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Abstract. Photovoltaic (PV) system could be implemented to mitigate global warming and lack of 
energy. To maximize its effectiveness, the monthly average daily solar radiation (MADSR) should 
be accurately estimated, and then an accurate MADSR map could be developed for final decision-
makers. However, there is a limitation in improving the accuracy of the MADSR map due to the 
lack of weather stations. This is because it is too expensive to measure the actual MADSR data using 
the remote sensors in all the sites where the PV system would be installed. Thus, this study aimed 
to develop the MADSR map with improved estimation accuracy using the advanced case-based 
reasoning (A-CBR), finite element method (FEM), and kriging method. This study was conducted 
in four steps: (i) data collection; (ii) estimation of the MADSR data in the 54 unmeasured locations 
using the A-CBR model; (iii) estimation of the MADSR data in the 89 unmeasured locations using 
the FEM model; and (iv) development of the MADSR map using the kriging method. Compared 
to the previous MADSR map, the proposed MADSR map was determined to be improved in terms 
of its estimation accuracy and classification level.

Keywords: monthly average daily solar radiation, solar radiation map, advanced case-based rea-
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Introduction

It is necessary to urgently solve the global warming and lack of energy due to excessive 
use of fossil fuels. The energy and environmental issues has been highlighted after the 
Fukushima Daiichi nuclear accident in March 2011 and the blackout in South Korea in 
September 2011 (Holt et al. 2012; Hong et al. 2014a, 2014b; Koo et al. 2014a). Accordingly, 
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the South Korean government has established the 4th Renewable Energy Penetration Plan, 
and also plans to expand the use of new and renewable energy (NRE) in the primary energy 
consumption from 4.33% (as of 2015) to 11% (as of 2030) (KEMC 2012). It is expected 
that the proportion of the solar energy source to the total NRE supply would increase from 
2.7% (as of 2015) to 4.1% (as of 2030). The solar energy source has a high potential, and 
it is considered to be suitable for buildings (Hong et al. 2014c; Lee et al. 2014a; Lueken 
et al. 2012).

Various factors should be considered to maximize the effectiveness of photovoltaic (PV) 
system. In particular, the monthly average daily solar radiation (MADSR) data should be 
collected to accurately estimate the amount of electricity generation from the PV system 
(Ashhab 2008; Badescu 1999; Cano et al. 1986; Chegaar, Chibani 2001; Coskun et al. 2001; 
Gastli, Charabi 2010; Geraldi et al. 2012; Hammer et al. 2003; Hong et al. 2013; Koo et al. 
2014b; Reddy, Ranjan 2003). However, it is too expensive to measure the actual MADSR 
data using the remote sensors in all the sites where the PV system would be installed. To 
solve this problem, previous studies used various methodologies to estimate the MADSR 
data in the unmeasured locations (Al-Alawi, Al-Hinai 1998; Alsamamra et al. 2009; Beh-
rang et al. 2010; Caglayan et al. 2014; Cogliani et al. 2008; Janjai 2010; Mohandes et al. 
1998; Mubiru, Banda 2008; Ramedani et al. 2014; Saffaripour et al. 2013; Şahin et al. 2013; 
Sözen et al. 2005; Šúri, Hofierka 2004). Such methodologies could be categorized in three 
ways: (i) artificial intelligence technique; (ii) geostatistical technique; and (iii) satellite 
retrieval technique.

 – (i) Artificial intelligence technique: Behrang et  al. (2010) developed the estimation 
model for the daily global solar radiation on a horizontal surface using multi-layer 
perceptron (MLP) and radial basis function (RBF) neural network models. It was 
determined that the MLP model (mean absolute percentage error (MAPE): 5.21%) 
was superior to the RBF model (MAPE: 5.56%). Ramedani et al. (2014) developed 
several support vector regression (SVR) models to estimate global solar radiation. The 
SVR model (which was combined with RBF as a kernel function) was found to be 
superior to the SVR model (which was combined with the polynomial function, adap-
tive network-based fuzzy inference system, and artificial neural network (ANN)) in 
terms of the estimation accuracy. Şahin et al. (2013) developed the estimation model 
for solar radiation in Turkey using the MLP neural network model and the multiple 
linear regression (MLR) model. The MLP model was found to be superior to the 
MLR morel in terms of the root mean squared error, mean bias error, and coefficient 
of determination (R2).

 – (ii) Geostatistical technique: Alsamamra et  al. (2009) estimated the monthly mean 
of global solar radiation in southern Spain using the ordinary and residual kriging 
methods. The residual kriging model was found to be superior to the ordinary kriging 
model in southern Spain. Caglayan et al. (2014) conducted a spatial viability analysis 
to determine the optimal grid-connected PV system with six power capacities (0.2, 
0.5, 1, 3, 5, and 10 MW) in Turkey. To do this, the universal kriging method was used 
to estimate the mean annual global solar radiation, sunshine duration, and ambient 
air temperature.
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 – (iii) Satellite retrieval technique: Cogliani et al. (2008) estimated the MADSR data 
in Italy using the “SOLARMET” model that was developed based on satellite data. 
Finally, the MADSR map was developed using the hourly MADSR data from the 
“SOLARMET” model. Janjai (2010) estimated the MADSR data in Thailand using 
the satellite-based diffuse fraction model that was developed based on “MTSAT-1R” 
satellite data. The root-mean-square deviation and the mean bias were determined 
to be 16% and 1.6%, respectively.

