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In the current article, an experimental investigation has been implemented of 
flow and heat transfer characteristics in a parabolic trough solar collector 
(PTSC) using both nano-fluids and artificial neural networks modeling. Water 
was used as a standard working fluid in order to compare with two different 
types of nano-fluid namely, nano-CuO /H2O and nano-TiO2/ H2O, both with a 
volume concentration of 0.02. The performance of the PTSC system was eval-
uated using three main indicators: outlet water temperature, useful energy 
and thermal efficiency under the influence of mass flowrate ranging from 30 
to 80 Lt/hr. In parallel, an artificial neural network (ANN) has been proposed 
to predict the thermal efficiency of PTSC depending on the experimental re-
sults. An Artificial Neural Network (ANN) model consists of four inputs, one 
output parameter and two hidden layers, two neural network models (4-2-2-
1) and (4-9-9-1) were built. The experimental results show that CuO/ H2O and 
TiO2/H2O have higher thermal performance than water. Overall, it was veri-
fied that the maximum increase in thermal efficiency of TiO2/H2O and 
CuO/H2O compared to water was 7.12% and 19.2%, respectively. On the oth-
er hand, the results of the model 4-9-9-1 of ANN provide a higher reliability 
and accuracy for predicting the Thermal efficiency than the model 4-2-2-1. 
The results revealed that the agreement in the thermal efficiency between the 
ANN analysis and the experimental results about of 91% and RMSE 3.951 for 
4-9-9-1 and 86% and RMSE 5.278 for 4-2-21. 
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1. Introduction    

In today's environment, the phrases "nano" and 
"energy" are two globally attractive keywords. Due 
to a significant great in fossil fuel consumption, re-
newable energy has also gained a lot of traction. In 
other words, environmentalists want renewable 
energy sources to replace fossil fuels [1]. However, 

despite some limitations in terms of stability and 
cost, nano-fluids are widely used in a wide range of 
solar heating and cooling systems, including com-
bined cooling, heating, and power (CCHP) stations, 
water heating systems, heat pumps, and desalina-
tion systems, to improve the efficiency of solar sys-
tems [2,3]. In addition, a modelling of solar systems 
has usually been dispensed standardly [4]. In anoth-
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er hand, there exist some various approaches that 
predict the potency of the system even additional 
accurately than the simplest conventional modelling 
approaches of solar systems, comparable to artificial 
neural network, genetic programming, genetic algo-
rithm and different promising machine learning 
primarily based approaches.  Safarzade et al. [5] 
improved the thermal efficiency of PTSC through the 
use of Cu2O /H2O nano-fluid and a parabolic concen-
trator that can achieve the thermal efficiency of the 
solar system up to 12%. In addition, the effect of 
different concentrations of nanoparticles on the 
thermophysical performance of Liquid Iacobazzi et 
al. [6] made a receiver with a parabolic groove. They 
managed to achieve 11% thermal efficiency of the 
solar system using a mixture of CuO nanopowder 
and air. Favale et al. [7] used nano-fluid Al2O3 to im-
prove the energy efficiency of heat exchangers for 
cooling electronic devices. The factors of stability of 
nano-fluid Al2O3 and the effect of surfactants on its 
thermal conductivity were evaluated. The results 
showed that the temperature when the nano-fluid 
was being created boosted the thermal efficiency of 
the solar system by up to 13%, according to the au-
thors. The thermal conductivity of Al2O3 nano-fluid 
is reduced more by differences in mass dispersion 
than by other parameters including thermal bound-
ary resistance, Brownian motion, clustering, and 
layering, according to Milanese et al. [8].  With the 
use of an artificial neural network (ANN), Boutella et 
al. [9] were able to forecast and optimize the lev-
elized electricity cost of two separate thermal power 
plants with two different working fluids. Kalogirou 
[10] employed Artificial Neural Networks to fore-
cast flat plate solar collector performance character-
istics. The results showed that the ANN method 
could forecast the solar system's significant thermal 
parameters more precisely than traditional methods 
of modeling solar systems. Burrati et al. [11] used 
Artificial Neural Network modeling to verify the 
accuracy of certificates connected to building energy 
usage in Italy. Tomy et al. [12] used an Artificial 
Neural Network (ANN) to predict the efficiency of a 
flat plate solar collector with Ag/H2O nano-fluid. 
Reynold's estimate ranged from 5000 to 25,000. The 
findings matched the experimental inquiry perfect-
ly. Mahian et al. [13] conducted a mathematical 
analysis of the effect of nanoparticle volume per-
centage in base fluid and nanomaterial form on the 
second law efficiency of thermal solar systems in 
2014.The thermal properties of a manufactured 
PTSC and the utilization of TiO2/H2O and CuO/ H2O 
nano-fluid are studied in this study. To ensure the 
correctness of the Artificial Neural Network predic-
tion modeling, the input data are taken from exper-
imental investigations, and the results obtained 

