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 This paper presents an intelligent control strategy that uses a feedforward 
artificial neural network in order to improve the performance of the MPPT 
(Maximum Power Point Tracker) photovoltaic (PV) power system based on a 
modified Cuk converter. The proposed neural network control (NNC) 
strategy is designed to produce regulated variable DC output voltage. The 
mathematical model of the Cuk converter is developed and an artificial 
neural network algorithm is derived. The Cuk converter has some advantages 
compared to other types of power converters. However the nonlinear 
characteristic of the Cuk converter due to the required switching technique is 
difficult to be handled by conventional controller. To overcome this problem, 
a neural network controller with online learning back propagation algorithm 
is elaborated. The designed NNC strategy tracks the converter voltage output 
changes and improves the system dynamic performance regardless of the 
load disturbances and supply variations. The proposed controller 
effectiveness during dynamic transient response is then analyzed and verified 
using MATLAB-Simulink. The simulation results confirm the excellent 
performance of the proposed NNC technique for the studied PV system.
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1. INTRODUCTION 

In the era of sustainable energy development, photovoltaic (PV) technology  [1]-[3] has shown 
significant potential as a renewable energy source. Our research work focuses on improving performance and 
efficiency of a PV system through the use of an appropriate algorithm for controlling the power interface. 
The main objective is to find an effective and optimal strategy [4],[5] for extracting the maximum available 
power from the PV generator. Moreover, the study, design and simulation of a unit composed of an MPPT 
control technique and the management of the energy transmitted to the load are carried out. The main parts in 
out study  are: the modeling of a PV system, the topological study of the power interface, the study of 
maximum power point tracking (MPPT) algorithms, the simulation,  the design of the MPPT Cuk [ converter 
and the PV output voltage regulation. In this investigation, an  intelligent control strategy (NNC) [6]-[8] is 
improved and the problem of local maxima in the power curve of the PV generator occurring during partial 
shading is processed [4]. The NNC avoids a misinterpretation of the location of the MPP under rapidly 
changing environmental conditions.  

In this paper the Cuk converter is used between the PV module panel and the Switch. And the 
battery is between the charging circuit controller battery and the Switch. The outline of the proposed system 
is depicted in Figure 1. 
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Figure 1. Outline of the proposed system 

 
 
2. PV ARRAY CHARACTERISTICS 

An ideal solar cell may be modelled [1] by a current source connected in parallel with a diode; the 
current source represents the generated photocurrent when the sunlight hits the solar panel, and the diode 
represents the p-n transition area of the solar cell. In practice no solar cell is ideal and a shunt resistance Rsh 
and a series resistance Rs component are incorporated in the model according to its behaviour. The basic 
structure of a PV cell is shown in Figure 2, and the equivalent circuit of a solar cell comprising parasiti 
resistive  components [1],[9] is depicted Figure 3.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2. Basic structure of a PV cell 

 
 
From the above electrical equivalent circuit [1],[9] of solar cell shown in Figure 3, it is evident that 

the voltage across the load resistance R and the current I which is flowing through this load can be written as 
equation (1) : 

 
                                                                                                                  (1) 

 
Where IL light generated current, is the diode current is the current which is shunted through Rsh. 

The current diverted through the diode is given by equation (2), as follows: 
 

                                                                                              (2) 
 
Here T is the absolute temperature in Kelvin.  q is the charge of a electron, K is the Boltzmann’s 

constant, n is the diode ideality factor which depends on the certain PV  technology and Is is the reverse 
saturation current in amperes. Substituting these into the equation (1), produces the characteristic Equation 
(3), of a typical solar cell, this relates solar cell parameters to the output current and voltage. 
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                                                                              (3) 

 
Sometimes, to simplify the model, the effect of the shunt resistance is not considered, that is Rsh is 

infinite, so the expression of (3), simplify to as equation (4). 
 

