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ABSTRACT 

Photovoltaic (PV) energy is widely used over the world as the main step to solve the electricity shortage 

problems. Also, in remote and rural areas the use of PV systems can be considered the most important and more efficient 

source of electricity for different domestic applications and water supplying systems. Since the performance of any PV 

system is directly influenced by weather data such as ambient temperature or solar radiation, the accurate estimation of 

these parameters is essential for good design and operation. Different attempts have been carried out to determine the PV 

module surface temperatures using mathematical models of the PV module, empirical formula and by neural networks. 

Neural network (NN) doesn’t require any analysis of the system or scientific details; it only needs data from the system for 

training purposes. The present research describes the estimation of the PV module surface temperature using NN based on 

measured ambient temperatures and incident solar radiation. The NN is composed of input layer with two inputs (solar 

radiation and ambient temperature), hidden layer that has eight neurons and output layer to estimate the PV module surface 

temperature. Error back propagation algorithm was used to train the NN based on the measured data pairs at various 

working conditions. The result showed that, the estimation accuracy of the PV module surface temperature by the NN 

reached more than 96% of the measured value for clear and sunny days. 

 
Keywords: photovoltaic energy, neural networks, temperature detection, training process.  

 

1. INTRODUCTION 

PV applications are widely used over the world 

for electricity generation in two main categories; stand-

alone and grid-connected [1]. The generated electricity by 

the stand alone PV systems is used for rural electrification 

purposes. They can be used for house loads in remote 

areas [2], telecommunications [3], street lighting [4], water 

purification [5] and water pumping [6]. Stand-alone PV 

systems should have storage capabilities to ensure 

continuous electricity supply, in addition to the signal 

inverter and charge controller, for protecting of the storage 

system [7]. The grid-tied PV system is used to supply the 

generated electricity directly to the utility grid via special 

inverters and power conditioning units. These systems can 

help in reducing the electricity bill and ensure continuous 

use of the generated electricity, regardless of applying 

local loads [8]. The compatibility with the electric network 

and efficient utilizations are the main advantages of the 

grid-connected systems. Consequently, they have attracted 

great attention in the last periods [9]. 

The PV system can be consisted of various PV 

modules, which compromise of series and parallel PV 

cells. Although there are various materials used in PV 

technologies, the majority of PV installations over the 

world have silicon technology including mono-crystalline, 

polly-crystalline and amorphous crystal silicon. The 

mono-crystalline PV modules have higher efficiencies 

than that of the polly-crystalline and amorphous. However 

the PV efficiencies are still low in the range of 20-24 % 

for mono-crystalline technology [10]. The PV module 

performance is highly affected by the incident solar 

radiation and the module surface temperature. For sizing 

and optimization of these systems, accurate detection of 

the module surface temperatures is an important parameter 

for avoiding both over sizing that will result in increasing 

the system costs or under sizing that will reduces the 

system reliability. 

Surface temperature of the PV module depends 

mainly on the intensity of the solar radiation, ambient 

temperatures and module orientation [11]. The continuous 

operation of the PV system under solar radiation increases 

the surface temperatures of the PV modules continuously 

to rates higher than that of the required for optimum 

operation. In summer, these surface temperatures can 

reach more than 55 
o
C, according to the site and the related 

meteorological data [12]. Accurate prediction of the PV 

module surface temperature is essential for the module 

output estimation, since the module power is inversely 

affected by the higher module surface temperatures. Many 

investigations were carried out to predict the PV module 

surface temperatures according to the various parameters 

affecting its temperatures such as; incident radiation, 

ambient temperatures, module inclination and orientation. 

Faiman model is used by Elena and Annette [13] for 

prediction of the module temperature at five sites for 

outdoor operation using wind speed, ambient temperature 

and incident radiation on the plane of the module. 

Dynamic models were used also to estimate the module 

surface temperature based on the thermal performance of 

the PV module in addition to the module specific thermal 

properties [14,15]. 