from the experimental data are compared to those 
of the expected outcomes. Finally, the thermal prop-
erties of the best PTSC at various mass flow rates 
are studied.  

2. Experimental set-up 

      Fig. 1 depicts a picture of the adopted experi-
mental protocols, along with a short description of 
each component. The experimentations were car-
ried out in Ramadi at longitude (32.559 ˚N and 
41.9196 ˚E) during selected days from January 2021 
to February 2021. The nano-fluid was prepared for 
volume concentrations (0.02 vol). As illustrated in 
Fig. 1, the PTSC setup contains smooth absorber 
tube, storage tank with volumes of 31.5 Lt, a curved 
Nichol- Chrom sheet as the parabolic concentrator 
used as concentrator, a cast iron frame to lessen the 
weight of the collector for more convenient mainte-
nance. Because the experiments were conducted in 
the winter and the azimuth angle was high, the col-
lector should be positioned at angles less than the 
latitude of the researched location. The collector 
was tilted at a 35° angle. According to a similar 
study [5], thermocouples are connected to a data 
logger type GM4208 manufactured by Lutron Col-
laboration. The characteristics of the designed con-
figuration are shown in Table 1. At the end of each 
day of the experiment, all the working fluid was 
evacuated inside the PTSC, and the next morning a 
new flow was changed so that the previous residue 
did not affect the experiment. In progress, the data 
was recorded half an hour before the start of the 
thermal studies (starting at 8:30 am) to exclude 
temperature fluctuations from the yield estimates. 
Solar insulation is measured every minute with a 
TES132 solar meter. The experiments were carried 
out from 9 am at 15:00.  

 

 

 

 

 

 

 

 

 

Figure 1. Schematic diagram of experimental set-up. 
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Table 1. Characteristics of the experimental setup. 

Part Specifications 
Collector aperture width 1.0 m 
Collector length 2.0 m 
Aperture area 2.0 m2  

Rim angle   90  

Focus length 0.24m 
Concentration ratio 14. 
Mod of tracking  Two axes 
Tracking mechanism type Electro-optical 
Reflector material Nickel- Chrom sheet 
Receiver material Copper  
Receiver length 2.10 m 
Receiver inner diameter 0.0223 m 
Receiver outer diameter 0.023 m 
Thermal conductivity of 
copper 

400 W/m. K 

Coolant Water, TiO2/Water and 
CuO /Water 

Tank material / capacity Galvanize sheet / 31.5 Lt 
Water pump 120 W 
Support Structure material Iron 
 

3. Nano-fluid 

In order to prepare the nano-fluid with a volume 
concentration of 0.02, with an average diameter of 
30 nm and a purity of 99.99% for CuO, TiO2 was 
used. The mass of the required nanoparticles that is 
proportional to the specific volumetric concentra-
tion is first calculated using the following equation 
[14]. 
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Then the weight of the nanoparticles mass is meas-
ured using a high-precision digital scale, then mix 
the nano powder with distilled water, and the 
amount of distilled water is proportional to the 
number of nanoparticles calculated in Table 2. The 
mixing of nanoparticles with distilled water lasted 
for 1 hour under an Ultra-Sonicator, the frequency 
of which was 60 kHz during a half hour period of 
time as illustrated in Fig. 2. The above process is 
repeated until we reach the required volume (17 
liters) of the nano-fluid. The prepared stable solu-
tion was then kept under ultrasonic vibration fre-
quency again for better stabilization purposes for 

the same duration. The nano-fluid was used in this 

experimental investigation after two days of prepa-
ration. 

