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Fig. 3. Scatter plot of the observed vs. predicted solar radiation by the best one and two-hidden layer ANNs for Lind

station
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Table 3- Statistical properties of the observed and predicted solar radiation for Lind station

S 98 WU (e bl s Sy
Solar radiation Statistical properties
(MIm?) Ave sum std max min kur ske
Observed 1479 166396.66 9.13 5139 0.01 -1.25 0.17
LM1 1478 166353.76 8.29 3162 0.68 -1.36 0.02
BR1 1478 166373.11 8.31 30.88 -0.43 -1.38 0.03
SCG1 1481 166699.99 8.22 3443 1.05 -1.34 -0.01
LM2 1480 166546.12 8.30 2980 0.29 -1.37 0.03
BR2 1477 166168.65 8.10 4274 -3.70 -1.35 0.04
SCG2 1482 166768.10 8.25 3433 -0.96 -1.35 0.02
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Fig. 4. Variation of MSE for the three training functions with one to twenty neurons in one hidden layer-ANNs for Lind
station
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Table 4- Results of the performance of the best ANNSs for the remaining Washington State weather stations

9 0wy QU 9 0wyl oU
pimo o313 slans Wil QU e 0313 3lans o9eel U
Station name ~ Training R RMSE MAPE " station name Training R RMSE  MAPE
and the # of function and the # of function
valid data valid data
LML 08929 724 6741 Y 0.8981 702 38.79
. BR1 0.8982 414 66.55 . BR1 0.899 4.00 39.19
Bonnevile Dam SCG1 0.8703 4.64 71.28 Silcott Island SCG1 0.8885 4.20 42.98
LM2 0.8976 415 65.49 LM2 0.8982 4.02 38.72
(4916) BR2 09047 401 62.75 (4926) BR2 0.909 381 36.35
SCG2 0.8726 4.60 76.89 SCG2 0.8887 419 41.76
° LM1 0.9109 379 4237 LM1 0.9065 375 38.14
s BR1 09101 381 41.61 - BR1 0.9076 373 38.03
25 SCG1 0.8938 413 50.64 3 SCG1 0.8774 4.26 42.75
EZ LM2 0.9091 3.83 4219 E5 LM2 0.9078 372 372
== BR2 0.9152 3.70 40.75 =~ BR2 0.9091 3.70 37.27
© SCG2 0.885 4.29 46.41 SCG2 0.8976 391 4058
- LM1 0.9088 3.97 32.75 LM1 0.9013 4.04 34.33
g BR1 09118 391 31.43 ° — BR1 0.9024 4.02 33.93
B eQ SCG1 0.8968 421 37.57 2 SCG1 0.8679 463 41.46
=89 LM2 09101 395 30.62 28 LM2 0.9014 4.04 34.01
= BR2 0.9133 3.88 30.46 oz BR2 0.9050 3.96 33.04
o SCG2 0.8955 4.24 36.39 SCG2 0.8875 430 38.23
LM1 0.8949 421 4291 LM1 0.8888 388 31.97
x BR1 0.9047 395 36.45 G = BR1 0.889 3.88 30.42
Sa SCG1 0.871 456 47.43 rsg SCG1 0.8364 468 49.13
53 LM2 0.9152 3.75 31.79 Beg LM2 0.9027 3.64 29.14
a BR2 0.9242 354 327 EI BR2 0.8967 375 29.66
SCG2 0.8612 472 42,66 SCG2 0.8725 414 34.42
LM1 0.89 4.02 30.73 g LM1 0.9073 3.98 35.85
ca BR1 0.899 3.96 29.96 ER BR1 0.9096 3.93 36.26
sy SCG1 0.867 451 36.94 §e§ SCG1 0.892 4.28 39.84
58 LM2 0.8984 3.98 30.07 82 LM2 0.9048 4.03 36.65
T2 BR2 0.905 385 28.81 s = BR2 0.9149 382 35.07
SCG2 0.8812 4.28 33.74 5 SCG2 0.8903 431 4055
@ LM1 0.8854 4.45 55.06 ° LM1 0.8796 452 46.29
& BR1 0.8885 4.39 53.86 s BR1 0.8817 4.48 439
) SCG1 0.8687 473 58.76 23 SCG1 0.8506 4.99 50.01
£3 LM2 0.8698 476 49.52 S5 LM2 0.8835 4.45 4284
8 BR2 08916 433 50.01 S BR2 08893 434 422
- SCG2 0.8694 472 554 SCG2 0.8698 4.69 486
LM1 0.8865 431 4152 " LM1 09128 376 38.31
z o BR1 0.8886 4.27 4519 2 BR1 09136 375 37.92
g2 SCG1 0.8544 4.84 61.95 g SCG1 0.902 3.98 41.87
>3 LM2 0.8882 4.27 41.18 29 LM2 0.9139 374 38.76
-2 BR2 08925 42 37.99 g~ BR2 09155 371 37.38
SCG2 0.8742 452 48.38 SCG2 0.9016 3.98 45.68
LM1 0.8977 3.99 34.55 - LM1 0.8988 412 39.29
oo BR1 0.8996 3.96 33.85 g _ BR1 0.8994 412 38.94
2 & SCG1 0.8653 454 41.23 ) SCG1 0.8784 4.49 4511
59 LM2 0.8989 3.97 33.81 D LM2 0.8985 412 39.69
Sh=s BR2 0.9027 39 334 s~ BR2 0.9108 388 34.88
SCG2 0.8675 451 4243 - SCG2 0.8736 457 46.09
LM1 09129 384 35.96 LML 0.8553 5.02 3481
F BR1 09161 378 34.38 c BR1 0.8294 5.44 33.34
BEY SCG1 08966 417 40.99 S5 SCGL 0.837 530 40.83
gL LM2 09152 379 34.87 s© LM2 0.8571 4.99 333
3=~ BR2 0924 36 32.02 == BR2 08696 478 31.95
SCG2 09045 402 387 SCG2 0.8366 530 31.27
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Table 5- Properties of the best one and two-hidden layer ANNs with BR training function for Mashhad station
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BR1 3-20-1 0.8205 0.8186 0.8326 3.97 78.59 22.2

