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Abstract—In order to obtain the optimal design of solar 

energy system, the data of solar radiation should be provided. 

In this study, an estimation model of monthly solar radiation in 

Japan is developed using artificial neural network (ANN). The 

purpose of this study is to provide an accurate model to 

estimate the solar radiation, especially for the location where 

measured data is not available. The structure of ANN is 

constructed using geographical and 6 years-meteorological 

data between 2011-2016. The model has been validated by 

comparing the estimation results with measured solar 

radiation data on five different stations in 2017. Considering 

relatively small mean absolute percentage error (MAPE) and 

root mean square error (RMSE), it is believed that the 

proposed model could accurately predict the monthly solar 

radiation, which further could be used to obtain optimal design 

of solar energy system in Japan. 

 

Index Terms—Artificial neural network, Japan, 

meteorological data, solar radiation estimation.  

 

I. INTRODUCTION 

Recently, the use of solar energy systems has been grown 

quickly in Japan. The electrical energy produced by solar 

energy systems rose from 2.7% in 2015 to 4.3% in 2016, 

whereas all renewable energy resources contribute to 14.2% 

of total electrical energy [1]. As the effort to suppress the 

increasing of air pollution, the utilizing of clean renewable 

energy should be encouraged [2], [3]. Among others, solar 

energy is one of the most preferable due to its availability in 

all places [4]. 

While the solar energy is clean and abundant, the 

equipment to convert it into the electric energy is costly. Not 

only the solar panel itself, but also battery as the energy 

storage and electric converter as the power stabilizer need to 

be counted. The optimization in both of design and operation 

need to be performed so that its energy price can compete 

with fossil fuel generator or other renewable energy system. 

Many researches have been done in order to optimize the 

system design such as optimal sizing of the panel and battery 

[5], [6] and optimal tilt angle [7], [8]. Meanwhile, the 

researches in optimal operation are performed in the form of 
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optimal energy conversion [9], optimal battery charging 

control [10], and optimal connection to the electric bus [11]. 

In order to obtain the optimal design and control of the 

solar energy system, the long terms information regarding 

the solar radiation data is necessary. However, since the 

measurement of solar radiation is not easy due to the high 

price and difficult maintenance and calibration of the 

equipment, the data is available only in limited number of 

places. To overcome the limitation of the data, an accurate 

estimation can be used as the replacement.  

Several methods have been developed to estimate the 

amount of solar radiation in one location. Among empirical 

models, the Angstrom-Prescott model and its modifications 

are widely popular. The model is based on linear and 

nonlinear regression and mainly uses the data of sunshine 

duration and clear sky radiation data [12]. Several 

modifications of this method revolve around the selection of 

input variables and the regression form [13]. 

Recently, the artificial intelligence methods are also 

intensively developed to estimate the amount of solar 

radiation. Artificial neural network (ANN) which previously 

has been used in solar energy systems as a maximum power 

point tracker [14] and load management controller [15], 

recently is also used to estimate the solar radiation with 

various input variables. Five input variables consist of 

latitude, longitude, altitude, month of the year, and mean 

cloudiness are used to estimate solar radiation in several 

cities in Turkey [16]. Meanwhile, six variables are used to 

predict solar radiation in China [17]. Instead of mean 

cloudiness, daily mean temperature and sunshine duration 

are used. Several combinations of input has been investigated 

to estimate the global solar radiation in Morocco [18]. The 

results show that the best configuration consist of seven 

inputs with the addition of relative humidity compared with 

[17]. While the minimum number of inputs might be 

preferred due to its simplicity, higher number of possibly 

related input can produce higher accuracy of solar radiation 

estimation. 

The comparison between linear, nonlinear regression, 

fuzzy logic, and ANN to predict the global and diffuse solar 

radiation in Malaysia has been performed in [19]. The result 

shows that ANN gives better estimation compared with other 

methods due to its computational and generalization 

capability. The similar comparison was performed in Egypt. 

Again, ANN estimation model generates smaller error 

compared with empirical model [20].   

To date, there is no research discussed about the long-term 

prediction of solar radiation in Japan, while the use of solar 

energy in Japan is continuously increasing. Accordingly, this 
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research aims to provide the first and an accurate model to 

predict the monthly global, direct and diffuse solar radiation 

in the region of Japan using ANN. While the model can be 

used to predict the solar radiation in other countries, the 

analysis in this study is focused on the compatibility of the 

model with actual measured data in Japan. Further, the 

estimation data of the solar radiation generates by the 

proposed model can be utilized as a basis for designing an 

optimal solar energy system. 