NNs have been used widely to detect and 

estimate various parameters related to the PV module, due 

to the same nonlinear nature of both of them. Maximum 

power and normal operating power of the PV module were 

predicted by NN using the environmental data such as 

mailto:aiathussien@gmail.com


                                VOL. 14, NO. 2, JANUARY 2019                                                                                                              ISSN 1819-6608 

ARPN Journal of Engineering and Applied Sciences 
©2006-2019 Asian Research Publishing Network (ARPN). All rights reserved. 

 
www.arpnjournals.com 

 

 
                                                                                                                                                495 

incident solar radiation and the module surface 

temperatures via measured data for the training process 

[16]. NN also was applied for maximum power point 

tracking controller for PV system. The performance of the 

PV module in terms of maximum power has been 

estimated by the NN, and then used as reference for 

tracking the peak power parameters [17]. NN is used to 

track the solar radiation for optimum PV system operation 

via dual axis tracker which follows the sun beam 

continually [18]. Global solar radiation also can be 

evaluated by NN depending on the output power and 

surface temperatures of the PV module. In this work, the 

NN takes the instantaneous measured PV module 

maximum power and surface temperatures and then, 

predicts the corresponding radiation intensity [19]. NN has 

been utilized by Kalogirou et al. [20] for analyzing of the 

output from a large solar system in terms of the total 

energy output per day with the aid of the measured 

operating conditions. Two NNs were built by Mellit et al. 

[21] for anticipating the PV module output power under 

clear and cloudy conditions. For performance analysis and 

characterization, the current-voltage curve of the 

concentrated PV module can be tracked by the NN 

according to the model designed by Almonacid et al. [22] 

depending on the environmental parameters. Optimal 

power of the PV module under thermal control was 

detected by Ammar et al. [23] using NN based on 

operating environmental condition for adjusting the 

module temperatures. 

In this paper the instantaneous PV module 

surface temperature was estimated using artificial NN 

depending on the measured operating parameters such as 

incident global solar radiation and ambient temperatures. 

The inputs to the NN were measured in the field using data 

acquisition system according to the climatic conditions of 

the Cairo, Egypt. The output from the NN is the PV 

module surface temperatures. The NN has three layers 

named input, hidden and output layers. Error back 

propagation algorithm was used for training the NN using 

the measured solar radiation and ambient temperatures in 

addition to the corresponding module surface 

temperatures.  

 

2. PV MODULE AND SITE DATA 

Figure-1 presents the PV module on its 

mechanical structure. The PV module is an amorphous 

silicon one of 64 Wp. Table 1 shows the electrical 

characteristics of the PV module under standard test 

conditions (STC; 25 
o
C and 1000 W/m

2
) and Figure-2 

displays the electrical characteristics of the PV module at 

STC. As shown in Figure-1, the PV module has been 

installed on a mechanical structure which can be adjusted 

to modify the inclined angle according to the season of the 

year to receive more solar radiation for optimum operation 

over the year. The structure and the module were facing to 

South direction and tilted by 30 deg according to the 

optimum tilt over the year. The module was installed in 

the test field of Solar Energy Department, at National 

Research Centre, Cairo, Egypt. The site latitude and 

longitude are 30 N and 31.2 E, respectively.  

 

 
 

Figure-1. PV module on a metal structure. 

 

Table-1. PV module specifications (STC). 
 

Parameter Wp VOC ISC VMP IMP Area 

Value 64 W 21.8 V 4.8 A 16.5 V 3.88 A 1.01 m
2
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Figure-2. Electrical characteristics of the PV module at STC. 

 

Figure-3 represents the annual average minimum 

and maximum ambient temperatures of Cairo, (1985-

2015) [24], while the monthly average daily global solar 

radiation incident on Cairo has been shown in Figure-4 

[25]. It can be seen that the ambient temperature reaches 

about 35 
o
C in summer, and the radiation increases 7 

kWh/m
2
/day which leads to high surface temperatures of 

the PV module.  

 

 
 

Figure-3. Annual average minimum and maximum ambient temperatures of Cairo [24]. 

 

 
 

Figure-4. Monthly average daily global solar radiation incident on Cairo [25]. 
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3. NEURAL NETWORK 
NNs are processing tools that have been used for 

estimating, simulating and controlling the performance of 

the different systems without need detailed data about the 

process. NNs are suitable for some large systems where 

there is lack of the data or in simulations for complex 

processes. It can be used in different fields such as; 

process control, engineering calculations, meteorological 

forecasting and economic analysis, in addition to load 

prediction either electrical or thermal. Due to the nonlinear 

nature of the NN, it can be matched well with the PV 

applications [26]. The NN normally consisted of some 

layers (at least three), according to the nature of the 

process; two of them are input and output layers, while the 

others are hidden layers. The number of hidden layers and 

that of the nodes in each hidden layer can be detected by 

trial and error or by some empirical formulas [10]. The 

number of nodes in input and output layers is defined 

according to the required output from the NN and the 

required data to get its output. The layers of the NN were 

connected via weights. These weights can be adjusted 

using the training process. The training process uses 

input/output data pairs which can be taken experimentally 

or theoretically from the process under consideration. The 

training data are consisted of pairs of input and output. 