 

 

Table 2. Volume concentrations and weight of nanoparticles 

Volume concentrtions 
(Ø), % 

TiO2 /H2O (g) CuO/H2O (g) 

0.02% 0.4231 0.63113 

 

 

 

 

 

 

(a)                                       (b) 

Figure. 2 The process of nano-fluids preparation, (a) CuO/H2O 
and (b) TiO2 /H2O. 

 

3.2. Nano-fluid thermophysical properties 

The thermophysical properties of pure H2O, var-
ious base fluids and various nanoparticles which are 
heat capacity, density, effective dynamic viscosity; 
effective thermal conductivity and thermal expan-
sion coefficient are given in Table 2. The following 
equations are used to calculate the density, specific 
heat, viscosity, and thermal conductivity of the 
TiO2/H2O and CuO/H2O nanofluid is produced by 
[15]: 
   (      )                                                    (3) 
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Finally, the thermophysical properties of nanoparti-
cles and water at T= 300 K are presented in Table 3 

 
Table 3. Volume concentrations and weight of nanoparticles [16]. 

Thermo physical ρ 
(kg/m3)  

Cp 
(J/kg.k)  

K 
(W/m.k) 

TiO2 4230 686.2 8.95 

Water 996.5  4181  0.613 

CuO 6500 533 17.65 
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4. Data reduction 

     In this section, the general experimental data that 
has been obtained will be reduced for computing 
the required results. In the PTSC, the solar radiation 
intensity (I) is gained and thus the solar irradiation 
through the collector apparatus (Qs) is calculated as 
[17]: 

                                                                                  (7)  

   (       )                                                          (8)             

The Qu captured by the fluid is calculated according 
to 
        (        )                                    (9) 

                                                             (10) 

The ηth of the PTSC system is defined as [18]: 
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The Renolds number is determined as following: 
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5. Methdology of Artificial Neural Net-
works (ANN) 

      Artificial Neural Networks (ANNs) are precise 
modeling tools for recognizing the characteristics of 
complex and nonlinear systems, such as solar water 
heating systems (SWHs). There are numerous types 
of neural networks available, each of which can be 
used to solve a specific problem. The ANN networks 
are trained using MATLAB R2014 software [19]. 

A. The basic components of an artificial neural 
network  
The general structure of artificial neural networks is 
formed as shown in Fig.3 and consisted from:  
1. Input layer: It is the process of feeding the input 
data to receive it by the processing units of the neu-
rons [20]. 
2. Output layer: This layer consists of processing 
units through which the final output of the neural 
network is output [21]. 
3. Hidden layer: This layer is located between the 
input layer and the output layer [22]. 
4. Weights: It is the communication links between 
the different layers of the neural network. It con-
nects network layers together or units within each 

layer to other units through the weights associated 
with each interface [20]. 
5. Neurons: Neurons are the units that connected in 
different ways by giving the overall shape or archi-
tecture of the artificial neural network. Neurons 
follow a parallel processing system that resembles 
the functioning of the human brain [21]. 
 

 

Figure 3. Artificial neural network architecture model 

[23]. 

Neural Network Structure: The ANN structure is 
made up of three layers: an input layer, a hidden 
layer, and an output layer, as shown in Fig.4The first 
hidden layer has I nodes, the second hidden layer 
has j nodes, and the output layer has one node. 
When applied to a single hidden layer, ANN is a 5-i-
1, and when applied to two hidden layers, it is a 5-i-
j-1. The number of nodes in the hidden layer is a 
function of the number of input nodes [24]. 

       {

   
 

   
     

                                      (16)                                                                   

 

 
 

Figure 4. Network structures models. 
 

B. Designing and Programming ANN Models 

1- Designing ANN models: 
A number of systemic approaches are used to create 
ANN models. There are five fundamental steps to 
follow in general: (1) data collection, (2) data pre-
processing, (3) network building, and (4) training 
(5) testing and validation performance of model as 
shown in Figure 5. 
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Figure 5. Basic flow for designing ANN model. 

