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Abstract: This paper study a performance comparison between 6 kWp dual-axis tracking system and an identical fixed 

inclination system on a sunny day (City of Ghardaia in South of Algeria) based on the MPPT approach of 

artificial neural networks. The first goal of this work is to extract the maximum power point of the 

photovoltaic group. The second objective, a comparison between dual-axis tracking system and an identical 

fixed inclination system is conducted. Simulation is carried out in Matlab/Simulink and the results show the 

excellent performance, high efficiency, low error, very short response of the neural network approach 

compared to a classical method (P&O). Results are reported to show also the effectiveness of the tracking 

system of about 25% in energy efficiency, therefore is confirming the economic importance of this type of 

system. 

1 INTRODUCTION  

In literature, several research works focused on 

various MPPT control techniques. These commands 

are selected based on their needs (complexity, cost, 

precision, convergence speed). Hill climbing, 

perturbs and observe (P&O) and incremental 

conductance are the three most popular methods, 

because they have the advantage of easy 

implementation. It is based on the disruption of the 

system with a constant voltage/duty cycle, and 

checks its behavior (Ouchen, 2016; Borni,2017). In 

recent years, intelligent controller techniques were 

used for the MPPT such as neural network to 

overcome these drawbacks (Ouchen, 2016; Borni, 

2017). 

In this paper, the first part, neural network and 

P&O MPPT controllers are applied to control a dual-

axis tracking system and an identical fixed 

inclination system. The second part, we present the 

results of two-axis tracking and without tracking 

(fixed system). In addition a comparison will be 

presented the economic utility and the importance of 

the dual axis tracking system in terms of generated 

power. 

2 GLOBAL IRRADIATIONS ON 

INCLINED SURFACES 

Liu Jordan model based on mathematical equation 

was used in order to calculate different components 

of solar radiation (Zaghba, 2015; Astudillo, 2015; 
Kebour, 2017). 

2.1 Direct Solar Radiation 

The direct solar radiation estimated on inclined 

surface without being diffused by the atmosphere is 

given by: 

𝑆𝑖 = 𝑆𝑜ℎ𝑅𝑏                                                         (1) 

Where, 𝑆𝑜ℎ and 𝑅𝑏 are respectively the direct 

solar radiation measured on horizontal surface and 

the tilt factor: 

Soh = Asin(h)exp (
−1

Csin(h+2)
)                                 (2) 

Rb =
cos(∅−i) cos(δ) cos(ω)+sin(∅−i)sin (δ)

cos(∅) cos(δ) cos(ω)+sin(∅)sin (δ)
                   (3) 
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δ: Declination angle, h: height of the sun, ф: 

latitude, ω: hour angle and i: tilted angle. 

With: 

δ = 23.45 sin [
360

365
(N + 284)]                               (4) 

sin(ℎ) = cos(𝛿) cos(∅) cos(𝜔) +
sin(∅) sin(𝛿)   (5) 

𝜔 = 15(12 − 𝑇𝑆𝑉)                                                (6) 

2.2 Diffuse Solar Radiation 

The equation of diffuse solar radiation given by Liu 

& Jordan model which takes into account the 

isotropic part of sky is: 

𝐷𝑖 = 𝐷𝑜ℎ(
1+𝑐𝑜𝑠(𝑖)

2
)                                                   (7) 

Where, 𝐷𝑜ℎis the diffuse solar radiation measured 

on horizontal plane. 

𝐷𝑜ℎ = 𝐵(sin(ℎ)
0.4                                                   (8) 

B is a constant which reflect the nature of the sky. 

2.3 Reflected Solar Radiation 

For an inclined plane, the reflected radiation can be 

expressed by: 

𝐷𝑟𝑒 = 𝜌. (𝑆𝑜ℎ + 𝐷𝑜ℎ). (
1−cos(𝑖)

2
)                              (9) 

ρ: Albedo. 

The reflected solar component in a horizontal 

plane is zero. 

2.4 Global Solar Radiation 

The total solar radiation measured or estimated on an 

inclined plan is given by: 

𝐺 = 𝑆𝑖 + 𝐷𝑖 + 𝐷𝑟𝑒                                                (10) 

3 PHOTOVOLTAIC SYSTEM 

Figure 1 shows the considered PV system, in the first 

stage, the output of the photovoltaic generator is 

connected to a boost converter on which the MPPT 

control strategy is applied to increases the voltage of 

the PV to a suitable level for the DC-AC inverter. 

The second stage is applied and DC-AC converter 

connected to a grid through à filter.  

 

Figure 1: Grid connected PV system. 

3.1 Photovoltaic Module 

For this work, the 6 kWp PV generator contains 20 

series modules and 5 parallel modules. Each one 

presents the following characteristics: Nominal peak 

power: 60 W, Nominal voltage: 17.1 V, Nominal 

current: 3.5 A. 

Table 1: Electrical characteristics of 6 kwp photovoltaic 

arrays.  

