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In this research with utilization of various neural networks models, the relationship between the amount 
of water production and the temperature of the vapor with different weather conditions, time of day and 
several water debits in desalination system equipped with linear solar parabolic concentrator was 
investigated. The results showed that static and dynamic networks can model the process of producing 
fresh water with high accuracy. Static neural network can perform the modelling process with higher 
speed than dynamic neural network. However, it seems that the amount of error using dynamic 
networks was reduced in process modeling. Coefficient of determination (R2) for training, validation 
and testing in static networks was 0.9898, 0.9899 and 0.9889, respectively. While coefficient of 
determination (R2) for training, validation and testing in dynamic networks was 0.9922, 0.9894 and 
0.9901, respectively. Also, the amount of mean square error (MSE) in static network for training, 
validation and testing was 0.0011, 0.0027 and 0.0024, respectively and for dynamic networks was 
0.0018, 0.0007 and 0.0004, respectively.  Comparison between dynamic and static networks show that 
the dynamic networks can predict the production of fresh water and vapor temperature according to 
changes in atmospheric parameters more accurately than the static networks.  

Keywords:
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Fig. 1 Set up used in this study 
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Fig. 2 Input and output neural network with static structure in this study 
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Fig. 3 Input and output neural network with dynamic structure in this study  
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Fig. 4 MSE for static neural network 
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Table 1 Coefficients and statistical indicators of static network by using various algorithms and  threshold functions  
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Fig. 5 Correlation between experimental data and forecasting data A) in production of fresh water B) Steam temperatures by using static network  
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Fig.  6 variation of gradient descent versus the converging time for 
static neural network 
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Fig. 7 MSE for dynamic neural network (NEWLRN) 
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Fig. 8 Correlation between experimental data and forecasting data A) in production of fresh water B) Steam temperatures by using dynamic network 
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Fig. 9 Variations of gradient descent versus the converging time for dynamic neural network NEWLRN 

9  

-4    

   
1 -  

-
 

2 -  

-
 

3 -   

 
4 -  

 
 

5 -  
 

 

  

5 -   

 

6 -   
[1] C. Gasson, Forecast Trends in Desalination: A River Flowing 

Backwards from the Sea, Presented at the IDA World Congress, 
Dubai, UAE, 2009. 

[2] G. Xiao, X. Wang, M. Ni, F. Wang, W. Zhu, Luo, Z. K. Cen, A 
review on solar stills for brine desalination, Applied Energy, Vol. 
103, pp. 642-652, 2013. 

[3] F. Farshchi Tabrizi  M. Dashtban, H. Moghaddam,  K. Razzaghi, 
Effect of water flow rate on internal heat and mass transfer and 
daily productivity of a weir-type cascade solar still, Desalination, 
Vol. 26, pp. 239-247, 2010. 

[4] S. A. Kalogirou, Solar thermal collectors and applications, Progress 
in Energy and Combustion Science, Vol. 30, No. 3, pp. 231-295, 
2004. 

[5] E. K. Akpinar, Drying of mint leaves in a solar dryer and under 
open sun: modelling, performance analyses, Energy Conversion 
and Management, Vol. 51, No. 12, pp. 2407-2018, 2010. 

[6] S. Kalogirou, Solar Energy Engineering: Processes and Systems, pp. 
421-468, Elsevier Press, Netherlands, 2009. 

[7] T. Arjunan, H. Aybar, N. Nedunchezhian, Status of solar 
desalination in India, Renewable and Sustainable Energy Reviews, 

y = 0.9887x + 0.4583
R2 = 0.9957

20

40

60

80

100

120

140

160

20 40 60 80 100 120 140 160

Predicted vapor temperature (°C)

E
xp

er
im

en
ta

l v
ap

or
 te

m
pe

ra
tu

re
 (°

C
)

y = 0.9887x + 0.4583
R2 = 0.9957

0

20

40

60

80

100

120

140

160

0 30 60 90 120 150
Predicted production  (ml/min)

E
xp

er
im

en
ta

l P
ro

du
ct

io
n 

(m
l/m

in
)

0

3

6

9

12

15

0 1 2 3 4 5 6 7 8 9

Converging time (s)

G
ra

di
en

t d
ec

en
t 

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
95

.1
6.

12
.5

4.
9 

] 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
5-

25
 ]

 

                               8 / 9

https://dorl.net/dor/20.1001.1.10275940.1395.16.12.54.9
https://mme.modares.ac.ir/article-15-7321-en.html


    

    

13951612  299  

Vol. 13, No. 9, pp. 2408-2418, 2009. 
[8] K. Sampathkumar, T. Arjunan, P. Pitchandi, P. Senthilkumar, 

Active solar distillation-A detailed review, Renewable and 
Sustainable Energy Reviews, Vol. 14, No. 6, pp. 1503-1526, 2010. 

[9] R. Adhikari, A. Kumar, G. Sootha,  Simulation studies on a multi-
stage stacked tray solar still, Solar Energy, Vol. 54, pp. No. 5, 317-
325, 1995. 

[10] H. Tanaka, multiple-effect coupled solar still, Desalination, Vol. 
130, No. 3, pp. 279-293, 2000. 

[11] H. Tanaka, T. Nosoko, T. Nagata, Parametric investigation of a 
basin-type-multiple-effect coupled solar still, Desalination, Vol. 
130, No. 3, pp. 295-304, 2000b. 