The rest of this paper is organized as follows. The concept 

of the research method proposed in this study is explained in 

Section II. Graphical and statistical results of the comparison 

between estimation using the proposed method and the actual 

data are presented in Section III. The conclusion of this study 

is shown in Section IV. 

 

II. RESEARCH METHOD 

This research has been done by collecting the previous 

data from the Japan Meteorological Agency, then build and 

validate the ANN through the neural network toolbox in 

Matlab computer software. The data was taken from 5 

stations in Japan, namely Sapporo, Tateno, Fukuoka, 

Ishigakijima, and Minamitorishima. Those 5 stations can 

represent the condition on all of Japan because they are 

spread from the region of north-east (Sapporo, lat. 43.06º, 

long. 141.33º), south-east (Minamitorishima, lat. 24.29º, 

long. 124.16º), center (Tateno, lat. 36.06º, long. 140.13º), 

north-west (Fukuoka, lat. 33.58º, long. 130.38º), and 

south-west of Japan (Ishigakijima, lat. 24.34º, long. 124.16º). 

While the data of global solar radiation is available on 157 

locations, the data of direct and diffuse radiation in Japan is 

only available on those 5 locations. 

The structure of the ANN is shown in Fig. 1. The network 

consists of 1 input layer, 1 hidden layer, and 1 output layer. 

The input data for the ANN are latitude; longitude; altitude; 

number of months; average, minimum, and maximum 

temperature; sunshine duration; precipitation; wind speed; 

and relative humidity. Meanwhile, the target output data are 

direct, diffuse, and global solar radiation. Those 11 input 

variables were selected due to their easiness to be accessed. 

While the cloud amount may also affect the amount of direct 

and diffuse solar radiation, it was ruled out as the input of the 

ANN in this study as its data is not widely available.  

The meteorological data used for the ANN training are the 

monthly average of 6 years data between 2011-2016. 

Although the input data is available from the older years, 

limiting the training data to the current decade is believed to 

generate higher accuracy because the effect of global 

warming tend to change the weather climate severely 

compared with previous decades. Furthermore, the data of 

direct and diffuse solar radiation in all locations except 

Tateno is only available since 2010. 

The ANN is trained using Levenberg-Marquardt method, 

with 70% of the samples are taken for training, and each 15% 

are taken for validation and testing. In this study, the hidden 

layer consists of 15 hidden nodes. The number of the hidden 

node is chosen after comparing the global root mean square 

error (RMSE) from various number of hidden nodes from 5 

to 50 which shown in Table 1. While the RMSE training of 

15 hidden layers is not the lowest, it RMSE validation is the 

second best and it RMSE testing is the lowest. The 

comparison of the number of the hidden layers is stopped at 

50 because the RMSE shows a tendency to increase since 35 

hidden layers, particularly indicated for validation and 

testing process. 
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Fig. 1. Architecture of ANN to predict the solar radiation. 

 
TABLE I: COMPARISON OF GLOBAL RMSE FOR VARIOUS NUMBER OF 

HIDDEN LAYER 

Number of Hidden 

Layer 

RMSE 

Training 

RMSE 

Validation 

RMSE 

Testing 

5 0.368 0.528 0.649 

10 0.254 0.499 0.395 

15 0.211 0.499 0.375 

20 0.242 0.617 0.443 

25 0.335 0.808 0.698 

30 0.219 0.420 0.494 

35 0.152 0.597 0.681 

40 0.115 0.742 0.886 

45 0.162 0.532 0.895 

50 0.196 0.795 0.831 

III. RESULTS AND DISCUSSION 

The ANN is trained using monthly aforementioned data 

from 2011 until 2016. In total, there are 360 samples for each 

data parameter. The validation is performed by comparing 

the estimation results from the ANN for the year of 2017 and 

the measured radiation data of 2017 from the five stations. 