As mentioned above, various previous studies were conducted to improve the estima-
tion accuracy of the MADSR data in the unmeasured locations. However, there were sev-
eral limitations as follows. (i) when the MADSR data were used to develop the MADSR 
map, it was determined to improve the estimation accuracy of the MADSR map and its 
classification level. However, previous studies used the only measured MADSR data in 
developing the MADSR map; and (ii) previous studies used the only one research technique 
(i.e., an artificial intelligence technique, a geostatistical technique, or a satellite retrieval 
technique). However, the estimation accuracy of the MADSR map and its classification 
level could be improved by combining the advantages of the several research techniques.

To address these challenges, some previous studies simultaneously used several research 
techniques to estimate the MADSR data in the unmeasured locations and to develop an 
MADSR map. Koo et al. (2013) estimated the MADSR data in the unmeasured locations 
using the advanced case-based reasoning (A-CBR) model that could be developed by com-
bining the basic CBR, multiple regression analysis (MRA), ANN, and the genetic algorithm 
(GA). Lee et al. (2014a) proposed the framework for developing the MADSR map using 
the A-CBR model and kriging method. According to the studies of Koo et al. (2013) and 
Lee et al. (2014a), it is required to collect both the meteorological data from weather sta-
tions (e.g., the monthly average temperature, monthly average relative humidity, etc.) and 
the geographic data (e.g., the latitude and longitude, etc.), which were used to estimate 
the MADSR data in the unmeasured locations using the A-CBR model. However, due to 
the lack of weather stations, there was a limitation in the collection of the meteorological 
data. To fill the gap, this study used not only the A-CBR model to estimate the MADSR 
data in the unmeasured locations but also the finite element method (FEM) based on the 
meteorological and geographic data. In addition, based on the estimated MADSR data, 
this study developed more accurate MADSR map without the collection of the additional 
meteorological data.

1. Materials and methods

This study developed an MADSR map with improved estimation accuracy using the A-
CBR, FEM, and kriging method. Figure 1 shows the research framework in four steps: (i) 
step 1: data collection; (ii) step 2: estimation of the MADSR data in the 54 unmeasured 
locations using the A-CBR model; (iii) step 3: estimation of the MADSR data in the 89 
unmeasured locations using the FEM model; and (iv) step 4: development of the MADSR 
map using the kriging method. In addition, this study conducted the validation for South 
Korea to verify the feasibility of the proposed MADAR map, which could allow potential 
readers to easily and clearly understand the MADSR estimation process.
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1.1. Step 1: Data collection

This study used the A-CBR, FEM, and kriging method to develop the MADSR map with 
improved estimation accuracy as follows: (i) the A-CBR model was used to estimate the 
MADSR data at the unmeasured locations using the meteorological data; (ii) the FEM 
model was used to estimate the MADSR data at the unmeasured locations using the geo-

Fig. 1. Research framework
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graphic data; and (iii) the kriging method was used to develop the MADSR map. To do this, 
it is necessary to collect the meteorological data including the MADSR data from weather 
stations and the corresponding geographic data (refer to Table 1 and Fig. 2).

 – (i) Geographic data as the independent variable: This study collected the geographic 
data from the 167 locations of the regional representative cities in South Korea. 
Among the 167 locations, the 24 locations refer to the 24 weather stations where the 
MADSR data were measured (refer to the red circle in Fig. 3), the 54 locations refer 
to the 54 nodes hat were used as the independent variable in developing the A-CBR 
model (refer to the orange circle in Fig. 3), and the other 89 locations refer to the 89 
nodes that were used as the independent variable in developing the FEM model (refer 
to the white circle in Fig. 3). This study collected several geographic data such as the 
longitude, latitude, and altitude (refer to Supplementary information, SI Table S1 and 
SI Table S2).

 – (ii) Meteorological data as the independent variable: This study collected the meteoro-
logical data from the 78 weather stations in South Korea for eight years (2004–2011). 
Among the 78 locations, the 24 locations refer to the 24 weather stations where the 
MADSR data were measured (refer to the red circle in Fig. 3) and the 54 locations 
refer to the 54 nodes that were used as the independent variable in developing the 
A-CBR model (refer to the orange circle in Fig. 3). This study collected several me-
teorological data such as the monthly average temperature, monthly average relative 
humidity, monthly total sunshine duration, monthly average percentage of sunshine, 
precipitation, and monthly average wind speed.

 – (iii) MADSR data as the dependent variable: This study collected the measured MAD-
SR data from the 24 weather stations in South Korea for eight years (2004–2011), 
which were used as the dependent variable in developing the A-CBR model. As it is 
too expensive to measure the actual MADSR data using the remote sensors, the actual 
MADSR data could not be measured in all the sites but in the limited locations of the 
24 weather stations in South Korea (refer to the red circle in Fig. 3 and SI Table S3).