[12] A. Al-Karaghouli, W. Alnaser, Experimental comparative study of 
the performances of single and double basin solar-stills, Applied 
Energy, Vol. 77, No. 3, pp. 317-325, 2004a. 

[13] A. Al-Karaghouli, W. Alnaser, Performances of single and double 
basin solar-stills, Applied Energy, Vol. 78, No. 3, pp. 347-354, 
2004b. 

[14] A. El-Sebaii, Thermal performance of a triple-basin solar still, 
Desalination, Vol. 174, No. 1, pp. 23-37, 2005. 

[15] H.E.S. Fath, M. El-Samanoudy, K. Fahmy, A. Hassabou, Thermal-
economic analysis and comparison between pyramid-shaped and 
single-slope solar still configurations, Desalination, Vol. 159, No. 
1, pp. 69-79, 2003.  

[16] V. Dwivedi, G. Tiwari, Experimental validation of thermal model 
of a double slope active solar still under natural circulation mode, 
Desalination, Vol. 250, No. 1, pp. 49-55, 2010.  

[17] A. Scrivani, T. El Asmar, U. Bardi, Solar trough concentration for 
fresh water production and waste water treatment, Desalination, 
Vol. 206, No. 1-3, pp. 485-493, 2007.  

[18] B. Chaouchi, A. Zrelli, S. Gabsi, Desalination of brackish water by 
means of a parabolic solar concentrator, Desalination, Vol. 217, 
No. 1-3, pp.118-126, 2007. 

[19] C. Bonazzi, M.A. Du Peuty, A. Themelin, Influence of drying 
conditions on the processing quality of rough rice, Drying 
Technology, Vol. 15, No. 3-4, pp. 1141-1157, 1997. 

[20] F. Courtois, A. Lebert, A. Duquenoy, J. C. Lasseran, J. J. 
Bimbenet, Modeling of drying in order to improve processing 
quality of maize, Drying Technology, Vol. 9, No.4, pp. 927-945, 
1991. 

[21] A.P. Engelbrecht, Computational Intelligence, an Introduction, pp. 
27-54, John Wiley & Sons Ltd, the Atrium, Southern Gate, 
Chichester, West Sussex PO19 8SQ, England, 2007. 

[22] M.R.Islam, S.S. Sablain, A.S. Mujumdar, An artificial network 
model for prediction of drying rate, Drying Technology, Vol. 21, 
No.9, pp. 325-334, 2003. 

[23] S. Gorjian, T. Tavakkol Hashjin, M. Khoshtaghaza, Designing and 
optimizing a back propagation neural network to model a thin layer 
drying process, International Agrophysics, Vol. 25, No. 1, pp. 13-
39, 2011. 

[24] A.F. Mashaly, A.A. Alazba, A.M. Al-Awaadh, M.A. Mattar, 
Predictive model for assessing and optimizing solar still 
performance using artificial neural network under hyper arid 
environment, Solar Energy, Vol. 118, pp. 41-58, 2015. 

[25] N.I. Santos, A.M. Said, D.E. James, N.H. Venkatesh, Modeling 
solar still production using local weather data and artificial neural 
networks, Renewable Energy, Vol. 40, No. 1, pp. 71-79, 2012. 

[26] R. Porrazzo, A. Cipollina, M.  Galluzzo, G.  Micale, A neural 
network-based optimizing control system for a seawater-
desalination solar-powered membrane distillation unit, Computer 
and Chemical Engineering, Vol. 54, pp. 79-96, 2013. 

[27] M. A. Hamdan, Haj R. A. Khalil, E. A. M. Abdelhafez, 
Comparison of neural network models in the estimation of the 
performance of solar still under jordanian climate, Journal of 
Clean Energy Technologies, Vol. 1, No.3, pp. 238-242, 2013. 

[28] M.E. Banihabib,M. Valipoor,  M Behbahani,  Comparison of 
autoregressive static and artificial dynamic neural network for the 
forecasting of monthly inflow of dez reservoir, Quarterly journal 
of Environmental Science and Technology,  Vol. 13,  No. 4, pp. 1-
14, 2012 (in Persian   ). 

[29] T. Nazghelichi, M.H. Kianmehr, M. Aghbashlo, Prediction of 
carrot cubes drying kinetics during fluidized bed drying by 
artificial neural network. Journal of Food Science and Technology, 
Vol. 48, No. 5, pp. 542-550, 2011.  

[30] A. Banakar, M.F. Azeem, Local Recurrent Sigmoidal-Wavelet 
Neurons in Feed-Forward Neural Network for Forecasting of 
Dynamic Systems: Theory, Applied Soft Computing, Vol. 12, No. 3, 
pp. 1187-1200, 2012. 

 [31] M. Khayet, C. Cojocaru, M. Essalhi, 2011. Artificial neural 
network modeling and response surface methodology of 
desalination by reverse osmosis. Journal of Membrane Science, 
Vol. 368, No. 1-2, pp. 202-214. 

 

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
95

.1
6.

12
.5

4.
9 

] 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
5-

25
 ]

 

Powered by TCPDF (www.tcpdf.org)

                               9 / 9

https://dorl.net/dor/20.1001.1.10275940.1395.16.12.54.9
https://mme.modares.ac.ir/article-15-7321-en.html
http://www.tcpdf.org