Three statistic parameters in the form of mean absolute 

percentage error (MAPE), RMSE, and coefficient of 

determination (R2) are used to measure the accuracy of the 

estimation results. These three statistic parameters are the 

most frequently used to measure the accuracy of solar 
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radiation prediction using ANN [21]. Each of the mentioned 

parameters can be calculated as follows  
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Smaller percentage of MAPE and RMSE, and larger value 

of R2 indicate that the estimation results are closer to the 

measured data and that the model can be recommended to be 

used for the time series prediction.  

The graphic of comparison between the estimation of 

radiation from ANN and the measured radiation from the 5 

locations are shown in Fig. 2-Fig. 6, while the statistical 

results are presented in Table 2. These figures indicate that 

there is high agreement between actual measured solar 

radiation and estimation value. 

In Table II, the statistical results are not only from the first 

5 locations, but also from 6 other locations including Tokyo. 

The 6 selected additional locations are also spread around 

Japan. Tokyo, Osaka, and Hiroshima are close to the center 

of Japan since they are located in main island. Kumamoto is 

located in the west of Japan, near of Fukuoka. Meanwhile, 

Naha is in south-west near Ishigakijima, and Chichihima is 

in south-east, close to the Minamitorishima. However, for the 

additional 6 locations, the statistical results are only available 

for global solar radiation due to the unavailability of the 

actual direct and diffuse solar radiation data. 

 
TABLE II: STATISTICAL TEST RESULTS OF THE ESTIMATION MODEL FOR 

VARIOUS LOCATIONS IN JAPAN 

Station 
Radiation 

Type 
MAPE (%) 

RMSE 

(%) 
R2 

Sapporo Direct 4.85 5.27 0.997 

 Diffuse 4.15 4.90 0.998 

 Global 3.52 4.56 0.998 

Tateno Direct 5.84 7.35 0.995 

 Diffuse 4.54 5.54 0.997 

 Global 3.82 4.09 0.998 

Fukuoka Direct 8.11 11.15 0.987 

 Diffuse 8.98 10.19 0.990 

 Global 5.27 5.45 0.997 

Ishigakijima Direct 7.92 9.29 0.993 

 Diffuse 6.17 7.97 0.995 

 Global 3.25 3.39 0.999 

Minamitorishima Direct 4.76 5.52 0.997 

 Diffuse 4.92 6.15 0.996 

 Global 2.61 2.82 0.999 

Tokyo Global 4.85 6.17 0.997 

Osaka Global 3.06 3.09 0.999 

Hiroshima Global 9.03 10.32 0.988 

Kumamoto Global 10.20 10.27 0.989 

Naha Global 9.02 9.01 0.993 

Chichijima Global 5.60 5.52 0.997 

 

It can be seen from the Fig. 2-Fig. 6 that the ANN model 

generates similar number of radiations compared with the 

real measurement data in 2017, especially for global 

radiation. For the first 5 locations, the highest MAPE and 

RMSE percentage are only 5.27% and 5.45% for global 

radiation, 8.11% and 11.15% for direct radiation, and lastly 

8.98% and 10.19% for diffuse radiation. All of the highest 

errors occur in the data of Fukuoka.  

 

 
(a) 

 
(b) 

 
(c) 

Fig. 2. Comparison between the estimation and measured radiation on Sapporo 

(a) Direct radiation (b) Diffuse radiation (c) Global radiation  

 

Based on the results, the errors can be either 

underestimation or overestimation, even for the same type of 

solar radiation in the same city. An example is the 

comparison of diffuse solar radiation in Minamitorishima. In 

May, the ANN estimated that the diffuse radiation is 7.93 

MJ/m2 or 9.16% lower than actual data which is 8.73 MJ/m2. 

On the contrary, In June, the ANN turned out to be 

overestimated. In this time, the predicted value is 7.18 MJ/m2 

whereas the actual value decreases sharply to 6.56 MJ/m2. In 

this case, the overestimation value is 9.45 %. While the 

positive and negative error caused by overestimation and 

underestimation may cancel each other in MAPE calculation, 

it is accumulated in RMSE calculation. 

Generally, the error of global radiation for the additional 6 

locations are slightly higher compared with the first 5 

locations since their data is not included in training process. 

Both of the RMSE and MAPE for the cities of Hiroshima, 

Kumamoto, and Naha are higher than 9%. However, in other 
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locations such as Tokyo and Osaka, the errors are even 

smaller than the error in the data of Fukuoka. One of the 

possible causes is that both of Tokyo and Osaka are located in 

the main inland and close to Tateno as one of the original 

ANN training locations. Therefore, the weather condition 

between these three cities is not far different among others. 