Table 1. Dependent variable and independent variables affecting the MADSR

Variables Attributes Unit

Independent 
variable

Geographic
data

X1 Longitude ( ) °E
X2 Latitude ( ) °N
X3 Altitude ( ) m

Meteorological 
data

X4 Monthly average temperature ( ) °C
X5 Monthly average relative humidity ( ) %
X6 Monthly total sunshine duration ( ) hour
X7 Monthly average percentage of sunshine ( ) %
X8 Precipitation ( ) mm
X9 Monthly average wind speed ( ) m/s

Dependent
variable Monthly average daily solar radiation (MADSR) ( ) kWh/m2/day
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Fig. 2. Data composition

Fig. 3. Geographic locations used for developing the MADSR map
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Meanwhile, this study conducted the validation for South Korea to verify the feasibility 
of the proposed MADSR map in terms of the estimation accuracy and classification level. 
To do this, this study selected three locations (i.e., Gochang-gun, Hamyang, and Uiryeong), 
which were not used in developing the proposed MADSR map. The MADSR data in the 
three locations were measured from the collaborative meteorological observatory (refer to 
the blue circle in Fig. 3). In addition, this study used the MAPE to evaluate the estimation 
accuracy of the A-CBR model, the FEM model, and the proposed MADSR map (refer to 
Eq. (1)):

 
1

1 100
n

i i

ii

MM EM
MAPE

MM n=

−
= × ×∑ , (1)

where: MAPE stands for the mean absolute percentage error; MM stands for the measured 
MADSR; EM stands for the estimated MADSR; and n stands for the number of month.

1.2. Step 2: Estimation of the MADSR data in the 54 unmeasured  
locations using the A-CBR model

Based on the collected meteorological and geographic data, the MADSR data in the 54 
unmeasured locations could be estimated using the A-CBR model. The A-CBR model 
was developed by combining the several data-mining techniques, such as the basic CBR, 
MRA, and ANN models, with the optimization process using GA. This study aimed to 
ensure the higher prediction accuracy (i.e., the advantage of the MRA and ANN models) 
as well as the higher explanatory power (i.e., the advantage of the basic CBR model). In 
previous studies, the A-CBR model was used to estimate various unknown values, such as 
electricity consumption, gas energy consumption, construction cost, construction duration, 
and the optimal size of expressway service area (Hong et al. 2012a, 2012b, 2012c, 2014d, 
2015; Jeong et al. 2015; Koo et al. 2010, 2011, 2014d, 2014e; Koo, Hong 2015a, 2017). In 
particular, Koo et al. (2013) and Lee et al. (2014a) developed the A-CBR model to estimate 
the MADSR data in the 54 unmeasured locations in South Korea. Similarly, this study 
developed the A-CBR model to estimate the MADSR data in the 54 unmeasured locations 
in South Korea, which was used for establishing the finite element mesh that could be 
finally used for developing the FEM model in the following section.

The A-CBR model could be established in three processes: (i) selection process; (ii) 
filtering process; and (iii) optimization process. For more detailed information on the three 
processes, please refer to the study of Koo et al. (2013) (refer to Fig. 4).

 – (i) Selection process: The similar cases could be selected using the basic CBR model, 
in which the meteorological and geographic data would be used as the independent 
variables. Namely, in implementing the concept of the basic CBR model, the attribute 
similarity could be calculated using the nearest-neighbor retrieval algorithm, and it 
would be multiplied by the attribute weight to calculate the case similarity. Finally, 
depending on the case similarity, the similar cases could be selected (Koo, Hong 
2015a, 2017).
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 – (ii) Filtering process: Among the similar cases that were retrieved in the selection 
process, some similar cases that would be classified as an outlier should be excluded 
from the entire similar cases. To do this, the filtering range could be established us-
ing the estimated values by the MRA and ANN models. First, for the MRA model, 
the optimal regression equation and regression coefficient could be determined by 
examining the input variable selection methods (i.e., all possible selection, forward 

Fig. 4. A process for developing an A-CBR model (refer to Koo et al. (2013))
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selection, backward elimination, and stepwise selection), the adjusted R2, the signifi-
cant probability (p-value), the multi-collinearity, and the residual analysis (Koo et al. 
2010, 2015). This study used the stepwise selection method to determine the optimal 
MRA model. The detailed statistics of the MRA model by month could be found in 
SI Table S4 and SI Table S5. Second, for the ANN model, the optimal neural network 
could be determined by examining the learning methods (i.e., supervised and unsu-
pervised learning), the structural parameters (i.e., the input layer, output layer, and 
hidden layer), and the training parameters (i.e., step-size (training rate) and momen-
tum) (Jeong et al. 2014; Koo et al. 2010). This study used the multi-layer perception 
method, in which the combination function and the activation function (i.e., transfer 
function such as the hyperbolic tangent function). The detailed statistics of the ANN 
model by month could be found in SI Table S6.

