of the photovoltaic system, which is driven by the proposed fuzzy controller, is represented by 

the Simulink block diagram figure (7). This model has five unknown tuning parameters. The parameters (a, b, c) which 

determine the memberships functions of the input-outputs and the scale factors (G1, G2). These latter are used to 

transform the physical quantities of the inputs to normalized values belonging to the discourse universe [-1,1]. The 

model in figure (7) will be used in the next section for optimal determination of the tuning parameters of the proposed 

TS fuzzy controller. 
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Fig. 7:  diagram of the completed photovoltaic system 

 

3. OPTIMIZATION METHODS 

 

A. A Problem to Solve 

 

The implementation of the fuzzy controller TS requires the determination of the parameters a, b, c, G1 and G2. The 
problem of the estimation of these parameters is formulated as constrained least squares problem [12]. The vector of the 

unknown parameters to be estimated is x = [a, b, c, G1, G2]. The objective function calculates for the same weather 

conditions the sum of squares of deviations between the maximum power point Pmax and the power point Ppv that is 

supplied by the GPV (Fig.3). The aim is to determine the vector parameters minimizing the objective function f(x): 

Min 𝑳𝒃≤𝒙≤𝑼𝒃
 ∆𝜶 ≤∆𝜶𝒎𝒂𝒙

    𝑓 𝒙  = 𝑷𝑚𝑎𝑥  𝑮,𝑻 − 𝑷𝑝𝑣 𝑮,𝑻,𝒙  
2
                 (8) 

 

With Lb and Ub are the lower bound and the upper bound of the parameter vector x. The variation α of the duty cycle 

is limited in order to ensure a continuous and smooth variation of the duty cycle α (Fig.7). To take into account the 

inequality constraint on the variation α of the duty cycle, we use the quadratic penalty method. The objective function 

to minimize then becomes: 

Min𝑳𝒃≤𝒙≤𝑼𝒃  𝑓 𝒙  + 𝛽 𝑚𝑎𝑥 ∆𝛼 𝑮,𝑻 − ∆𝜶𝒎𝒂𝒙 ,𝟎 2                 (9) 

The penalty factor β is fixed in our case at 103. 

 

B. Optimization Algorithm 

 

In order to minimize the objective function f(x), we use the particle swarm optimization algorithm (PSO). The PSO is a 
stochastic optimization method that is inspired by cooperative behavior in swarming animals such as bird flocking and 

fish schooling [2, 7]. 

 

The PSO is based on a set of simple agents, called particles. Each particle is characterized by position x(t) and velocity 

x(t) in search space. Each particle presents a potential solution to the problem of target function. At each iteration of 
the search procedure, the particle tends to move in its current direction toward its best position and toward its best 

neighbor. The next particle position is determined by combining linearly the three tendencies cited above. For 

simulations, we use the Matlab particle swarm solver [13]. 

 

4. RESULTS AND DISCUSSIONS 

 

A. Parameters Estimation 

 
For the calculations we use measurements of the irradiance G and the temperature T of a meteorological station in the 
city of Agadir [6]. The GPV model (3) is then used to determine the maximum power Pmax that the panel can produce 
under the irradiance G and the temperature T.  



International Journal of Enhanced Research in Science, Technology & Engineering 

ISSN: 2319-7463, Vol. 6 Issue 5, May-2017 

 

Page | 169  

Half of the data [G, T, Pmax] (Fig.8.a) is used to determine the fuzzy controller parameters. The rest of the data is used for 
testing and validation of the proposed fuzzy controller. Figure 8 shows the evolution of the data [G, T] on a reduced scale 
(0.4 s). 

 

Fig. 8:  [G, T] data. (a) used for parameter determination. (b) : used for testing and validation. 
 

We have observed, after several tests, that the OEP optimization method converges to a stable value of the parameter 
vector x given in Table 2. 

Table 2: Identified Parameters. 