While Hiroshima also located in main inland, the distance to 

Tateno is farther and resulting bigger difference in 

meteorological conditions.  

 

 
(a) 

 
(b) 

 
(c) 

Fig. 3. Comparison between the estimation and measured radiation on Tateno (a) 

Direct radiation (b) Diffuse radiation (c) Global radiation. 

 

In order to measure the accuracy of the estimation using 

the proposed method, a comparison of the statistic 

parameters with the previous researches is required. Based 

on [17],  the RMSE of global radiation in the cities of China 

are ranged between 8.2% to 31.4%. As the highest RMSE 

revealed in this study is only 11.15%, it can be said that this 

value is highly acceptable. On the other hand, the MAPE of 

global radiation in India is 6.89%  [22]. The MAPE of global 

radiation for some cities such as Hiroshima and Kumamoto 

achieved in this study are higher but according to Lewis 

classification of MAPE, the MAPE ≤ 10% indicates that the 

prediction is highly accurate, while 10% ≤ MAPE ≤ 20% 

suggest good prediction [22]. The only MAPE higher than 

10% comes from the prediction of global solar radiation in 

Kumamoto. Furthermore, the 0.988 minimum coefficient of 

determination achieved in this study are similar with 0.984 of 

similar research performed for the cities in Turkey  [23]. It is 

also stated in [24] that coefficient of determinations higher 

than 0.82 are considered good enough to estimate the solar 

radiation using ANN.  

 

 
(a) 

 
(b) 

 
(c) 

Fig. 4. Comparison between the estimation and measured radiation on Fukuoka 

(a) Direct radiation (b) Diffuse radiation (c) Global radiation 

 

Based on the statistical test results of the first 5 locations, 

the errors in predicting direct and diffuse radiation are 

always higher than global radiation. However, the difference 

of error percentage between global, direct, and diffuse 

radiation both in RMSE and MAPE are considerably small, 

as they are less than 6%. One of the possible reasons of the 

higher error from direct and diffuse radiation is that the 

amount of direct and diffuse radiations are greatly affected by 

the percentage of cloud in the atmosphere, while this data is 

not available to be included to construct the ANN in this 

study. The other possibility is related with the anomaly of the 

weather condition in the time of measurement. The direct 

radiation in Fukuoka in February 2017 is given as the 

example. The difference between estimation and measured 

value is 2.8 MJ/m2 which is the highest among the others. 

Comparing with the average data between 2011 and 2016, 
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the average temperature in 2017 is only 0.83ºC or 11.11% 

higher. Meanwhile, the sunshine duration and precipitation 

in 2017 are 36.86% higher and 41.59% lower than the 

previous years. Such as phenomenon may differ the actual 

value from the prediction.  

 

 
(a) 

 
(b) 

 
(c) 

Fig. 5. Comparison between the estimation and measured radiation on 

Ishigakijima (a) Direct radiation (b) Diffuse radiation (c) Global radiation. 

 

 
(a) 

 
(b) 

 
(c) 

Fig. 6. Comparison between the estimation and measured radiation on 

Minamitorishima (a) Direct radiation (b) Diffuse radiation (c) Global radiation 

 

IV. CONCLUSION 

The estimation model of solar radiation has been presented 

in this study. Compared with previous researches, the model 

proposed in this study are more detailed since it can be used 

to predict not only global radiation, but also direct and diffuse 

radiation. The inputs of the model are the geographical data, 

time, and basic meteorological data which available for many 

locations in Japan. Statistical test results from the 

comparison between the estimation and measured data in 

2017 is showing good agreement, both on the 5 locations 

which data is selected for training the ANN, and the other 6 

locations around Japan. Coefficient of determination for all 

the 11 locations are 0.988 or higher. The results indicate that 

the model can be used to estimate the amount of any types of 

solar radiation, especially on the locations where the solar 

radiation data is not recorded. That being said, an 

investigation of the weight of each input variable to impact 

the estimation accuracy needs to be performed in the future. 

With a priority scale, some input variables which data is 

difficult to be accessed might be ignored without greatly 

decrease the estimation accuracy.  

APPENDIX 

Gpred  = Prediction of solar radiation components 

Gmeas  = Measured solar radiation components  

n       = Number of data 
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