To begin, use MATLAB tools to develop an ANN. In 
both the hidden and output layers, our ANN is a 
Feed-Forward network with a tan-sigmoid trans-
mission function. In this network, the hidden layer 
contains many of neurons. As the goal vector has 
three members, the network has five inputs and two 
outputs. 

2) Data collection 
    After, using MATLAB tools, design an ANN. The 
initial stage in creating ANN models is to collect and 
prepare sample data. Tin, Tamb, Tr, and I were 
gathered using various instruments, as described in 
the previous section. 

3) Data pre-processing 
    Three data preprocessing methods are carried out 
after data collection to improve the efficiency of the 
ANNs. The techniques are as follows: (1) fix the 
missing data problem, (2) normalize data, and (3) 
randomize data. The average of surrounding values 
from the same week is used to replace missing data. 
It is generally a good practice to perform a normali-
zation procedure before presenting the input data to 
the network, as mixing variables with large and 
small magnitudes will confuse the learning algo-
rithm as to the importance of each variable, causing 
it to reject the variable with the smaller magnitude. 
 
4) Building the network 
      The number of hidden layers, neurons in each 
layer, transfer function in each layer, training func-
tion, weight/bias learning function, and perfor-
mance function are all specified at this step. Feed-
forward back prop network is used in this study. 

5) Training the network 
     The weights are modified during the training 
phase to bring the network's actual (predicted) out-
puts closer to the network's target (measured) out-
puts. The training time for this study is three 
months, spanning January 2021 to February 2021. 
The linear (purelin), hyperbolic tangent sigmoid 

(logsig), and Logistic Sigmoid (logsig) transfer func-
tions in MATLAB were used in this investigation 
(tansig). Table 4 shows the graphical representation 
of such functions as well as their mathematical form. 

Table 4. Graphical representation, 

Function 

Name 

Graphical Illustration Mathematical 

form 

 

Linear 

 

 

 ( )    

Hyper-

bolic 

Tangent 

Sigmoid 

 

 

 ( )  
      

       

 

Logistic 

Sigmoid 

 

 

 ( )  
 

     

 

Gaussian 

RBF 

 

  ( )

    [ 
 

    
 ‖ 

   ‖ ] 

 

1) Testing the network 
The next stage is to put the developed model to 

the test. The model gets exposed to previously un-
seen data at this point. Weather data from Decem-
ber 2020 to February 2021 was used to test the 
ANN models in the collector solar case study. On the 
other hand, a statistical analysis was undertaken to 
determine the correlation coefficient (R2), root 
mean square error (RMSE), and mean bias error 
(MBE) in order to quantify the performance of gen-
erated ANN models. There is a measure of variation 
in predicted values around measured data that pro-
vide information on short-term performance 
(RMSE). As the RMSE decreases, estimation accura-
cy increases. According to MBE, a model's long-term 
predictions are more accurate when there is a 
smaller average divergence between anticipated 
values and measured values. Similarly, a positive 
MBE value suggests that the anticipated GSR is 
overestimated, and vice versa. The expressions for 
the aforementioned statistical parameters are [25, 
26]: 



 

 

250 

 

     
∑ (                                      )  

   

∑                       
   

     (17)                                                                          

     √
∑ (                                      )  

   

 
    (18)                                                                  

    
 

 
∑ (                                      ) 

                                                          

(19) 

        
 

 
∑

                                        

                 
  

   

                                                                                        (20) 

Where n is the number of data samples that has 
been used in the experimental work. 

6. Results and discussion 

     Nano-fluid fraction of nanoparticle 0.02 concen-
tration of the experiments was conducted in order 
to summarize the findings and extract trends. Both 
experimental and predictid research have been 
conducted with the results split into two categories. 
Firstly, the effects of nano-fluid on the fluid's ther-
mal properties have been explored, followed by 
comparisons of ANN optimization models and final-
ly experimental thermal studies of the optimally 
designed PTSC.  