 – (iii) Optimization process: GA was used to maximize the estimation accuracy of the 
A-CBR model. GA defined a group of optimization parameters, where the following 
four optimization parameters were considered: (a) the minimum criterion for scoring 
the attribute similarity (MCAS) that was defined as the adjustable parameter within a 
range of 0–100% in GA; (b) the range of the attribute weights (RAW) that was defined 
as the adjustable parameter with a range of 0.00–1.00 in GA; (c) the range of the case 
selection (RCS) that was defined as the adjustable parameter with a range of 0–100% 
in GA; and (d) the tolerance range of the cross-range between the predicted values of 
the MRA and ANN models (TRCRMA) that was defined as the adjustable parameter 
with a range of 0–100% in GA (Koo et al. 2014d, 2014e).

1.3. Step 3: Estimation of the MADSR data in the 89 unmeasured  
locations using the FEM model

Based on the collected geographic data, the MADSR data in the 89 unmeasured locations 
could be estimated using the FEM model. The FEM model could solve non-linear 
problems through the discretization process, in which continuous problems are converted 
into discrete problems (Casadei, Gabellini 1997; Koo et al. 2014c; Polycarpou 2006; Seo 
et al. 2015, Stromberg et al. 2012; Unger et al. 2006). Generally, the FEM model could be 
established in three processes: (i) determination of the finite element; (ii) determination of 
the shape function; and (iii) development of the interpolation function.

 – (i) Determination of the finite element: This is the first step for developing the FEM 
model (Koo et al. 2014c; Seo et al. 2015; Stromberg et al. 2012; Unger et al. 2006). In 
this study, the finite element mesh was established based on the 167 locations (i.e., 
the 24 measured MADSR data from weather stations, the 54 estimated MADSR data 
using the A-CBR model, and the 89 estimated MADSR data using the FEM model), 
which would be used to develop the MADSR map (refer to Fig.  3). In particular, 
the quadrilateral finite elements could be used to estimate the MADSR data in the 
unmeasured locations. The quadrant could be established based on the target region 
(refer to the green circle in Fig. 5). Namely, the nearest four locations in the quadrant 
could be defined as the four nodes of the quadrilateral finite elements.



498 C. Koo et al. Development of the monthly average daily solar radiation map using A-CBR ...

 – (ii) Determination of the shape function: The shape function could be determined by 
considering the finite element mesh that would be established in the previous process 
(i.e., the determination of the finite element). According to Koo et al. (2014c) and Seo 
et al. (2015), the Lagrangian shape function could be determined to be suitable for es-
timating the MADSR data in the unmeasured locations. The Lagrangian quadrilateral 
elements could be expressed as Eq. (2) (i.e., ξ, η, ξ∙η, and a constant) by considering 
the Pascal’s triangle (refer to SI Fig. S1), which could be used to define the type of 
variables (i.e., ξ and η) and functions (i.e., ϕ(ξ, η)). As shown in Figure 5, ξ and η 
could be defined as the latitude (x-axis) and the longitude (y-axis), respectively. Also, 
ϕ(ξ, η) could be defined as the MADSR data in the unmeasured locations that would 
be estimated using the FEM model.

 – (iii) Development of the interpolation function: Based on the Lagrangian shape func-
tion, the interpolation function could be established to estimate the MADSR data in 
the unmeasured locations (refer to Eq. (3)). In this study, the geographic data (i.e., 
the latitude and longitude) could be converted using the Transverse Mercator 128 co-
ordinate system developed by the National Geographic Institute. Using the latitude (ξ) 
with the range of 100,789 to 660,276 and the longitude (η) with the range of 59,041 to 
668,232, the MADSR data in the unmeasured locations could be estimated using the 
interpolation function. The coefficients (α1-α4) in the interpolation function could 
be determined using the ξ – η matrix and the inverse matrix (refer to Eq. (4)).
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where: ϕ stands for the MADSR data that were estimated using the FEM model; ξ stands 
for the latitude; η stands for the longitude; α1-α4 stand for the coefficient by variable; 1st 
quad. stands for the first quadrant; 2nd quad. stands for the second quadrant; 3rd quad. 
stands for the third quadrant; and 4th quad. stands for the fourth quadrant.
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1.4. Step 4: Development of the MADSR map using the kriging method

Based on the MADSR data in the 167 locations (i.e., the 24 measured MADSR data from 
weather stations, the 54 estimated MADSR data using the A-CBR model, and the 89 es-
timated MADSR data using the FEM model), this study developed the MADSR map us-
ing the kriging method, as one of the geostatistical approaches. The spatial correlations 
could be analyzed using both the aforementioned MADSR data in the 167 locations and 
the MADSR data that would be estimated using the kriging method (refer to Eq. (5)). To 
determine the weights assigned to the measured locations (i.e., λi in Eq. (5)), it is required 
to minimize the error between the aforementioned MADSR data in the 167 locations (i.e., 
Z(si) in Eq. (5)) and the MADSR that would be estimated using the kriging method (i.e., 
Ẑ(s0) in Eq. (5)). In addition, the MADSR data that would be estimated using the kriging 
method (i.e., Ẑ(s0) in Eq. (5)) should be unbiased (Bae 2008; Koo et al. 2013; Lee et al. 
2014a, 2014b; Rehman, Ghori 2000).