                                                                                           (4) 
 
A PV panel is composed of many solar cells, which are connected in series and/or parallel so the 

output current and voltage of the PV panel are high enough for a certain application. Taking into account the 
simplification of equation (4), the output current-voltage characteristic of a PV panel is expressed by 
equation (5), where, Np and Ns are the number of solar cells in parallel and series respectively. 
 

 
 
 
 
 
 
 
 

           Figure 3. Equivalent circuit of a solar cell          
 
 

The photovoltaic solar modelled with Malab/Simulink is depicted in Figure 4. 
 
 
 

 
 
 
 
 
 
 
 

Figure  4. Photovoltaic solar modelled with Malab/Simulink 
 
 

                                                                               (5) 

  
Where is the parallel number of the PV cells, ns is the series number of the PV cells,  is the 

reverse-saturation-current, is the output current of the PV panels, q is the electronic charge, k is 
Boltzmann’s gas constant,  is the cell temperature of the PV panels and A is the ideality factor of the PV 
panels. 

The intensity of solar irradiance is the most dominant environmental factor which is strongly 
affecting the electrical characteristics of solar panel according to the equation (5). The effect of the irradiance 
on the voltage-current (V-I) and voltage-power (V-P) characteristics [10] of solar panel under various 
irradiance levels is  depicted in Figure 5. From this figure it is clear that under higher irradiance, the PV cell 
produces higher output currents because the light generated current is proportionally generated by the flux of 
photons. The maximum power point (MPP) decreases with decreasing irradiance and this is indicated on each 
(V-P) curve in Figure 6. 

 
 

3. MAXIMUM POWER POINT TRACKING (MPPT) 
Usually there are two major approaches adopted for maximizing power extraction from PV sources. 

First one is the mechanical tracking of the solar panel. In this case the panel is attempted to position in any 
terrain at an angle of ninety degree with the direction incoming ray of sun. 
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      Figure 5. Characteristic curves current of solar                Figure 6. Characteristic curves power of solar  

    panel, at different irradiance levels and 25°C                  panel, at different irradiance levels and 25 °C 
 
 

This issue is beyond our topic of discussion. The second one is the electrical MPPT where electrical 
operating point is forced at the peak power point continuously by adjusting the duty cycle of the DC-DC 
converter inserted between PV array and load. The methods vary in complexity, sensors required, tracking 
efficiency, convergence speed, cost, and in other respects. Some of the well-known techniques are Perturb& 
Observe (P&O) [2],[4], Incremental Conductance [10],[11], Fractional Open-Circuit, Fractional Short-
Circuit, Fuzzy Logic [6] and Neural Network [7],[8],[12],[13]. Both perturb and observe, and incremental 
conductance, are examples of "hill climbing" methods that can find the local maximum of the power curve 
for the operating condition of the PV array, and so provide a true maximum power point. The perturb and 
observe method can produce oscillations of power output around the maximum power point even under 
steady state irradiance. The incremental conductance method has the advantage over the perturb and observe 
(P&O) method that it can determine the maximum power point without oscillating around this value [11]. It 
can perform maximum power point tracking under rapidly varying irradiation conditions with higher 
accuracy than the perturb and observe method.   However, the incremental conductance method can produce 
oscillations and can perform erratically under rapidly changing atmospheric conditions. The computational 
time is increased due to slowing down of the sampling frequency resulting from the higher complexity of the 
algorithm compared to the P&O method [2],[4],[14].  