6.1. Heat Gain with Time 
      The average heat gain became (448.4, 491.2, 
594.5) watt for water, TiO2/H2O and CuO/H2O re-
spectively for the mass flow rate of 30 Lt/hr as 
shown in Fig.6.a, (440.3, 479.2, 582.94) watt for wa-
ter, TiO2/ H2O and CuO/H2O, respectively for a mass 
flow rate of 40 Lt/hr as shown in Fig. 6.b, (434, 
463.8, 572.8) watt for water, TiO2/ H2O and 
CuO/H2O respectively for a mass flow rate of 60 
Lt/hr as shown in Fig.6.c and (388.9, 452, 554.3) 
watt for water, TiO2 / H2O and CuO/H2O respective-
ly for mass flow rate 80 Lt/hr  as shown in Fig.6.d. 
the useful heat decreases with increasing flow, be-
cause the effect of the change between the inlet and 
outlet temperature of the fluid (∆T) is greater than 
the effect of the flow, so that Qu will decrease in all 
cases when the flow increases. 

                        
(a) 

         
(b) 

 
        (c) 

 
        (d) 

Figure 6. Useful heat gain versus time at  (a) 30 Lt/hr, (b) 40 
Lt/hr, (c) 60 Lt/hr, and (d)  80 Lt/hr. 
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6.2. Efficiency with Time 

The average  efficiency became (34.9, 32.2, 
40.2) % for water, TiO2/H2O and CuO/H2O respec-
tively for the mass flow rate of 30 Lt/hr as shown in 
Figure 7.a, (33.6, 31.8, 42.1) % for water, TiO2/H2O 
and CuO/H2O respectively for a mass flow rate of 40 
Lt/hr as shown in Figure 7.b, (33.8, 31.9, 34.1) % for 
water, TiO2/H2O and CuO/H2O respectively for a 
mass flow rate of 60 Lt/hr as shown in Fig.7.c and 
(29.8, 33.7, 38.5) % for water, TiO2/H2O and 
CuO/H2O respectively for mass flow rate 80 Lt/hr  
as shown in Fig. 7.d. 

 
                 (a) 

 
                  (b) 

 

 
                    (c) 

 
                    (d) 

Figure 7. Efficiency versus time at (a) 30 Lt/hr, (b) 40 Lt/hr, (c) 
60 Lt/hr, and (d) 80 Lt/hr. 

 

6.3. ANN Model Validation 

This section displays the best outcomes for ANN 
models that have been produced. The appropriate 
ANN topology training technique and number of 
neurons can be determined by using equation )17(. 
When using the experimental data, the input layer 
parameters were derived from the logged opera-
tions. Receiver temperature (Tr), inlet fluid temper-
ature (Tin), ambient temperature (Tamb) and sun 
intensity (I  ֗ ), were obtained. Over 156 data are 
used for training, and another 24 for validation and 
testing. There is only two hidden layers of the ANN 
architecture to estimate the best topology. The inlet 
fluid temperature (Tin), the receiver temperature 
(Tr), ambient temperature (Tamb), and sun intensi-
ty (I) are the input parameters used in the selected 
model. Thermal efficiency (η) is the output layers of 
the ANN. When it comes to the hidden and output 
layers of an artificial neural network, it is a feed-
forward network with tan-sigmoid transmission 
function. In this paper, number of neurons, a neural 
network model containing the number of neurons, 
the Fig.8 shows the structure 4-2-2-1 and the Fig.9 
shows the structure 4-9-9-1 was use in this work. 

 
 

Figure 8. Structure(4-2-2-1) artificial neural network model. 
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Figure9. Structure (4-9-9-1) artificial neural network model. 
 

 

6.4. Predicting the Thermal efficiency 

In Fig.10, The best training performance is 
0.040726 at epoch 68 for 4-2-2-1 neural network 
architecture. The 4-9-9-1 neural network architec-
ture, which was trained, shows that the best thermal 
efficiency prediction model with the best perfor-
mance validation is 0.0049769 at epoch 178 as 
shown in Fig.11. 