 ( ) ( )0
1

ˆ
N

i i
i

Z s Z s
=

= λ∑ , (5)

where: Ẑ(s0) stands for the estimated value in the unmeasured region (S0); Z(si) stands for 
the measured value at the measured locations (Si); N stands for the number of measured 
locations (Si) around the unmeasured locations (S0); and λi stands for the weights assigned 
to the measured locations (Si).

According to the weight calculation method, the kriging method could be categorized 
into three types: (i) simple kriging; (ii) ordinary kriging; and (iii) universal kriging (Lee 
et al. 2014a; Wackernagel 2014):

 – (i) Simple kriging: It assumes a known mean. When the error variance is minimized, 
the weights assigned to the measured locations could be determined (refer to Eq. (6)). 
As the average value calculated by the estimation equation differs from the average 
value of the measured data, in general, the simple kriging could not be used.

Fig. 5. Concept of the Lagrangian shape function in quadrilateral coordinates
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 – (ii) Ordinary kriging: It assumes an unknown constant mean. Like the simple kriging, 
when the error variance is minimized, the weights assigned to the measured locations 
could be determined (refer to Eq. (7)). However, the ordinary kriging could solve the 
limitation of the simple kriging, which means that the expected value would be un-
known. To minimize the average difference between the measured and unmeasured 
locations, the sum of the weight should be at 1.

 – (iii) Universal kriging: It considers the average value depending on the data distribu-
tion in the space. Namely, it is a method that considers both the trends of the data dis-
tribution and the residual between the measured and estimated data (refer to Eq. (8)):

 ( ) ( )( )22
0 0

ˆE Z s Z s 
σ = − 

 
, (6)

where: σ2 stands for the error variance; E stands for the expected value (mean value); 
Z(s0) stands for the actual value in the unmeasured locations (S0); and Ẑ(s0) stands 
for the estimated value in the unmeasured region (S0) using simple kriging:
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where: E(Z) stands for the expected value (mean value) of the random field; E(Ẑ) 
stands for the expected value (mean value) of the ordinary kriging predictor; Z(s0) 
stands for the actual value in the unmeasured locations (S0); Z(si) stands for the 
measured value in the measured locations (Si); N stands for the number of the mea-
sured locations (Si) around the unmeasured locations (S0); and λi stands for the 
weights assigned to the measured locations (Si).

 ( ) ( ) ( )0
ˆ

i iZ s D s R s= + , (8)

where: Ẑ(s0) stands for the estimated value in the unmeasured region (S0) using 
universal kriging; D(si) stands for the spatial distribution tendency presented by the 
measured locations (Si); and D(si) stands for the residual.

According to Lee et al. (2014a), the ordinary kriging method was determined as the 
most suitable for developing the MADSR map. This study used “ArcMap 10.2” software 
program, which was developed by the Environmental Systems Research Institute, in order 
to develop the MADSR map.

2. Results and discussion

2.1. Estimation of the MADSR data in the 54 unmeasured  
locations using the A-CBR model

The MADSR data in the 54 unmeasured locations were estimated using the A-CBR model 
(refer to SI Table S1). To verify the feasibility of the A-CBR model, this study compared 
the estimation accuracy of the A-CBR model with the other models (i.e., the MRA, ANN, 
basic CBR models), which have been often used in the previous studies. Figure 6 shows the 
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comparison of the estimation accuracy by model, in which the average of estimation ac-
curacy and the standard deviation of the estimation accuracy are provided. Results showed 
that those of the A-CBR model were determined at 95.11% and 4.78%, respectively.

 – (i) Average of estimation accuracy: It was determined that the A-CBR model was 
superior to the other models (i.e., the MRA, ANN, and basic CBR models) by 0.29%, 
0.21%, and 2.66%, respectively (refer to the dark grey bar chart in Fig. 6).

 – (ii) Standard deviation of estimation accuracy: It was determined that the A-CBR 
model was superior to the other models (i.e., the MRA, ANN, and basic CBR models) 
by 0.68%, 0.72%, and 2.40%, respectively (refer to the light grey bar chart in Fig. 6). 

As a result, it was determined that the A-CBR model was the most suitable methodology 
for estimating the MADSR data in the unmeasured locations. The A-CBR model could si-
multaneously provide the strength of the MRA and ANN models (i.e., excellent estimation 
accuracy) as well as the merit of the basic CBR model (i.e., the estimation results provided 
with the retrieved historical cases). Meanwhile, SI Table S7 shows the estimation results of 
the MADSR data in the 54 unmeasured locations using the A-CBR model.

2.2. Estimation of the MADSR data in the 89 unmeasured  
locations using the FEM model

The MADSR data in the 89 unmeasured locations were estimated using the FEM model 
(refer to SI Table S2). SI Figure S2 shows the application of the Lagrangian shape func-
tion in quadrilateral coordinates. Based on March in Uiryeong as an example, this study 
established the MADSR estimation process in the unmeasured locations using the FEM 
model, which could be explained in three processes: (i) determination of the finite ele-
ment; (ii) determination of the shape function; and (iii) development of the interpolation 
function.