The MLP neural method [8] is based on the estimation of the optimised value [5] of the duty cycle 
for transmitting the maximum power produced by the solar panel, green charge. The power efficiency of this 
system in this case is maximum. The point of maximum power in this case is determined accurately 
regardless of the fast varying   external conditions such as solar radiation or panel temperature 

 
 
4. THE MODIFIED CUK POWER CONVERTER 

The Cuk converter [15]-[18] is a type of step-down/step-up converter [9], [19] based on a switching 
boost buck topology. Essentially, the converter is composed of two sections, an input stage and an output 
stage. The basic schematic of the Cuk converter is presented in Figure 7, where Vin is an input voltage 
source; V0 is the output voltage; L1 is an input inductor and the MOSFET S is a controllable switch. C1 is an  
energy transfer capacitor,  D1 is a diode, C0 and L0 are respectively a filter capacitor and inductor. The 
resistance R is the load. An important advantage of this topology is a continuous current at both the input and 
the output of the converter. The disadvantages of the Cuk converter are the high number of reactive 
components and the high current stresses on the switch S, the diode D1, and the capacitor C0. 

 
 
 
 
 
 
 
 

Figure 7.  Cuk converter 
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During mode 1 (Figure  8), the input voltage is applied when the MOSFET switch transistor S is 
closed then the current through the inductor L1 rises. At the same time the voltage of capacitor C1 reverse 
biases diode D1 and turns it off. The capacitor C1 discharges its energy to the circuit formed by C1, C0, L0 and 
the load R.  

 
 

 
 
 
 
 
 

Figure 8. Cuk converter on state 
 
 
During mode 2, the input voltage is applied and the switch S is open, then the diode D1 is forward 

biased and the capacitor C1 is charged through L1 .The energy which is stored in the inductor L0 is transferred 
to the load. Thus, the diode D1 and the switch S provide a synchronous converter switching action (Figure 9). 

 
 
 
 
 
 
 
  

 
Figure 9. Cuk converter in the off-state 

 
 

The relations between output and input currents and voltages are given in the following: 
 

                                                                                                       (6) 
 

                                                                                                  (7) 
 
Thus the ration of the input and output voltages for the  buck-boost converter is the same as the ratio 

of the input and output currents for the Cuk converter. The advantage of the modified Cuk converter  [16] is 
that the input and output inductors create a smooth current at both sides of the converter while the buck, 
boost and buck-boost have at least one side with pulsed current. The simulation model with Matlab/Simulink 
of the overall Cuk converter bases PV system is presented in Figure 10.   

        
Figure 10. Matlab/Simulink simulation model of the Cuk converter 
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5. BATTERY MATHEMATICAL MODEL 
Battery model can usually be divided into experimental model, electrochemical model and 

equivalent circuit model. The equivalent circuit model is most suitable for dynamic simulation. Based on 
shephred battery model, reference  presents a generic battery model for dynamic simulation, which assumes 
that the battery is composed of a controlled-voltage source and a series resistance, shown as Figure 11. This 
generic battery model considers the state of charge (SOC) as the only state variable. 

 
 
 
 

 
 

 
Figure 11.  A generic battery model 

 
 

The expression of the controlled voltage source is: 
 

                                                                                (8) 

 
Where, Eb is no-load voltage (V); E0 is battery constant voltage (V); K is polarization voltage (V); 

Q is battery capacity (Ah); A is exponential zone amplitude (V); B is exponential zone time constant inverse 
(Ah-1)。 . This model assumes the internal resistance of the battery is kept constant during both charge and 
discharge pahes. All parameters are deduced from the discharge and assumed to be same for charge. Figure 
12 is discharge characteristics of the battery at rated discharge current, and all parameters can be calculated 
by three points marked in the figure, namely fully charged voltage (Efull), the end of exponential zone (Eexp, 
Qexp), the end of nominal zone (Enom, Qnom). 

 
 

   

fullE

 exp exp,E Q
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Figure 12. Discharge characteristics curve of the battery at the rated discharge current (V-Q) 
 
 

Use MATLAB/Simulink to model the battery, as shown in Figure 13. The battery discharge curves 
at different discharge currents are obtained, shown in Figure 14. 

