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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.  
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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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 -  
3 24 0.4596 0.1395 0.0427 0.9646 0.9653 0.9891 0 5  

2.36 14 0.2701 0.0827 0.0170 0.9689 0.9776 0.9885 0 10  
0.45 10 0.0034 0.0027 0.0011 0.9889 0.9899 0.9898 0 20  
2.75 15 0.2411 0.2371 0.0020 0.9739 0.9693 0.9795 0 30  
2.25 14 0.0020 0.0056 0.0021 0.9795 0.9781 0.9789 10 20  
1.98 12 0.0351 0.0461 0.0019 0.9658 0.9566 0.9693 5 10  

  

4.35 93 0.0476 0.0586 0.0545 0.7762 0.8058 0.7762 0 10  
4.01 78 0.0702 0.0168 0.0379 0.7615 0.7794 0.8479 0 20  
3.72 68 0.0338 0.1110 0.0442 0.8782 0.7883 0.8314 0 35  
4.78 84 0.0304 0.0559 0.0606 0.8515 0.8200 0.7652 5 10  

4.59 75 0.0938 0.0658 0.0355 0.6875 0.7547 0.8017 15 20  

5.12 97 0.0019 0.0041 0.0073 0.9851 0.9683 0.9735 10 15  

  

2.85 39 0.0014 0.0040 0.0039 0.9638 0.9618 0.9639 0 10  
2.24 30 0.0049 0.0087 0.0071 0.9417 0.9570 0.9611 0 15  
3.08 49 0.2160 0.0113 0.0037 0.8762 0.9230 0.8889 0 50  
2.88 40 0.0039 0.0095 0.0042 0.9837 0.7326 0.9698 10 20  
3.01 43 0.0069 0.0021 0.0021 0.9850 0.9776 0.9868 15 25  
2.87 29 0.0039 0.0004 0.0008 0.9716 0.9594 0.9535 20 35  

     

2.21 52 0.0121 0.0243 0.0043 0.9323 0.9229 0.9648 0 35  

2.99 64 0.0547 0.0345 0.0021 0.9108 0.9453 0.9701 0 30  
1.88 19 0.0240 0.0413 0.0267 0.8946 0.8953 0.8611 0 45  
3.04 38 0.0431 0.0597 0.0155 0.8769 0.8789 0.8845 10 15  
3.31 33 0.0085 0.0017 0.0024 0.9413 0.9174 0.9789 10 20  
2.67 20 0.0086 0.0071 0.0088 0.9555 0.9274 0.9473 5 15  
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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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Table 2 Coefficients and statistical indicators of dynamic network NEWCF by using various algorithms and threshold functions 
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 - 

5.4 34 0.1322 0.0242 0.0452 0.9457 0.9724 0.9655 0 5  
5.91 37 0.0824 0.0991 0.0475 0.9537 0.9821 0.9521 0 10  
6.27 44 0.0456 0.0728 0.0632 0.9766 0.9729 0.9677 0 20  
6.87 46 0.0347 0.0124 0.0845 0.9724 0.9811 0.9699 0 30  
7.55 87 0.1001 0.1998 0.1314 0.9612 0.9469 0.9572 10 20  
7.01 81 0.0989 0.0941 0.0314 0.9628 0.9702 0.9768 5 10  

  

8.14 89 0.0474 0.0451 0.0183 0.7786 0.9532 0.9139 0 10  
6.99 69 0.0526 0.0559 0.0455 0.8840 0.8977 0.9200 0 20  
8.21 99 0.0337 0.0385 0.0270 0.8564 0.9430 0.9001 0 35  
8.99 89 0.0805 0.0553 0.0306 0.8871 0.9319 0.9328 5 10  

8.36 86 0.0421 0.0343 0.0372 0.9022 0.8495 0.8825 15 20  

7.96 78 0.0484 0.0533 0.0417 0.8050 0.8801 0.8882 10 15  

  

6.55 40 0.0269 0.0150 0.0057 0.9231 0.9475 0.9627 0 10  
7.64 124 0.0278 0.0104 0.0049 0.9147 0.9114 0.9700 0 15  
5.01 24 0.0457 0.0337 0.0294 0.9015 0.9058 0.9196 0 50  
5.71 36 0.0222 0.0240 0.0085 0.8643 0.8624 0.9537 10 20  
5.54 39 0.0185 0.0181 0.0201 0.8931 0.8846 0.9278 15 25  
6.27 35 0.0428 0.0183 0.0058 0.9434 0.9364 0.9665 20 35  

   

5.21 36 0.0113 0.0087 0.0051 0.8497 0.9501 0.9193 0 35  

6.64 74 0.0084 0.0022 0.0043 0.8770 0.9218 0.9633 0 30  
4.77 21 0.0178 0.0087 0.0198 0.90.08 0.9109 0.8934 0 45  
5.71 58 0.0082 0.0091 0.0247 0.8741 0.8647 0.8365 10 15  
5.09 46 0.0077 0.0098 0.0058 0.9455 0.9232 0.9621 10 20  
4.38 37 0.0011 0.0099 0.0128 0.8978 0.9134 0.8844 5 15  
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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 
NEWLRN 
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Fig. 9 Variations of gradient descent versus the converging time for dynamic neural network NEWLRN 
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