 – (i) Determination of the finite element: Considering the location of Uiryeong, the near-
est four locations in the quadrant were found out, and then they were defined as the 
four nodes of the quadrilateral finite elements. The four nodes of the quadrilateral 

Fig. 6. Comparison of the estimation accuracy by model
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finite elements (i.e., the 1st quadrant, 2nd quadrant, 3rd quadrant, and 4th quadrant) 
were determined to be Miryang (ξ1: 467,710 and η1: 321,612), Hapcheon (ξ2: 415,594 
and η2: 329,531), Jinju (ξ3: 403,842 and η3: 285,013), and Changwon (ξ4: 452,377 and 
η4: 285,873), respectively.

 – (ii) Determination of the shape function: This study used the latitude and longitude for 
the four nodes of the quadrilateral finite elements to establish the Lagrangian shape 
function. Accordingly, ϕ(ξ, η) in the four locations (i.e., Miryang, Hapcheon, Jinju, 
and Changwon) were determined to be ϕ1 (467,710, 321,612) = 4.920, ϕ2 (415,594, 
329,531) = 4.780, ϕ3 (403,842, 285,013) = 5.125, and ϕ4 (452,377, 285,873) = 4.780, 
respectively.

 – (iii) Development of the interpolation function: This study used the ξ – η matrix and 
the inverse matrix to develop the interpolation functions (refer to Eqs (3) and (4)), 
which were presented as Eqs (9) and (10). As a result, the Uiryeong’s MADSR data in 
March (ξUiryeong: 423,992 and ηUiryeong: 302,581) was estimated at 4.914 kWh/m2/day 
(refer to Eqs (11) and (12)).
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4

467,710 467,710 321,612 321,612 1 4.920
415,594 415,594 329,531 329,531 1 4.780
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ϕ = − − × + − × ⋅ =

− − × + + =
 (12)

where: α1-α4 stand for the coefficient by variable; ϕ stands for the MADSR data that 
were estimated using the FEM model; ξ stands for the latitude; and η stands for the 
longitude.

Table  2 shows the estimation results of the Uiryeong’s MADSR data using the FEM 
model. Based on the MADSR data in the 78 locations (i.e., the 24 measured MADSR data 
from weather stations and the 54 estimated MADSR data using the A-CBR model), the 
Uiryeong’s MADSR data were estimated using the FEM model. The estimation accuracy 
of the FEM model was evaluated using the MAPE (refer to Eq. (1)), resulting in 3.34%.

Based on the aforementioned process, the MADSR data in the 89 unmeasured locations 
could be estimated using the FEM model. SI Table  S8 shows the estimation results of 
the MADSR data in the 89 unmeasured locations using the FEM model. As a result, the 
MADSR data in the 167 locations in South Korea were finally established.
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Table 2. Estimation results of the Uiryeong’s MADSR data using the FEM model

Class
Monthly average daily solar radiation (kWh/m2/day)

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. MAPE
Actual 3.26 3.16 5.05 5.54 4.89 5.00 4.62 3.69 4.36 3.73 2.36 2.71

3.34
Estimated 2.99 3.27 4.91 5.44 4.97 4.98 4.41 3.75 4.35 3.69 2.18 2.53 

2.3. Development of the MADSR map using the kriging method

Based on the MADSR data in the 167 locations (i.e., the 24 measured MADSR data from 
weather stations, the 54 estimated MADSR data using the A-CBR model, and the 89 
estimated MADSR data using the FEM model), this study developed the MADSR map 
using the kriging method. Figure  7 shows the proposed MADSR map, which depends 
on the various seasonal characteristics in South Korea. Since South Korea is located in 
the northern hemisphere with a mild climate, it has four distinct seasons. Based on the 
proposed MADSR map, the seasonal distribution of the MADSR data could be summarized 
as follows.

 – (i) Spring: Figure 7 and SI Figure S3 (i.e., spring season from March to May) show 
that the MADSR has increased from the northeast to the southwest. For example, 
the MADSR data of April in Jinju, Mokpo, and Gosan in the southern region were 
illustrated in the red color, which means that the MADSR data in the three regions 
were higher than those of the other regions. Also, the deviation of the MADSR data 
in April was determined at 1.82 kWh/m2/day (with the range of 4.28 to 6.10).

 – (ii) Summer: Figure 7 and SI Figure S4 (i.e., summer season from June to August) 
show that the MADSR data in the southern and eastern regions were higher than 
those in the other regions. For example, the MADSR data of July in Mokpo, Busan, 
and Gosan in the southern region were illustrated in the red color, which means that 
the MADSR data in the three regions were higher than those in the other regions. 
Also, the deviation of the MADSR data in July was determined at 3.09 kWh/m2/day 
(with the range of 3.01 to 6.10), which was the highest deviation of all the seasons.