 
 

 
 

          
 
 
 
 
 
 
 
 
 
 

Figure 13. The battery model in MALTAB/Simulink      Figure 14. Discharge characteristics curves of the  
                  battery at different discharge current (V-Q) 
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6. DESCRIPTION OF THE PROPOSED TECHNIQUE 
The MPPT strategy proposed here consists of a combination of a neural network and P&O 

techniques for the implementation of the duty cycle regulator. When solar radiation changes slowly, the 
system controls the DC-DC converter using the P&O, and the neural network learns simultaneously the MPP 
found by the P&O [2]. However if the solar radiation varies too rapidly [4], the neural network controller 
tracks the MPP rapidly and adjusts the duty cycle of the DC-DC converter [1]. Neural networks usually 
require independent and identically distributed samples to ensure successful on-line learning. Here, however, 
similar training samples are used by the artificial neural network (ANN). The architecture of the ANN used is 
of the multi-layer perceptron (MLP) type. The main idea of the learning algorithm is that the neural network 
learns each sample online because it is difficult to store all learning samples in small devices. In Figure 15, 
the ANN learning technique is a memory-based one and allows to estimate at any instant the required optimal 
duty cycle ’D’ [1]. Even with sparse data in a multidimensional measurement space, the algorithm provides 
smooth transitions from one estimated value of D to another. The ANN consists of an input layer (Ppv), two 
hidden layers with respectively five neurons and two neurones and an output layer which consists of one 
neurone which has the  output the converter duty ratio D shown in the  following figure: 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 15. Training error using the neural network MLP 
 
 

7. RESULTS AND ANALYSIS  
Figure 16 shows the PV simulation system  under MATLAB/Simulink/Simpower Systems in order 

to validate the on-line learning ANN, adequate simulations tests have been implemented and carried out. 
 

 
Figure 16. Simulation system in MATLAB/Simulink 

 
 

Based on the above models and control methods, the grid-connected hybrid PV/Battery generation 
system can be implemented in MATLAB/Simulink, as shown in Figure 16. In this study, three simulation 
cases are considered, namely: 
a.  Simulation in standard normal environmental conditions; 
b.  Simulation with the occurance of two different disturbances; 
c.  Simulation with constant step changes of the PV solar radiation. 

D Ppv 
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7.1. Operation in Standard Environmental Conditions 
The Figures 17, 18 and 19 below allow us to visualize the output PV panel current, voltage and 

power using the ANN controllers in standard atmospheric conditions (1000W/m2, 25°C). The next following 
Figures 20, 21 and 22 show the Cuk converter [1] output current, voltage and power using the ANN 
controllers in standard atmospheric conditions : we have obtained a training error of about 1.0e-19.The output 
battery voltage during the charging period is presented in Figure 23. The corresponding state of charge of the 
battery is presented in Figure 24. 

 
 

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
-2

0

2

4

6

8

10

Time(sec

C
ur

re
nt

(A
)

Ipv

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
30

40

50

60

70

80

90

100

110

Time(sec)

V
ol

ta
ge

(V
)

Vpv

 
 

 Figure 17. The output PV panel current                      Figure 18. The output PV panel voltage 
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 Figure 19. The output PV panel power             Figure 22. The Cuk converter output power 
               with The ANN controller 
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 Figure 20. The Cuk converter output   Figure  23. The output battery voltage                
        current with ANN controller      during charging Period     
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       Figure 21. The Cuk converter output voltage             Figure  24. The state of charge of battery 
         with The ANN controller      with ANN controller 
 