Parameter  Value 

Maximum Power PPV 6000W 

Voltage at  Pmax VMPP 342 V 

Current at Pmax IMPP 17.5A 

Open Circuit Voltage Voc 422V 

Short Circuit Current Isc 19 A 
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3.2 Boost Converter 

The schematic diagram of DC-DC boost converter 

connected to photovoltaic generator to a resistive 

load is shown in Figure 2.  

 

Figure 2: DC-DC Boost converter. 

The state-space averaged model of the boost 

converter can be written as (Zaghba1, 2017; 

Zaghba2, 2017): 
 

[
IL̇
V̇dc

] = [
0 −

1

𝐿
(1 − 𝑢)

1

𝐶
(1 − 𝑢) −

1

𝐶.𝑅𝐿

] [
𝐼𝐿
𝑉𝑑𝑐

] + [
1

𝐿

0
]           (11) 

 

Where u is the duty cycle, Vpv is the input voltage 

to the boost converter, IL is the inductor current, C is 

the capacitance, RL is the load resistance and Vdc is 

the DC link output. The equation (11) can be written 

as: 
 

{
𝑥1̇ = −

1−𝑢

𝐿
𝑥2 +

1

𝐿
𝑢

�̇�2 =
1−𝑢

𝐶
𝑥1 +

1

𝑅𝐶
𝑥2
    Where   𝑥 = [𝐼�̇�, 𝑉𝑐]      (12) 

3.3 P&O MPPT Method 

Figure 3 shows the flowchart of the P&O method, 

current and voltage are required to determine the 

power of the PV at each moment where the evolution 

of power is calculated and analyzed after each 

voltage disturbance (Ouchen, 2016; Borni, 2017). 

 

Figure 3: Flowchart of Perturb and observe MPPT. 

3.4 Artificial Neural Network MPPT 

The ANN is used as an intelligent control MPPT 

approach of the Boost converter; the simpler 

architecture contains three layers as shown in Fig. 4. 

The input layer receives the extern data (temperature 

and irradiation). The second layer, hidden layer, 

contains several hidden neurons which receive data 

from the input layer and send them to the third layer, 

output layer (output voltage). 

The relationship between the inputs and output 

formulated as (Mellit, 2013): 
 

𝑦 = ∑ 𝑊𝑖𝜑(𝑥
𝑘
𝑖=1 ) + 𝑤0                                      (13) 

 

Where x∶ Neural inputs, Wi: Neuronal network 

weights, y∶ the output of the system. 

The training of the network was provided by 

back propagation process using the Levenberg-

Marquardt algorithm. After the learning of the 

network we have taken the adjusted weights and we 

used them with feed-forward equations into a 

Simulink file "embedded function" to control the PV 

system with the values of D provided automatically. 

Back propagation algorithm used to update the 

weights and biases and to minimize a mean squared-

error performance index given as (Mellit, 2013): 
 

𝐽 =
1

2
∑ (𝑦𝑖

𝑑𝑒𝑠 − 𝑦𝑖)
2𝑁

𝑖=1                                         (14) 
 

Where: 𝑦𝑖
𝑑𝑒𝑠

 the i- th desired output of the system. 

The update of Wi is done according to the following 

rule (Mellit, 2013):   
 

𝑤𝑖𝑗
𝑘(𝑡 + 1) = 𝑤𝑖𝑗

𝑘(𝑡) − ∆𝑤                                   (15) 
 

We build a very rich database, which has a lot of 

information that will be used to learn and test the 

neural network on different levels of irradiation and 

temperature. For this phase, the following table has 

been realized:  

Table 1: RNA training table. 

T(C°)  

G 

(W/m²) 

10 15 25 40 55 70 

200 310.8 308.3 305 292.7 292.3 277.8 

300 323.2 319.5 314.5 304.7 306.1 287.6 

400 327.9 327.2 321.7 314.5 314.8 299.6 

500 336.2 333.3 327.5 321 320.6 306.1 

600 340.6 336.9 333.3 326.4 326.1 310.8 

700 343.9 340.6 335.9 330.8 329.3 315.5 

800 347.1 345.3 339.5 333.7 333.7 319.9 

900 349.7 347.8 342.8 336.2 336.6 323.2 

1000 352.6 350.4 350 339.9 339.5 326.4 
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The following Matlab code creates a feed-

forward neural network: 

P= [Temperature Data; Irradiation Data]; 

T= [Optimal voltage data]; 

net=newff(minmax(P),[40,3,1], 

{'tansig','tansig','purelin'},'traingd'); 

net.trainParam.epochs=1000; 

net.trainParam.goal=1e-3; 

net.trainParam.show=50 ; 

net.trainParam.lr=0.05; 

[net,tr]=train(net,P,T); 

a=sim(net,P) 

gensim(net) 

 

The conception of the MPPT control proposed 

shown in Fig.3. 