Applying these data to the NN using one of the training 

algorithms can adjust the different weights between the 

layers and consequently, the NN becomes ready to 

estimate its output according to the input data from the 

process. 

The present NN was used to estimate the PV 

module surface temperature using the global solar 

radiation and the ambient temperature. Fig. 5 shows a 

schematic diagram of the proposed NN. In any NN, the 

number of inputs equals to the number of data needed by 

the NN to estimate its output, while the number of outputs 

equals the number of parameters required from the NN. 

The number of hidden layer can be detected by trial and 

error depending on the amount of the training data. The 

present NN consists of three layers as follows: 

 

- The input layer has two nodes for input 

parameters. The input parameters are the 

measured global solar radiation on the surface of 

the PV module in w/m
2
 (G) and the ambient 

temperature in 
o
C (TAmp).  

- The output layer has only one node for estimating 

the module surface temperature in 
o
C (TPV). 

- The hidden layer consists of eight nodes. Number 

of hidden layers and number of nodes in the 

hidden layer can be determined by trial and error 

depending on the training algorithm and data 

[10]. 

 

 

 
 

Figure-5. A schematic diagram of the NN. 

 

The NN uses the input data and calculates the required 

output through the different layers using non-linear 

calculations via activation function as follows [19]; 

 

-  Input layer: The input data (solar radiation and 

ambient temperatures; xi) were transferred 

directly from the input layer nodes (i) to the 

nodes of the hidden layer (j) via hidden layer 

weights (vji).  

- Hidden layer: In the hidden layer, the NN gets 

the summation (sumj) by multiplying each input 

(xi) by the corresponding weight in the hidden 

layer (vji), (Equation. 1). The output from each 

node in the hidden layer (hj) can be calculated by 

the activation function, (Equation. 2). 

 

   2
1i ijij xvsum  for j = 1 to 8     (1) 

 

jsumj
e1

1
h


  for j = 1 to 8     (2) 

 

- Output layer: The output layer has one node (o). 

The NN gets the summation (sumo) by 

multiplying each output from the hidden layer 

nodes (hj) by the corresponding weight in the 

output layer (woj), (Equation. 3). The calculated 

output from NN (o or TPV) can be calculated by 

the activation function, (Equation. 4). 

 

   8
1i jojo hwsum  for o = 1      (3) 

 

osum
e1

1
o


        (4) 

 

 

 

G 

TAmp 

TPV 
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4. TRAINING THE NN 
The training of the NN is the process used to 

modify and tune the weights between the various layers, to 

become ready for estimating its output. Based on the 

quality and the variety of the training data, the NN 

efficiency can be adjusted. The training process uses a set 

of data input/output pairs, taken from the process under 

consideration. These data include different inputs to the 

NN and the corresponding desired outputs. 

- Training data:  The set of data pairs used for 

training the present NN are taken by direct 

measurement using data acquisition system 

(DAS) shown in Figure-6, [28]. The data 

acquisition system is used for measuring, 

monitoring and storing all data related to the PV 

systems such as; global solar radiation, ambient 

temperatures, module surface temperatures, 

module voltage and module current. 

Instantaneous solar radiation (w/m
2
) was 

measured using a Kipp&Zonen solar 

pyranometer, which converts the incident 

radiation into small voltage signal (mV). Then, 

this signal was amplified by suitable 

amplification circuit and stored using the DAS. 

The ambient and module surface temperatures 

were measured (
o
C) by K-Type thermocouple and 

an amplification circuit. The training data 

samples were collected during clear and cloudy 

days in different seasons to cover all possible 

operating conditions. The training data inputs 

covered the solar radiation between 200-1000 

w/m
2
 with the ambient temperatures range 

between 15-35 
o
C, while the desired training 

output covered the module surface temperatures 

between 25-65 
o
C. 

 

 
 

Figure-6. A schematic diagram of the data acquisition system. 