 – (iii) Autumn: Figure 7 and SI Figure S5 (i.e., autumn season from September to No-
vember) show that the MADSR data have increased from the northeast to the south-
west. For example, the MADSR data of October in Mokpo and Gosan in the southern 
region were illustrated in the red color, which means that the MADSR data in the 
two regions were higher than those in the other regions. Also, the deviation of the 
MADSR data in October was determined at 1.19 kWh/m2/day (with the range of 3.11 
to 4.30), which was the lowest deviation of all the seasons.

 – (iv) Winter: Figure 7 and SI Figure S6 (i.e., winter season from December to Febru-
ary) show that the MADSR data has increased from the northwest to the southeast. 
For example, the MADSR data of January in Jinju, Busan, and Pohang in the southern 
region were illustrated in the red color, which means that the MADSR data in the 
three regions were higher than those in the other regions. Also, the deviation of the 
MADSR data in January was determined at 1.87 kWh/m2/day (with the range of 1.33 
to 3.20).
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Table 3 shows the comparison of the estimation accuracy between the proposed and 
previous MADSR maps, in which the 24 measured MADSR data from weather stations 
were used (refer to SI Table S9 and SI Table S10). First, in terms of the average of estimation 
accuracy, it was determined that the proposed MADSR map was superior to the previous 
MADSR maps by 0.57% (=1.29–0.72). Second, in terms of the standard deviation of 
estimation accuracy, it was determined that the proposed MADSR map was superior to 
the previous MADSR maps by 0.36% (=1.02–0.66). As a result, it could be concluded that 
the proposed MADSR map was superior to the previous MADSR map, and thus it could be 
more suitable methodology for estimating the MADSR data in the unmeasured locations.

Fig. 7. The proposed MADSR map by season in South Korea
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Table 3. Comparison of the estimation accuracy between the proposed and previous MADSR maps 
(24 measured MADSR data from weather stations)

Class
MAPE (%)

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. Average Standard 
deviation

Proposed 
MADSR 
map

0.18 2.37 0.30 0.66 0.11 0.27 0.16 0.38 0.74 0.80 1.76 0.87 0.72 0.66

Previous 
MADSR 
map

0.28 3.03 2.41 1.24 1.58 0.07 0.40 0.89 0.39 0.66 3.14 1.45 1.29 1.02

Note: where: MADSR stands for the monthly average daily solar radiation and MAPE stands for the 
mean absolute percentage error.

2.4. Validation for the proposed MADSR map

This study compared the proposed MADSR map with the previous MADSR map developed 
in the study of Lee et al. (2014a) in terms of the estimation accuracy and the classification 
level. To validate the model estimation at region without observation, this study selected 
the three target locations (i.e., Gochang-gun, Hamyang, and Uiryeong) that were not used 
in developing the proposed MADSR map.

The proposed MADSR map was developed using the MADSR data from the 167 
locations (i.e., the 24 measured MADSR data from weather stations, the 54 estimated 
MADSR data using the A-CBR model, and the 89 estimated MADSR data using the FEM 
model). And, the previous MADSR map was developed using the MADSR data from the 
78 locations (i.e., the 24 measured MADSR data from weather stations and the 54 estimated 
MADSR data using the A-CBR model).

2.4.1. Estimation accuracy of the proposed MADSR map

The estimation accuracy of the proposed MADSR map was evaluated for the three target 
locations (i.e., Gochang-gun, Hamyang, and Uiryeong). The MAPE was used to evaluate the 
estimation accuracy of the proposed MADSR map (refer to Eq. (1)). Generally, because the 
MAPE does not depend on the scale of the variable, it could be used as an absolute index 
for comparing the estimation results by model.

Table 4 shows the estimation results of the MADSR data using the proposed and previ-
ous MADSR maps. In terms of the MAPE, it was determined that the proposed MADSR 
map was superior to the previous MADSR map. That is, compared to the previous MADSR 
map, when using the proposed MADSR map, the estimation accuracy for the three target 
locations (i.e., Gochang-gun, Hamyang, and Uiryeong) have improved at 0.73% (=6.53–
5.80), 0.27% (=4.88–4.61), and 0.07% (=3.36–3.29), respectively.

2.4.2. Classification level of the proposed MADSR map

The classification level of the proposed MADSR map was evaluated for the three target 
locations (i.e., Gochang-gun, Hamyang, and Uiryeong). In particular, a detailed analysis was 
conducted for the MADSR data of March in the three target locations.
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Table 4. Comparison of the estimation accuracy of the proposed and previous MADSR maps (three 
target locations for validation)