 
7.2. Simulation with Disturbances                          

In Figures 25-31, two different disturbances are assumed as input in the irradiance of PV panel 
(using signal builder bloc of simulink). The first one ‘d1’correponds to a sudden step increase of 1000W/m2 
in the solar radiation which occurs at 0.028s  and the second one ‘d2‘ is a sudden step decrease of 1000W/m2 
which happens at 0.068s. The ANN controller adjusts the duty cycle of the Cuk converter to produce 
maximum power to charge the battery. The response time of the system at the start is short about 10ms, while 
it is about 60ms for other systems [3]. The output load voltage during the bus/battery commutation is 
presented in Figure 32. 
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     Figure  25. The output PV panel current with the          Figure 29. The Cuk converter output voltage 
         with the occurance of the two  disturbances         occurance of two solar irradiance disturbances 
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   Figure 26. The output PV panel voltage with the     Figure 30. The output battery voltage with two 
    occurance of two solar irradiance  disturbances          disturbances during the Charging Period 
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       Figure 27. The output PV panel power with                    Figure 31. The Cuk converter output 
            the occurance of the two disturbances            power with two disturbances 
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       Figure 28. The Cuk converter output current                Figure 32. The output load voltage during the 
        with the occurance of the two disturbances                                   bus/battery commutation 
 
 
7.3. Simulation with Rapid Step Changes of Solar Radiance 

Moreover, in order to prove the efficiency of the ANN-MPPT on-line controller, we have simulated 
in Figures 33-40 a continuous step increases of solar radiation. The ANN controller shows that it tracks 
conveniently the maximum power point, in order to avoid having to move rapidly the operation point when 
the solar radiation is varying quickly or when a disturbance or data reading error occurrence [1]. The figures 
above mentioned show that the MPP control tracks the charging of the back-up battery quickly when the 
shading of the PV panel changes considerably and quickly. It can be seen that a high control precision and 
stability in charging from the state of charge of the battery as depicted in Figure 40, are obtained. 
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       Figure 33. The output PV panel current with       Figure 37. The Cuk converter output voltage with 
                    a step change of irradiance              a step change of irradiance 

 
 

d2d1

d2 d1

d2   d1 Bus/Battery  
Commutation  



IJECE  ISSN: 2088-8708  
 

A Feed forward Neural Network MPPT Control Strategy Applied to a  .... (Mohamed Tahar Makhloufi) 

1431

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
0

10

20

30

40

50

60

70

Time(sec)

V
ol
ta

ge
(V

)

Vpv

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
0

50

100

150

200

250

Time(sec)

P
ow

er
(W

)

Pout

 
 
      Figure 34. The output PV panel voltage with       Figure 38. The Cuk converter output power with 
         a step change of irradiance                          a step change of irradiance 
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        Figure 35. The output PV panel power with                 Figure 39. The output battery voltage with 
                      a step change of irradiance  a step change of irradiance during the Charging Period 
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    Figure 36. The Cuk converter output current with                Figure 40. Variation of the battery state 
           a step change of irradiance           of charge (SOC) 
 
 
8. CONCLUSION  

In this research work, an intelligent MPPT technique is presented to the control of a Cuk DC-DC 
converter. The on-line ANN controller using the back-propagation algorithm in order to minimize the 
controlled error, in conjunction with the well-known P&O technique [18], has been utilized for  reference 
voltage estimation in the feed-forward loop. The MATLAB/Simulink software has been used for the 
simulation of the power and control circuits. This improved MPPT algorithm extracts the maximum power 
point from the PV panel module. The simulation results concerning major and minor disturbances of solar 
radiation showed that the system response deduced from the plotted output voltage simulation waveforms is 
within satisfactory response times (less than 30 ms). Moreover, the overall system power efficiency [16] 
obtained of the developed technique is about 97.5% and hence it is much better than other ANN based PV 
systems MPPT techniques which does not exceed 95% [7],[8],[12]. Thus the proposed control method is 
more effective than other previous techniques [5],[20]. This strategy has several advantages, particularly in 
that there is no need for PV panel output voltage and current sensors, and hence it avoids a complex 
calculation of the PV output power. Also, the maximum output power of the system stand-by battery is 
obtained when sudden solar radiation changes of the PV panel occur and there is a continuous impedance 
matching of the PV source and the system battery-load [5]. Other hybrid techniques using evolutionnary 
algorithms for instance the particule swarm  (PSO) and the ANN strategies y could be used for further 
enhancement of the MPP tracking of stand-alone PV systems [13],[20]. 
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