BR2 3-20-19-1 0.8256  0.8188 0.8628 3.92  79.92 59
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Fig. 5. Scatter plots of the observed vs. predicted solar radiation by one and two-hidden layer Bayesian neural networks
for Mashhad station
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Introduction
Global solar radiation is the sum of direct, diffuse, and reflected solar radiation. Weather forecasts,
agricultural practices, and solar equipment development are three major fields that need proper information
about solar radiation. Furthermore, sun in regarded as a huge source of renewable and clean energy which can be
used in numerous applications to get rid of environmental impacts of non-renewable fossil fuels. Therefore, easy
and fast estimation of daily global solar radiation would play an effective role is these affairs.

Materials and Methods

This study aimed at predicting the daily global solar radiation by means of artificial neural network (ANN)
method, based on easy-to-gain weather data i.e. daily mean, minimum and maximum temperatures. Having a
variety of climates with long-term valid weather data, Washington State, located at the northwestern part of USA
was chosen for this purpose. It has a total number of 19 weather stations to cover all the State climates. First, a
station with the largest number of valid historical weather data (Lind) was chosen to develop, validate, and test
different ANN models. Three training algorithms i.e. Levenberg — Marquardt (LM), Scaled Conjugate Gradient
(SCG), and Bayesian regularization (BR) were tested in one and two hidden layer networks each with up to 20
neurons to derive six best architectures. R, RMSE, MAPE, and scatter plots were considered to evaluate each
network in all steps. In order to investigate the generalizability of the best six models, they were tested in other
Washington State weather stations. The most accurate and general models was evaluated in an Iran sample
weather station which was chosen to be Mashhad.

Results and Discussion

The variation of MSE for the three training functions in one hidden layer models for Lind station indicated that
SCG converged weights and biases in shorter time than LM, and LM did that faster than BR. It means that SCG
provided the fastest performance. However, the story for accuracies was different i.e. the BR, LM, and SCG
algorithms provided the most accurate performances, respectively, both among one or two hidden layers. According to
the evaluation criteria, six most accurate derived models out of 1260 tested ones for Lind station was 3-14-1 and 3-11-
19-1 with LM, 3-20-1 and 3-20-19-1 with BR, and 3-9-1 and 3-20-17-1 with SCG training algorithm, and 3-20-19-1
topology with BR showed the best performance out of all architectures. Results of the evaluation of the six accurate
models in the remaining 18 stations of Washington State proved that regardless of the climate, in each weather station,
BR with its inherent automatic regularization, provided the most accurate models (0.87<R<0.92, 3.54<RMSE<4.78

MJm?, 28.81<MAPE<62.75 %), then LM (0.91 <R<0.85, 3.64 <RMSE< 5.02 MJm 29.14 <MAPE< 67.41 %), and

then SCG (0.90<R<0.83, 3.91<RMSE<5.30 MJIm?, 33.74 <MAPE < 77.28 %). Therefore, the Bayesian neural
networks, which showed the best performance among all Washington State weather stations, were evaluated for
Mashhad station, as an Iran sample climate. The results proved the ability of the said networks for this climate
(R=0.82, RMSE=3.92 MJm? MAPE=79.92%).

Conclusions
The results indicated that the Bayesian neural networks are capable of predicting global solar radiation with
minimum inputs in different climates. This was concluded both in Washington State weather stations, which has
a variety of climates, and also in Mashhad as an Iran sample weather station. These models would eliminate the
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need for complex climate-dependent mathematical relations or other models which are mostly dependent on
many inputs. So, this algorithm would be a good means first in weather forecast practices, also in the design and
development of solar assisted equipment, as well as in managerial practices in agriculture when monitoring crop
solar-dependent processes like photosynthesis and evapotranspiration.

Keywords: Bayesian regularization, Daily temperature, Global solar radiation, Neural network