 

Figure 4: Topology of the ANN network for MPPT 

control. 

3.5 Grid Side Power Control 

The objective of the inverter control is to 

synchronize the phase’s frequency between the grid 

and the PV, and to regulate the DC link voltage to a 

constant value. Fig.1 shows the connection between 

the inverter and the grid. 

The voltage of three-phase power grid given by 

the following equations (Boudaraia, 2016): 
 

{

e𝑥 = E𝑚 cos𝑤𝑡

e𝑦 = E𝑚 cos(𝑤𝑡 −
2п

3
)

e𝑧 = E𝑚 cos(𝑤𝑡 +
2п

3
)

                                       (16) 

 

𝐸𝑚: The peak value of voltage in power grid, 𝑤: The 

angular frequency of power grid. 

By applying Kirchhof’s laws, we can write the 

voltage equation: 

{
 
 

 
 e𝑥 = L

d

dt
i𝑥 + Ri𝑥 + v𝑥

e𝑦 = L
d

dt
i𝑦 + Ri𝑦 + v𝑦

e𝑧 = L
d

dt
i𝑧  + Ri𝑧  +  v𝑧

                                  (17) 

 

Applying Park transformation, we obtain: 

(

𝑑𝑖𝑑

𝑑𝑡
𝑑𝑖𝑞

𝑑𝑡

) =
1

𝐿
(
−𝑅 𝑤𝐿
𝑤𝐿 −𝑅

) (
𝑖𝑑
𝑖𝑞
) −

1

𝐿
(
𝑒𝑑
𝑒𝑞
) +

1

𝐿
(
v𝑑
v𝑞
)   (18) 

4 RESULTS AND DISCUSSIONS 

The study was conducted in Ghardaia, Algeria 

located at 32.48° North and 03.67° East. This site is 

characterized by hot and dry climate in the summer 

with an average temperature of 38°C. The solar 

radiation on the region is very high; the horizontal 

solar radiation is very important, in summer, it can  

reach 1040 Wh/m². The wind is dry and hot with an 

average speed between one and 2.5 m/s 

(Boukhelkhala ,2016). Simulation studies have been 

carried out in Matlab/Simulink environment to 

verify the proposed artificial neural network method 

for a sunny day (Ghardaia site). 

 

Figure 5: Variations of irradiance over time in a sunny day 

(Ghardaia site). 
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Figure 6: Output current of the PV (Fixed array and dual 

axis tracking array). 

 

Figure 7: Output voltage of the PV in a sunny day (Fixed 

array and dual axis tracking array). 

 

Figure 8: Output power of the PV (Fixed array and dual 

axis tracking array). 

 

Figure 9.a: AC three phase’s grid currents using P&O 

MPPT controller (fixed array). 

 

Figure 9.b: AC three phase’s grid currents using P&O 

MPPT controller (dual axis tracking). 

 

Figure 10.a: AC three phase’s grid currents using neural 

network MPPT approach (fixed array). 
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Fig. 10.b: AC three phase’s grid currents using neural 

network MPPT approach (dual axis tracking). 

Fig. 6, Fig. 7 and Fig. 8 show the waveforms of 

the output voltage, current, and power of the PV 

respectively. Here we can see that both P&O and 

neural network approach were successfully able to 

track the maximum power point for a PV panel at 

any given irradiation. The neural network –based 

MPPT algorithm can quickly and accurately find the 

maximum power of each type (fixed and tracking 

array) and the system achieved a true sense of the 

maximum power output. The P & O algorithm 

strongly depends on the initial conditions and it 

presents oscillations around the optimal value. This 

algorithm is bad behavior following a sudden change 

in irradiation .The results show that neural network 

optimization technique given better results compared 

to P&O.  As shown, for south facing fixed surface 

solar power varies over the day, peaking at the solar 

noon where tracking system has flatter hourly 

energy production profile. As shown, the value of 

the solar energy produced by the fixed system 

approaches that of the two-axis system between 11 

am and 14 pm, but it moves away during the hours 

of the sunrise and the hours of the end of the 

afternoon. 

We can see also that the power production of a 

PV system is directly related to the amount of solar 

irradiance incident on the array. On average, 

tracking systems yield a higher average normalized 

power output under sunny conditions when 

compared to stationary systems since they are 

always oriented nearly perpendicular to direct beam 

radiation. 

In addition, this paper demonstrates the 

importance and efficiency of dual tracking system. 

The results indicate that the solar tracking system 

generated more energy about 25% compared to the 

power generated by identical fixed solar panels. 

5 CONCLUSIONS 

The neural network based MPPT control has clearly 

demonstrated its utility and the effectiveness in 

tracking the maximum power point of two identical 

photovoltaic systems, the first is equipped with a 

solar tracker while the second is without a tracker 

and shows an excellent performance, high efficiency, 

low error, very short response time, high dynamics 

for both inverter and MPPT compared to classical 

MPPT control. 
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