 

a b c G1 G2 

0.2256 0.1448 0.4137 0.0465 1.755 

 
B. Evolution of Power Output for Variable Irradiance and Temperature  
 
In this section we have compared the evolution of the power output obtained by the proposed TS controller (Fig.6) and 
the maximum power Pmax that the GPV can produce under the same conditions of irradiance and temperature. 
Figure (9) and (10) show the simulations results corresponding to a sample of the used data base (Fig.8.b). The 
temperature T and irradiance G obtained have a stair-step like shape of short duration. 
 

 

Fig. 9:  Output power and maximum power under the same conditions of irradiance and temperature. 

 

Under these conditions of temperature and irradiance of the city of Agadir, it is found that the proposed fuzzy controller 

ensures a smooth and rapid convergence towards the point of maximum power. The output power curve (Fig 9) shows 

maximum overshoot of about 30% and an average response time of the order of 1 ms. 

 
In order To confirm the efficiency of the proposed fuzzy control, we compare the power at the buck converter output and 

the static characteristics of photovoltaic panel (Fig.10). The results of the simulations are obtained for the test data 

(Fig.8.b). The curve analysis in figure 10 shows again that the fuzzy controller allows a fast and stable convergence 

towards the PPM of the P(V) static characteristics. 
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Fig. 10:  Convergence to the PPM of the static characteristics 

 

C. Performance of MPPT Controller 

 
In this section we are going to compare the performance of the proposed TS controller and the results obtained by 

another TS controller with twenty-five fuzzy rules and five symmetric membership functions [6].  

 

In order to evaluate the performance of the two fuzzy controllers, we have calculated the MPPT efficiency MPPT and the 
Integral of squared error (ISE) criterion defined respectively by: 

 

𝜂𝑀𝑃𝑃𝑇 =
 𝑃𝑝𝑣  𝑡  𝑑𝑡
𝑡

0

 𝑃𝑚𝑎𝑥  𝑡  𝑑𝑡
𝑡

0

                           (10) 

 

𝐼𝑆𝐸 =   𝑃𝑚𝑎𝑥  𝑡 − 𝑃𝑝𝑣 𝑡  
2𝑡

0
𝑑𝑡                       (11) 

 

We have noticed that the bigger is MPPT, the weaker is ISE and the more efficient and quicker will MPPT be. Table 3 

below presents an example of a calculation result for the MPPT efficiency and the steady-state ISE criterion of the two 
MPPT controllers for a temperature of 25 °C, an irradiance of 1000 W/m2 and a simulation time of 0.5s. 

 

Table 3: Performance Criteria for MPPT Controllers 

 

Criteria T.S. Fig.7 T.S. [6] 

MPPT (%) 99.59 99.58 

ISE.10
4
 13.32 13.33 

 

The comparing results in Table 3 shows that the proposed TS controller has the same MPPT and ISE criteria as those 
obtained by the TS controller studied in [6]. The proposed TS controller has, in addition, the advantage of having a 

simple and reduced structure, which makes it more suitable for real-time applications, for which computing time is of 
paramount importance. 

 

CONCLUSION 

 

In this paper, we have developed a simple Takagi-Sugeno type fuzzy controller. This reduced structure consists mainly 

of five fuzzy rules and three symmetric membership functions. The proposed fuzzy controller must drive a buck 

converter to optimize power transfer between a GPV and its load. We have, therefore, used a PSO algorithm to 

systematically determine the parameters of the fuzzy controller along with improving the dynamic performance of the 

photovoltaic system studied. The photovoltaic system is studied and simulated under Matlab/Simulink using the 

temperature and irradiance measurements of the city of Agadir. 
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The simulation results confirm that the proposed fuzzy controller significantly improves the dynamics performances of 
the photovoltaic system. It allows a smooth and rapid convergence towards the point of maximum power with an 
average response time of the order of 1ms.  

 

Finally, we have found that the developed TS controller has the same MPPT and ISE performances as those obtained by 

another TS controller with twenty-five fuzzy rules and five symmetric input-output variables [6]. The proposed TS 
controller has, in addition, the advantage of having a simple and reduced structure, which makes it more suitable for 

real-time applications, for which computing time is of paramount importance. This facilitates, in a future work, its 

implementation on a microcontroller driving an MPPT control on a real site. 
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