 The comparison between the experiment data 
and the structure of the trained neural networks 
(ANN) (4-2-2-1) showed that the average percent-
age of thermal efficiency difference between the 
experiment and ANN (4-2-2-1) is 14.4% with R= 
0.99965for training and R = 0.99183 for the test as 
in the Fig.12.   
Comparison between the experiment data and the 
structure of the neural networks (ANN) on which 
the training was conducted (4-9-9-1) the average 
percentage of thermal efficiency difference between 
the experiment and ANN is 9.45% with R = 0.9997 
for training and R = 0.99998 for testing as in the 
Fig.13. 

 

 

 

Figure10. Best validation performances in thermal efficiency 
structure 4-2-2-1. 

 

Figure 11. Best validation performances in thermal efficiency 
structure 4-9-9-1 

 

Figure12. Regression plot for structure (4-2-2-1). 

 

Figure13. Regression plot for structure (4-9-9-1). 

Fig.14 represents the graph of the actual and ex-
pected Thermal efficiency values for the two neural 
network models used in this experiment. It is noted 
that the models (4-2-2-1) and (4-9-9-1) have similar 
behavior to the experimental line. 
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   Figure 14. Investigation of the similarity of the line pattern 

between the experimental phase and the ANN of the test phase. 

According to the reduced MSE and R-value, the 
model's performance improves when employing 
trials with a different number of neurons and a dif-
ferent algorithm as shown in Table 5. 

Table 5. Values of the ANN structures in the training, validation, 

testing phases and the all data. 
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RMS
E 

5.29 2.16 5.27 4.40 5.53 3.39 3.95 4.60 

R2 0.98 0.99 0.97 0.98 0.97 0.99 0.98 0.98 

MSE 28.0 4.69 27.8 19.3 30.6 11.5 15.6 21.2 

 

7- Conclusion 
      In this paper, an experimental study of the solar 
collector PTCS was carried out using different types 
of working fluids. Artificial neural networks have 
been used to predict the thermal efficiency of the 
system and the following can be concluded: 

 The maximum increase in thermal efficiency of 

TiO2/H2O and CuO/H2O compared to water was 

7.12% and 19.2%, respectively. 

 The thermal efficiency prediction results be-

tween experimental data and artificial neural 

network models are convergent and more relia-

ble. The results showed that the agreement in 

thermal efficiency between the ANN analysis 

and the experimental results is about 91% for 

4-9-9-1 and 86% for 4-2-21. 

 The prediction of the thermal efficiency of the 

thermal solar collector for model 4 9 9 1 is more 

accurate and reliable than the prediction results 

for model 4-2-2-1. 

 

Nomenclature 

English Symbols Wa 
Aperture 

width 
m 

Aₐ 
collector aper-

ture area 
m² WP 

weight nano-
particles 

g 

Ac 
cross-sectional 
area of the flow 

m² 

Greek letters 

Ari 
Inner surface 
area of the re-

ceiver 
m² 

As 
Surface area of 

the concentrator 
m2 μ 

Viscosity of 
working fluid 

N.s
/m2 

Cp 
Specific heat 

capacity of wa-
ter 

J/kg.˚C ηₜₜ 
Thermal 
efficiency 

- 

dri 
Inner diameter 

of absorber tube 
m ρ Fluid density 

kg/
m3 

dro 
Outer diameter 

of absorber 
m φ 

volume con-
centration 

- 

Hp 
Height of the 

parabola 
m Subscripts 

I 
Direct beam 

solar irradiation 
W/m² ri Inner receiver. 

K 
Thermal con-

ductivity of fluid 
W/m. ˚C ro Outer receiver. 

L 
Length of ab-
sorber tube 

m out Outlet. 

m˙ Mass flow rate kg/s in Inlet. 

Qa Solar energy W m Mean. 

Qᵤ Useful heat gain W Abbreviation 

Re 
Reynolds num-

ber 
- ANN 

Artificial neural 
network 

Tin 
Inlet tempera-

ture 
˚C PTSC 

Parabolic trough 
solar collector 

Tou

t 

Outlet tempera-
ture 

˚C RMSE 
Root mean square 

error 

Tr 
Surface temper-
ature absorber 

˚C RPF 
Radial Basis Func-

tion 

Um Velocity of fluid m/s R2 
Maximum correla-

tion coefficient 

V˙ 
Volumetric flow 

rate 
m³/s SWH Solar water heating. 
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