 

- Training algorithm: The training of the NN has 

been carried out according to the back 

propagation algorithm in which the error between 

the desired output and the calculated from the NN 

in each training step has been allowed to spread 

moving from the output layer to hidden and input 

layers. According to the error in each step of the 

training procedure, the various weights of the NN 

can be modified until all training pairs were 

manipulated. The error propagation training 

algorithm can be used for modifying the weights 

of the NN as follows [19, 28]; 

i- Start to initiate the weights of the hidden and 

output layers by small random values. These 

weights should be modified via training process 

using the error between the desired (measured) 

and the calculated output from the NN. 

ii- Use an input/output data pair (k, where k = 1 to 

end of data pair) and get the calculated output (o) 

by the NN via Equations. (1-4). The calculated 

output (o) should differ from the desired 

(measured) (d) for this step. The error is given by; 

 

oderror          (5) 

  

iii- To modify the output and hidden layer weights, 

the output (o) and the hidden (j) layer signals 

should be calculated using the error as follows; 

 

kkkko o)o1)(od(  k =1 to end of training data    (6) 

 

ojojjj w)h1(h   for j = 1to 8    (7) 

 

iv- Utilize a learning constant with a 

random small value (β, between 0.1-0.9 [10]), modify the 

output (woj) and hidden (vji) weights by the calculated 

error signals as follows;  

 

joojoj hww   for j = 1to 8     (8) 
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ijjiji xvv   for j = 1 to 8, i = 1 to 2    (9) 

 

v- Use another data pair and repeat the 

steps between ii – iv. In the end of the training patterns, 

the weights of the NN should be modified and the NN 

becomes ready to estimate the module surface temperature 

depending on the global solar radiation and the ambient 

temperature. The average error (E) from all training steps 

can be calculated as follows [29]; 

 

 






 


n

1 k

kk

d

)od(100

n

1
E for n = number of data pairs    (10) 

 

5. RESULTS AND DISCUSSIONS 

As shown before, the training process helps in 

adjusting various weights of the NN, depending on the 

measurement of the training data taken by the introduced 

data acquisition system from the test field.  The variety of 

ambient temperatures and solar radiation data as inputs 

and the corresponding module surface temperatures as 

desired outputs can affect the training process and the 

accuracy of the NN. Testing the NN for detecting its 

accuracy in predicating the module surface temperature 

according to the measured incident solar radiation and 

ambient temperatures is discussed in the following section. 

Figures. 7-10 illustrate the measured solar radiation and 

ambient temperatures for two days at different weather 

conditions (clear sunny and cloudy) for inputs into the NN 

to estimate the corresponding module surface temperatures 

during these days. For comparison and evaluation of the 

NN, Figures 11 &12 represent the corresponding 

measured values of module surface temperatures and the 

estimated ones by the NN at these days.  

From the figures it can be concluded that the NN 

is estimated the instantaneous PV module surface 

temperatures accurately using the incident radiation and 

the ambient temperatures with high accuracy reaches more 

than 96%. The same results can be obtained for different 

weather conditions such as in Figure. 11 for clear sunny 

day or Figure. 12 for cloudy conditions. Figure. 12 

demonstrates that the estimated module temperatures by 

the NN are independent on the operating conditions, since 

the estimation within the same accuracy for fast changes 

of solar radiation within the day. The deviation between 

measured and estimated module temperatures was 

introduced in Figure-13. The figure indicates that the 

maximum deviation within an acceptable range of 2 

degrees, compared to the other studies that detect the PV 

module surface temperatures depending on mathematical 

models or empirical formulas [11, 12]. 

 

 
 

Figure-7. Measured solar radiation data for a sunny day. 

 

 
 

Figure-8. Measured ambient temperature for a sunny day. 
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Figure-9. Solar radiation data for a cloudy day. 

 

 
 

Figure-10. Measured ambient temperature for a cloudy day. 

 

 
 

Figure-11. Measured and estimated PV module surface temperature for the sunny day. 
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Figure-12. Measured and estimated PV module surface temperature for the cloudy day. 

 

 
 

Figure-13. Deviation between measured and estimated module surface temperatures during a day. 

 

6. CONCLUSIONS 

The paper presents a NN for estimating the PV 

module surface temperatures using the incident solar 

radiation and the ambient temperatures. The proposed NN 

consisted of three layers as follows; i) solar radiation and 

ambient temperatures as two inputs for an input layer, ii) 

one hidden layer has eight neurons takes its input from the 

input layer (the number of hidden layer nodes was 

adjusted by trial and error using the training data) and iii) 

PV module surface temperature as the only output from 

the output layer. The weights between the layers of the NN 

were adjusted using the error pack propagation method 

and the measured input/output data pairs by a special data 

acquisition system from the installed PV module in Cairo 

climate. The training data covered all the expected 

operating conditions as follows; solar radiation intensities 

between 200-1000 w/m
2
, ambient temperatures from 13-

35 
o
C and module surface temperatures range of 25-65 

o
C. 

Two days of sunny and cloudy conditions were used for 

testing the NN. The comparison between the estimated and 

measured PV module surface temperatures showed that 

the NN estimation accuracy reached more than 96%. 
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