Region Class
Monthly average daily solar radiation (kWh/m2/day) MAPE 

(%)Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

G
oc

ha
ng

-g
un

Actual 
value 2.02 2.62 4.04 4.34 4.61 5.08 4.26 3.68 4.57 3.73 2.22 1.99 –

Proposed 
MADSR 
map

2.42 2.91 4.43 4.86 4.82 5.13 4.32 3.61 4.55 3.69 2.13 1.94 5.80

Previous 
MADSR 
map

2.41 3.04 4.59 4.83 4.87 5.14 4.32 3.61 4.55 3.70 2.13 1.94 6.53

H
am

ya
ng

Actual 
value 3.05 3.29 5.14 5.41 5.31 5.32 4.07 3.61 4.35 3.72 2.33 2.42 –

Proposed 
MADSR 
map

2.84 3.25 4.89 5.22 5.17 5.06 3.91 3.61 4.12 3.56 2.13 2.19 4.61

Previous 
MADSR 
map

2.84 3.25 4.87 5.20 5.15 5.06 3.87 3.60 4.12 3.55 2.13 2.17 4.88

U
iry

eo
ng

Actual 
value 3.26 3.16 5.05 5.54 4.89 5.00 4.62 3.69 4.36 3.73 2.36 2.71 –

Proposed 
MADSR 
map

2.99 3.27 4.91 5.44 4.97 4.99 4.41 3.75 4.35 3.69 2.19 2.53 3.29

Previous 
MADSR 
map

2.98 3.26 4.90 5.45 4.98 5.00 4.39 3.73 4.35 3.70 2.17 2.52 3.36

Note: where: MADSR stands for the monthly average daily solar radiation and MAPE stands for the 
mean absolute percentage error.

Figure  8 shows the classification level of the proposed and previous MADSR maps, 
resulting that the classification levels were determined to be 17 classes and 10 classes, 
respectively. As shown in the three target locations (i.e., Gochang-gun, Hamyang, and Ui-
ryeong), the classification levels in each region have improved from four classes (4.55–4.81) 
to 10 classes (4.19–5.01), from two classes (4.83–4.90) to three classes (4.83–5.01), and from 
two classes (4.85–4.95) to five classes (4.79–5.12), respectively. This is because while the 
previous MADSR map was developed using the MADSR data from the 78 locations, the 
proposed MADSR map was developed using the MADSR data from the 167 locations. As 
a result, in terms of the classification level, it was determined that the proposed MADSR 
map was superior to the previous MADSR map.
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Conclusions

The MADSR data need to be accurately measured or estimated in the early phases of 
projects so that the effectiveness of the PV system could be maximized. Based on these 
MADSR data, an accurate MADSR map could be developed, which can make it possible 
to make an intuitive decision for location. Towards this end, this study aimed to develop 
an MADSR map with improved estimation accuracy using the A-CBR, FEM, and krig-
ing method. This study was conducted in four steps: (i) step 1: data collection; (ii) step 2: 
estimation of the MADSR data in the 54 unmeasured locations using the A-CBR model; 
(iii) step 3: estimation of the MADSR data in the 89 unmeasured locations using the FEM 
model; and (iv) step 4: development of the MADSR map using the kriging method. The 
main findings could be summarized as follows:

 – (i) The study used the A-CBR model to estimate the MADSR data in the 54 unmea-
sured locations by considering the meteorological data collected from weather sta-
tions (i.e., the monthly average temperature, monthly average relative humidity, etc.) 
and the corresponding geographic data (i.e., the latitude and longitude). However, as 
it is too expensive to measure the actual MADSR data using the remote sensors, the 
actual MADSR data cannot be measured in all the sites. In South Korea, which was 
selected for the validation in this study, the MADSR data were actually collected in 
the limited locations of the 24 weather stations. To expand the number of the MADSR 

Fig. 8. Classification level of the proposed and previous MADSR maps (March in South Korea)
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data that could be used for developing the MADSR map, this study developed the 
FEM model to estimate the MADSR data in the unmeasured locations.

 – (ii) This study developed the FEM model to estimate the MADSR data in the 89 
unmeasured locations by considering the only geographic data (i.e., the latitude and 
longitude). As a result, based on the 167 MADSR data (i.e., the 24 measured MADSR 
data from weather stations, the 54 estimated MADSR data using the A-CBR model, 
and the 89 estimated MADSR data using the FEM model), this study developed the 
MADSR map.

 – (iii) This study analyzed the estimation accuracy to verify the feasibility of the pro-
posed MADSR map, which was conducted in two ways: (a) for the 24 measured 
MADSR data from weather stations that were used in developing the proposed 
MADSR map, it was determined that the proposed MADSR map was superior to the 
previous MADSR maps by 0.57% (= 1.29–0.72); and (b) for the three target locations 
(i.e., Gochang-gun, Hamyang, and Uiryeong) that were not used in developing the 
proposed MADSR map by 0.73% (= 6.53–5.80), 0.27% (= 4.88–4.61), and 0.07% (= 
3.36–3.29), respectively. In conclusion, it was determined that the proposed MADSR 
map was superior to the previous MADSR map in terms of the estimation accuracy 
and the classification level.

The proposed MADSR map could help final decision-makers to evaluate and maximize 
the effectiveness of the PV system in the early phases of projects by estimating the MADSR 
data in the unmeasured locations. In addition, the estimation results could be used to 
determine the optimal location for the installation of the PV system. In particular, it is 
expected to reduce the cost of measuring the actual MADSR data using the remote sensors. 
Meanwhile, the research framework proposed in this study could be extended to any other 
country or sector in the global environment. To do this, it is necessary to collect their own 
data on the geographic data and meteorological data, which could be collected from the 
government agency such as the meteorological administration.
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